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Introduction (Example: Observing multi-labels for images)

Multi-label Feature Selection

Multi-label = {𝒍𝟏, 𝒍𝟐, … , 𝒍 𝑳 }

redundant features

Irrelevant features

Selected Features
Street 

light
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Fig. 1

Fig. 2

Fig. 1 Fig. 2

Fig. 1  (spring, park)
Fig. 2 (winter, park)
Fig. 3 (winter, sea)

▪ Multi-label feature selection improves the classification performance of multi-label data by removing 
redundant and irrelevant features

Fig. 3

Fig. 3

: Requires only one

: Not applicable 

for classification
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Types of Multi-label Feature Selection

Wrapper method (Example: genetic algorithm) [1, 2, 3]

Generation of

individuals

Evaluation of 

individuals
Crossover Mutation

Classifier
▪ Fitness function calls (FFCs) spent, i.e., the 

number of times the classifier is used.

Filtering method (Example: mutual information measures) [4, 5, 6]

𝐼 𝑥, 𝑦 = 𝐻 𝑥 − 𝐻 𝑥 𝑦 = 𝐻 𝑦 − 𝐻(𝑦|𝑥)

▪ Mutual information measures: a method that measures two random dependent variables.

▪ An individual refers to a character string containing information on the 
selection/non-selection of a feature. For the earlier example, the selected 
individuals are expressed as depicted on the right.

(1)

▪ A string containing information 

on selection/non-selection of 

feature. (selected = 1, excluded = 0)

(1)
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Bench … Snow Sand

1 … 0 1
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Multi-label Feature Wrapper (Example: Single-population Genetic Algorithm)

Single-population genetic algorithm

Generation of 

initial population

Evaluation of 

individuals
Crossover Mutation

Single-population

𝒇𝟏 𝒇𝟐 𝒇𝟑 𝒇𝟒 𝒇𝟓 … 𝒇 𝑭

1 0 1 1 0 … 1

1 1 0 0 1 … 1

0 1 0 1 0 … 0

Features = {𝒇𝟏, 𝒇𝟐, … , 𝒇 𝑭 }

▪ Each row -> individuals
▪ Arbitrary individuals and 

populations are generated.
▪ selected = 1/ excluded = 0

▪ Design issue 1: Prevent premature convergence of population until the optimal solution is obtained

▪ Design issue 2: A structure that can quickly introduce important features to the population.

▪ Performance evaluation of individuals using 

classifiers (classifier examples: multi-label kNN, 

Naive Bayes).

Feature subset

Optimal

(1)

(1)

(2) (3) (4)

(2)

(3) ▪ Features of two different individuals are cross-

arranged to generate a new individual.

(4) ▪ The feature of random individual is changed 

from 0 to 1 or from 1 to 0.

1 0 0 1 1 … 1

Evaluation of 

individuals

(5)

(5)▪ The optimal feature 

subset (individuals) 

derived through learning 

is confirmed.

▪ Final performance 

evaluation of the 

experiment set.
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▪ Genetic algorithm method has been often used for solving feature selection problems as it provides 

good solutions based on randomness. 



Introduction of Multi-population : Preservation of Population Diversity

Multi-population genetic algorithm [7]

Individual evaluation 

/ crossover / mutation
MigrationDivided population

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟏
𝒕

Creation of a 

random 

population

Initial 

population

Individual evaluation 

/ crossover / mutation
MigrationDivided population

▪ Migration process

▪ Individuals having the best 

performance are 

exchanged between 

different populations.

▪ Multi-population genetic algorithms perform search by dividing the population into several independent populations. The advantage of this is 

that even if a certain population is converged prematurely, the remaining populations are unaffected.

▪ Feature set information of different populations are obtained through migration. Consequently, each population is naturally composed of 

various individuals.

(1)

(1)…

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝒏
𝒕

▪ nth population for 
generation, t.

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝒏
𝒕
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▪ Traditional genetic algorithms are weaker in preserving the diversity of populations due to the characteristics 

of single-population.



Introduction of Refinement : Strengthening Search Performance

▪ Traditional genetic algorithms have difficulty introducing features related to multi-labels.

▪ Refinement calculates the ranking of features by a separate calculation method and applies it to the existing individuals, to create new 

individuals.

▪ The refinement is generally applied to individuals having high performance rankings in a population. It displays superior performance 

compared to simple evaluation/crossover/mutation.

Introduction of Refinement [8, 9]
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Evolution algorithm: difficulty in fine-tuning

1 1 0 … 0 1

0 1 1 … 1 0

▪ Crossover & mutation process application: this method selects 

arbitrary crossover positions and features to create new 

individuals, and it has trouble fine-tuning based on randomness.

0 1 1 … 1 0

0 0 1 … 1 0

Crossover

Mutation

Multi-label = {𝒍𝟏, 𝒍𝟐, … , 𝒍 𝑳 }
Entire 

features

▪ Feature arrangement and feature extraction based on 

relevance with multi-labels.

