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Problem

® Facial Action Unit (AU) detection

AU6+12

® Observations

(1) AUs describe region-based muscle movements; there are local

dependencies between features.

(2) The combinations of AUs produce basic expressions;there are

co-occurence and competition between AUs.
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® Objectives

(1) Identify discriminative patch subset for each AU (patch learning)
(2) Incorporate AU relations into model learning (multi-label learning)
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patch learning
min L(W.D) + aQA(W) + (W, X)
multi-label learning
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Multi-label Learning (ML)

Patch Learning (PL)

® Model ® Observed AU relations
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® Joint solution with ADMM:

min L(Wl, D) -+ &Q(W1)+ \IJ(WQ, X)
Wi, Wy

S.t. W1 — W2
A Algorithms

Algorithm 1 Patch learning (PL) Algorithm 2 Multi-label learning (ML)
Input: Training data D= {(x;,y;)},~;, ML matrix W2, Lagrange Input: Training data D ={(x;,y:)},—1, PL matrix W, Lagrange

multiplier of ADMM p and U, learning rate 77;, and penalty multiplier of ADMM p and U, learning rate 72, penalty param-
parameter . eter B2, and accuracy con}gro}D parameter gt
Output: PL matrix W€ RP*% with sparse groups of rows. Output: ML matrix Wy e R™*.
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A Convergence of patch learning
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#* The difference of correlation coefficent between (c) and (d) is 0.51, and that between (c) and (e) is 0.15
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Experiments

® Settings

A SIFT descriptor on pre-determined 49 facial landmarks
A Leave-one-subject-out protocol

® Metrics

® Methods
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