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 Micro-Expression Recognition (MER) is widely used in various 
subjects.

I. Introduction

Xingxun Jiang et al. Seeking Salient Facial Regions for Cross-Database Micro-Expression Recognition, ICPR22
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Polygraph Social Interaction Education and health

Practical MER required to be used in different domains, i.e., recognizing 

ME captured by various equipment from various subjects and scenes. 

=> Practical application need a domain-robust MER model.



 Cross-Database Micro-Expression Recognition (CDMER)

I. Introduction
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SMIC-HS SMIC-VIS SMIC-NIR CASME II

CDMER: evaluating the model’s adaptive ability operated by training the model 

in one database (source database) and testing in t he other (target database).

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.



 Facial Region Selection Strategy

I. Introduction
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Selecting the salient ME regions conformed to 

anatomical definition (Facial Action Unit) for better 

CDMER.

1) 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.

2) Improve the extracted hand-crafted feature to 

become more effective and explicable for better 

MER.
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 Extracting hierarchical micro-expression feature by grid-
based multi-scale spatial division scheme

II. TGSR Method – Feature Generation

8

1. A face is split into 𝐾 local sequence (block);

2. Each spatial block: 𝑑 dim feature 𝒙𝑘 ;

3. Each micro-expression: 𝒙𝜈 = 𝒙1
T, ⋯ , 𝒙𝐾

T T
∈ ℝ𝐾𝑑 ;

4. Source database (𝑁𝑠 samples)

• i-th facial block’s feature is denoted by 𝑿𝑖
𝑠 ∈ ℝ𝑑×𝑁𝑠;

• Database’s feature is denoted by 𝑿𝑠 = 𝑿1
𝑠T , ⋯ , 𝑿𝐾

𝑠T
T
∈ ℝ𝐾𝑑×𝑁𝑠;

• j-th sample’s label is denoted by one-hot vector 𝒍𝑗
𝑠 = 𝑙𝑗,1

𝑠 , ⋯ , 𝑙𝑗,𝐶
𝑠 T

which 

only 𝑙𝑗,𝑐
𝑠 equals to 1, indicating that sample belong to this category;

• The label is denoted by 𝑳𝑠 = 𝒍1
𝑠 , ⋯ , 𝒍𝑁𝑠

𝑠 ∈ ℝ𝐶×𝑁𝑠, 𝐶 is class number.

5. Target database (𝑁𝑡 samples)

• i-th facial block’s feature is denoted by 𝑿𝑖
𝑡 ∈ ℝ𝑑×𝑁𝑡;

• Database’s feature is denoted by 𝑿𝑡 = 𝑿1
𝑡T , ⋯ , 𝑿𝐾

𝑡T
T
∈ ℝ𝐾𝑑×𝑁𝑡.
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 Transfer Group Sparse Regression Method

II. TGSR Method – Proposed Method
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Note:

1. 𝑪𝑖 ∈ ℝ𝐶×𝑑 is such a domain-invariant regression matrix to bridge the feature of

the i-th facial region from the source database and corresponding label; 𝑪𝑖 is also

shared with the source and target databases.

2. 𝑪 = 𝑪1
T, … , 𝑪𝐾

T T
∈ ℝ𝐾𝑑×𝐶 is the regression matrix, which is made of sub-

matrix 𝑪𝑖 to regress i-th facial local sequence.

① promote a more precise measurement of the feature different between the

source and target databases in the label space to effectively alleviate this

difference.

② improve the extracted hand-crafted feature to become more effective and

explicable for better MER.

min𝑪𝑖 𝑳𝑠 −

𝑖=1

𝐾

𝑪𝑖
T𝑿𝑖

𝑠

𝐹

2

+ 𝜉
1

𝑁𝑠
∑𝑖=1
𝐾 𝑪𝑖

T𝑿𝑖
𝑠𝟏𝑠 −

1

𝑁𝑡
∑𝑖=1
𝐾 𝑪𝑖

T𝑿𝑖
𝑡𝟏𝑡

𝐹

2

+ 𝜆∑𝑖=1
𝐾 𝑪𝑖 𝐹

②①

(1)



 Solved by ADM and IALM

II. TGSR Method – Optimization
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The problem can be rewritten into 

min𝑪𝑖
෨𝑳 −

𝑖=1

𝐾
𝑪𝑖
T෩𝑿𝑖

𝐹

2
+ 𝜆

𝑖=1

𝐾

∥ 𝑪𝑖 ∥𝐹, 

where ƿ𝑳 = 𝑳𝑠, 𝟎 , ƿ𝑿𝑖 = 𝑿𝑖
𝑠, 𝜉

1

𝑁𝑠
𝑿𝑖
𝑠𝟏𝑠 −

1

𝑁𝑡
𝑿𝑖
𝑡𝟏𝑡 .

