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STM Optimization periments Compariso on Benchmaks

~ Problem

® Datasets ® Settings

A\ SIFT descriptors on predetermined facial landmarks
A\ Leave-one-subject-out protocol

® CK+ [5]

® Individual differences impair generalizability
A Train and test on the same subject

® Objective ® Alternative Convex Search [4]
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H. 1 =K + 20KSI’K ® Comparison with Person-Specific (PS) classifiers AU [SVM KMM T-SVM DA-SVM STM|SVM KMM T-SVM DA-SVM STM

training/testing distribution mismatch

A Test on a new subject
&— Generic classifier
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<—Selective Transfer
Machine (proposed)
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| <\Ideal classifier Person bias:

) 1) age

X 2) behaviour
3) ethnicity
4) gender
5) pose

6) ...

Test subject

® Challenges
A Appearance across subjects
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A Domain mismatch (KMM [1]):

0u(X X) =23 i)~

Training data
Test data
True polynomial fitting |
OLS fitting training data
WOLS by train/test ratio
WOLS by KMM

Ideal fitting test data

® Comparison with existing methods

Instance Weight

Methods

Convergence

A Minimize over S

min 15 Ks - (Cﬁp—n)Ts

s 2 A
s.t. 0<s; <B,ng(l—e¢)

si < ner(1+€).
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Algorithm 2: Alternate Convex Search Algorithm

Step 1: Choose a starting point z < (wgq,sg) € H;
Set t + 0;

while not converged do

Step 2: Solve for fixed s; the convex optimization
problem: w; 1 < miny{f(w,s;),w € Hg, };

Step 3: Solve for fixed w; the convex optimization
problem: s;y; < ming{ f(W¢y1,8),s € Hy, , }
Step 4: Set i1 (Wt_|_1, St_|_1);

Set t +— t+ 1;

end

® Synthetic example
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A PS1: train/test are separate data of the same subject
A PS2: training subjects include the test subject
(i.e., the same protocol as the quasi-PS [6])
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® Selection ability of STM
A Experiment PS2 protocol on GEMEP-FERA [6]
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® GEMEP-FERA [6]

/\ 87 videos from 7 trained actors

/\ 40~110 frames/video
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® RU-FACS [7]

' A 29 interview videos from 29 subjects
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