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1. Introduction

B We investigate Cross-Database Micro-Expression Recognition (CDMER), in which the labeled training and unlabeled testing samples belong to
different micro-expression databases.

B Cross-Database Micro-Expression Recognition (CDMER) faces two obstacles: 1) The severe feature distribution gap between the training and test
databases, 2) The feature representation bottleneck of micro-expression such local and subtle facial expression, which requires professional knowledge.

B To cope with this challenging problem, we propose a new Transfer Group Sparse Regression (TGSR) method based on facial region selection.

2. Proposed Method — Basic Idea

This paper adopts the facial region selection method to seek the salient regions from the whole face to

B promote a more precise measurement of the difference between the source and target databases by the operations in the feature level to alleviate
this difference better,

B improve the extracted hand-crafted feature to become more effective and explicable for better COMER.
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4. Source database (N samples)
e i-th facial block’s feature is denoted by X; € R4*Ns;
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The problem can be rewritten into

.+ j-th sample’s label is denoted by one-hot vector I§ = [15,, -, 15.]" which only IS,
equals to 1, indicating that sample belong to this category;
* The label is denoted by L® = [I§, -, I}, | € R“*Ms, C is class number.

5. Target database (N, samples)
e i-th facial block’s feature is denoted by X: € R%*Nt;
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« Database’s feature is denoted by Xt = [XﬁT, ---,X%T] € RKAXNg,
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Then we introduce a new variable, D = [DT,---,D%] , which

equals C = [CLT wee CE]T, thus the optimization of Equ. (2) can be
converted in to Equ. (3)
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Algorithm 1: The algorithm to solve the optimal regression matrix € in TGSR model.

We first extract the feature xt¢ € RX4 of the micro-

~ o~ ~ ~mqT . .
Input: L, X = [X],---, Xj| , salient region number «, scalar parameter p and max express to be predicted, then we can predict its label

®|nitializing the regression matrix C = [CT, C}]T, the Lagrangian multiplier matrix vector I*¢ by solving the optimization problem as Equ.(8)
P = [PT,---,Pﬁ]T, and trade-off coefficient p. = -
. . min lte _ C! xt;e ,
Repeating step 1) to 4) until convergence. jte _ ! (8)
(1) Fix C, P,y and update D : D = (ulyq + 2XX7) " (2XLT + P + pC) =t F

s.t. 1 >0; 171t =1,

(2) Fix D, P, u and update C : Calculate d; = ||D,; — ﬂ|| , and sort the value of d;, such A
“TF where C; € R**¢ is the solved regression matrix of i-th

thatd; =d;, =---=>d;,,Letd=ud then update C according to

: ikﬂ/{ facial spatial local region, and €T =|[CT,---,C%],CT €
d; ~ P\ A R¢*Kd Jte € RC. Then we can use Equ.(9) to assign its
B T (D,; ——), — < d; micro-expression label to the largest entry index of the
Ci=4q # i predict label vector, i.e., micro-expression category ¢.
0, . > d, ¢ = arg maxj{l;e} (9)
\

(3) UpdatePand pu: P =P + u(D — C), 1 = min(pl, Umax)-
(4) Check the convergence of || C — D ||,< €.
Output: The solved € of regression matrix C.

4. Experiments and Results
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demonstrate that TGSR outperforms most state-
of-the-art domain adaption methods for CDMER.
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