(2)

Then we introduce a new variable, 𝑫 = 𝑫1
T, ⋯ , 𝑫𝐾

T T
, which equals 𝑪 =

𝑪𝑖
T, ⋯ , 𝑪𝐾

T T
, thus the optimization of Equ. (2) can be converted in to Equ. (3)

Γ 𝑪𝑖 , 𝑫𝑖 , 𝑷𝑖 , 𝜇 = ෨𝑳 −
𝑖=1

𝐾
𝑫𝑖
T෩𝑿𝑖

𝐹

2
+ 𝜆∑𝑖=1

𝐾 ∥ 𝑪𝑖 ∥𝐹 + ∑𝑖=1
𝐾 t r 𝑷𝑖

T 𝑪𝑖 − 𝑫𝑖 +
𝜇

2
∑𝑖=1
𝐾 ∥ 𝑪𝑖 − 𝑫𝑖 ∥𝐹

2 , (3)

where 𝑃𝑖 ∈ ℝ𝑑×𝐶 denotes the Lagrangian multiplier matrix corresponding to the 
𝑖-th facial spatial local block sequence, and 𝜇 is the given trade-off coefficient.



 Solved by ADM and IALM

II. TGSR Method – Optimization
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To learn the optimal 𝑪𝑖, we only need to minimize the Lagrange function of Equ. (3) 

while iteratively update 𝑪𝑖 and 𝑫𝑖.

1. Fix 𝑪, 𝑷, 𝜇 and update 𝑫 :

In this step, the optimization problem with respect to the sub-matrix 𝑫𝑖 of 𝑫
can be written as Equ. (4), then solve its solution.

2. Fix 𝑫,𝑷, 𝜇 and update 𝑪 :

min
𝑫

෨𝑳 − 𝑫T෩𝑿
𝐹

2
+ t r ൯𝑷T(𝑪 − 𝑫 +

𝜇

2
𝑪 − 𝑫 𝐹

2 ,

where 𝑷T = 𝑷1
T, ⋯ , 𝑷𝐾

T , 𝑷 ∈ ℝ𝐾𝑑×𝐶 , 𝑷𝑗 ∈ ℝ𝑑×𝐶.

In this step, the optimization problem with respect to the sub-matrix 𝑪𝑖 of 𝑪
can be written as Equ. (5), then solve its solution.

(4)

min
𝑪𝑖

𝜆∑𝑖=1
𝐾 ∥ 𝑪𝑖 ∥𝐹 + ∑𝑖=1

𝐾 t r 𝑷𝑖
T 𝑪𝑖 − 𝑫𝑖 +

𝜇

2
∑𝑖=1
𝐾 ∥ 𝑪𝑖 − 𝑫𝑖 ∥𝐹

2 .
(5)

We can convert Equ. (5) into Equ. (6), then solve its solution,

min
𝑪𝑖

∑𝑖=1
𝐾 𝜆

𝜇
∥ 𝑪𝑖 ∥𝐹 +

1

2
∥ 𝑪𝑖 − 𝑫𝑖 −

𝑷𝑖

𝜇
∥
𝐹

2
.

(6)

3. Update 𝑷 and 𝜇.

4. Check the convergence of ∥ 𝑪 − 𝑫 ∥∞< 𝜀 (7)



 More details of the algorithm to solve the Equ.(3) for TGSR. 

II. TGSR Method – Optimization
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Algorithm 1：The algorithm to solve the optimal regression matrix 𝑪 in TGSR model.

Input： ƿ𝑳, ƿ𝑿 = ƿ𝑿1
T, ⋯ , ƿ𝑿𝐾

T T
, salient region number 𝜅 , scalar parameter 𝜌 and 𝜇max.

Initializing the regression matrix 𝑪 = 𝑪1
T, ⋯ , 𝑪𝐾

T T
, the Lagrangian multiplier matrix 

𝑷 = 𝑷1
T, ⋯ , 𝑷𝐾

T T
, and trade-off coefficient 𝜇.

Repeating step 1) to 4) until convergence.

(1) Fix 𝑪, 𝑷, 𝜇 and update 𝑫 : 𝑫 = 𝜇𝑰𝐾𝑑 + 𝟐 ƿ𝑿 ƿ𝑿T −1
(𝟐 ƿ𝑿 ƿ𝑳T + 𝑷 + 𝝁𝑪)

(2) Fix 𝑫,𝑷, 𝜇 and update 𝑪 : Calculate 𝑑𝑖 = 𝑫𝑖 −
𝑷𝑖

𝜇 𝐹
, and sort the value of 𝑑𝑖, such 

that 𝑑𝑖1 ≥ 𝑑𝑖2 ≥ ⋯ ≥ 𝑑𝑖𝐾, Let 𝜆 = 𝜇𝑑𝑖𝜅+1, then update 𝐶 according to

𝑪𝑖 =

𝑑𝑖 −
𝜆
𝜇

𝑑𝑖
𝑫𝑖 −

𝑷𝑖

𝜇
,

𝜆

𝜇
< 𝑑𝑖

𝟎,
𝜆

𝜇
≥ 𝑑𝑖

(3) Update 𝑷 and 𝜇 : 𝑷 = 𝑷 + 𝜇 𝑫 − 𝑪 , 𝜇 = min 𝜌𝜇, 𝜇max .

