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Overview:..
•  Goal:&NonArigid&face&alignment&in&unseen&images.&
•  The&Constrained&Local&Models&(CLM):&combine&a&set&of&local&detectors&and&a&global&op)miza)on&strategy&that&constrains&the&

feature&points&to&be&in&the&subspace&spanned&by&a&linear&shape&model&(Point&Distribu)on&Model&A&PDM).&
•  CLM&two&step&fiVng&approach:&&

•  (1)&Local&search&using&the&detectors&(likelihood&map&for&each&landmark).&
•  (2)&Global&op)miza)on&strategy&that&es)mates&the&shape&parameters&that&jointly&maximize&all&the&detec)ons.&

•  New&constrained&clustering&stage&designed&to&learn&mul)ple&sets&of&local&detectors&per&landmark.&
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CLM:.Shape.(PDM).and.Local.Detectors.
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The.Alignment.Goal.

MulFple.Local.Detectors..

Given&a&shape&observa)on&(y),&find&the&op)mal&set&of&shape&(b)&
and&pose&parameters&that&maximize&the&posterior&probability&&
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Posterior.DistribuFon. EvaluaFon.).FiIng.Performance.Curves.

QualitaFve.Results.).Labeled.Faces.in.the.Wild.(LFW).
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Learning.MulFple.Local.Detectors.

Inference&by&a&Linear&Dynamic&System&(LDS).
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Correla)on&in&Fourier&Domain&
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Local.Detector.(MOSSE).
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•  (b)&shape&and&(q)&pose&parameters&
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Likelihood&from&the&local&detectors& Prior&from&the&PDM&

Uncertainty&Covariance&&Observed&shape&(y)&
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Likelihood& Prior&

Mul)ple&Response&Maps&

Solve&(for&each&landmark&i)&using&a&two&step&approach:&
A&Ini)al&clustering&by&kAmeans&
① Build&basic&detectors&using&the&current&clustering&es)mate&
② Move&samples&to&the&cluster&with&highest&correla)on&&
A&Repeat&un)l&no&more&samples&change&&
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MOSSE&Filter&

Combining&Mul)ple&Detec)ons&
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Constrained.Clustering..

M&A&clusters&&
N&A&examples&
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Sampled&Region&

MOSSE&Filter&