(4) Check the convergence of ∥ 𝑪 − 𝑫 ∥∞< 𝜀.

Output: The solved ƶ𝑪 of regression matrix 𝑪.



 Recognizing micro-expression using solved regression matrix. 

II. TGSR Method – Application for CDMER
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We first extract the feature 𝒙𝑖
𝑡𝑒 ∈ ℝ𝐾𝑑 of the micro-express to be predicted, 

then we can predict its label vector 𝒍te by solving the optimization problem as 

Equ.(8)

min
𝑙𝑡𝑒

𝒍𝑡𝑒 −

𝑖=1

𝐾

ƶ𝑪𝑖
T𝒙𝑖

𝑡𝑒

𝐹

2

,

s.t. 𝒍𝑡𝑒 ≥ 0 ; 𝟏T𝒍𝑡𝑒 = 1,

(8)

where ƶ𝑪𝑖 ∈ ℝ𝑑×𝐶 is the solved regression matrix of 𝑖-th facial spatial local

region, and ƶ𝑪T = ƶ𝑪1
T, ⋯ , ƶ𝑪𝐾

T , ƶ𝑪T ∈ ℝ𝐶×𝐾𝑑, 𝒍𝑡𝑒 ∈ ℝ𝐶. Then we can use Equ.(9) to

assign its micro-expression label to the largest entry index of the predict label

vector, i.e., micro-expression category ƶ𝑐.

ƶ𝑐 = argmax𝑗 𝒍𝑗
𝑡𝑒 (9)
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III. Experiment – Experimental Setup
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 Database: Selected CASME II, SMIC;

Selected CASME II: Selected 4 category micro-expression to merge into 3 

category; (Positive: Happiness), (Negative: Disgust, Repression), (Surprise: 

Surprise)

SMIC: Positive, Negative, Surprise

TYPE-I:  (Exp.1~Exp.6)   between every two subsets of SMIC. 

TYPE-II: (Exp.7~Exp.12) between Selected CASME II and every subset of SMIC.

𝑀𝑎𝑐𝑟𝑜 − 𝐹1 =
1

𝐶


c=1

𝐶
2𝑝𝑐𝑟𝑐
𝑝𝑐 + 𝑟𝑐

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇

𝑁

Use Temporal Interpolation Model to fix each micro-expression sequence in to 

16 frames; Then resize them into 112×112 pixels.

Use grid-based multi-scale spatial division scheme to divide the whole face 

into 1×1, 2×2, 4×4, 8×8, four scales totally 𝐾 = 85 local facial sequence to 

extract and concatenate corresponding LBP-TOP features to serve as micro-

expression representation.

MMD coefficient 𝜉 ∈ [0.001: 0.0002: 0.01 0.01: 0.002: 0.1 0.1: 0.02: 1 1: 0.2: 10

10: 2: 100 100: 20: 1000], salien region number 𝜅 ∈ 1: 1: 85 ;

 Protocol: 

 Evaluation Metrics: 

 Implementation Details: 



 Results on TYPE-I (Exp.1~6) and TYPE-II (Exp.7~12) Experiment

III. Experiment – Results and Analysis
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Outperform those state-of-the-art methods on beyond half tasks.



 Results on TYPE-II Experiment

III. Experiment – Results and Analysis
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1. Domain adaption tricks can promote method performance: [SVM]=>[IW-SVM].

2. TYPE-I generally perform better than TYPE-II: the tasks themselves cause it.

3. Experiment exchanging the source and target database has an obvious 

performance gap: 

 Exp.1   (H->V) outperform than Exp.2   (V->H) : high-speed camera 

 Exp.3   (H->N) outperform than Exp.4   (N->H) : color information

 Exp.11 (C->N) outperform than Exp.12 (N->C) : color info & database gap



 Discussing the hyper-parameter of salient facial region 𝜅

III. Experiment – Hyper-parameter Discuss 
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Salient facial regions

for CDMER are

exiguous and valuable

feature may be

drowned.



 Discussing the hyper-parameter 𝜉 of MMD term

III. Experiment – Hyper-parameter Discuss 
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MMD terms to improve

model performance

across a wide range of

hyper-parameter 𝜉.



 Competitive and Explicable Feature Learning

III. Experiment – Visualization
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TGSR achieved a competitive performance by learning an explicable feature.

TGSR focuses on salient areas with apparent muscle movement, i.e., eye

corners, mouth corners, which consistent with the micro-expression definition in

anatomy.
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 We propose a novel TGSR method.

 TGSR seeks and selects the salient facial regions by learning a shared
binary sparse regression matrix between the source and target
databases.

 TGSR promotes a more precise measurement for better alleviating the
feature difference between the source and target databases in the
label space.

 TGSR improves the extracted hand-crafted feature to become more
effective and explicable for better MER.

 We conduct experiments on CASME and SMIC databases.

 Experiments and visualizations demonstrate that TGSR effectively
learns well-designed features and outperform most state-of-the-art
subspace-learning based domain adaption methods for CDMER.

Conclusion

22
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