▪ Refinement : inflow of features that are highly related to the 

labels of existing individuals of the population. 

Feature arrangement according to 

importance {𝒇𝟒𝟎, 𝒇𝟏𝟓, … , 𝒇𝟏𝟗}



Research Motivation

▪ The addition of refinement to multi-label feature selection utilizing multi-population genetic algorithm vastly improves performance, despite no 

related researches. 

▪ If refinement is applied to each population according to the conventional techniques, it is difficult to quickly preserve the diversity as the 

generation passes. Thus, an effective search is difficult.

▪ Therefore, a method to introduce refinement without losing the ability to preserve diversity is essential, which is an advantage of multi-

population genetic algorithms.

Problem
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Generation

Initial 

Population P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟏
𝒕

…

P𝐨𝐩𝐮𝐥𝐚𝐭𝐨𝐧𝒔𝟐
𝒕

…

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟒
𝒕

…

refinement

▪ The same refinement is applied to all populations.

Migration Migration



Proposed Method

▪ Refinement for migrated individuals is applied as an effective refinemnet method for the multi-label 

genetic algorithm.

Application of refinement to the migrated individuals between populations
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▪ The refinement is applied to the best-performing individual in one of the other population.

▪ The diversity of populations cannot be preserved as the individuals are not derived by the existing 

populations but by the independent populations.
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Generation

Initial 

Population P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟏
𝒕

…

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟐
𝒕

…

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟒
𝒕

…

Refinement

Migration Migration



Refinement in migration process

𝒇𝟏 𝒇𝟐 𝒇𝟑 𝒇𝟒 𝒇𝟓 … 𝒇 𝑭

1 0 1 1 0 … 1

1 1 0 0 1 … 1

0 1 0 1 0 … 0

1 0 0 1 1 ... 1

0 1 0 0 1 ... 1

0 1 0 1 0 ... 1

1 0 0 0 1 ... 1

The Proposed Algorithm’s Operation Process

P𝐨𝐩. 𝒔𝟐
𝒕−𝟏

P𝐨𝐩. 𝒔𝟑
𝒕−𝟏 Pop.𝒔𝒏

𝒕−𝟏 P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟏
𝒕−𝟏

0 1 0 0 1 ... 1

(1) ▪ The best-performing individual is selected from 

an arbitrary population.

1 0 0 1 0 ... 1

Individuals created through filters

#1

#2

(1)

(2) ▪ #1: Migrated individuals.

▪ #3, #4: Individuals created by #1 and #2.

Application 

of 

Crossover

#1

#3
#4

𝒇𝟏 𝒇𝟐 𝒇𝟑 𝒇𝟒 𝒇𝟓 … 𝒇 𝑭

1 0 1 1 0 … 1

1 0 0 0 1 ... 1

0 1 0 1 0 … 1

1 0 0 1 1 ... 1

Population𝒔𝟏
𝒕

#4
#3

(2)

(3)

(3)
▪ After one generation is completed, as many 

individuals are maintained as the size of the 

population.

Change of population
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Experimental Goals and Environment

▪ Multi-label Accuracy: The overall effect of 

the classifier is evaluated.

▪ Subset Accuracy: The proportion of 

accurately classified examples is evaluated.

▪ Hamming Loss: The proportion of 

incorrectly classified “instance–label” 

pairs is evaluated.

▪ One-error: The proportion of incorrectly 

classified “instance–label” pairs is 

evaluated for the top-level labels.

▪ Verify if the proposed algorithm performs better than 

algorithms of recent studies.

▪ Experimentally verify if the conventional refinement method 

reduces the diversity in multi-population genetic algorithm.

Experimental goals

Compared algorithms

▪ Bacterial Colony Optimization method with Multi-Dimensional Population 

(BCO_MDP) [12] : Swarm and Evolutionary Computation (2019)

▪ Tribe competition-based genetic algorithm (TCbGA) [10] : Applied Soft

Computing (2017)

▪ Enhanced multi-population niche genetic algorithm (EMPNGA) [11] : 

Expert Systems with Applications (2019)

▪ Classifier: Multi-Label Naïve Bayes (MLNB) [13]

Performance 

evaluation method

▪ Friedman test/critical value (α = 0.05) : 2.8451

▪ Bonferroni-Dunn test/CD refers to critical difference. A 

mean grade that deviates from the CD value indicates a 

better performance.

Verification method
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Experimental Environment & Data

CAU AutoML LAB

▪ 14 multi-label datasets

▪ Cross validation (8:2), 10 repeated 

experiments

Experimental environment & data

▪ Algorithm termination condition: terminate when the number of evaluations of 

individual FFC exceeds 300.

▪ refinement method: Generalized Information-Theoretic Criterion (GICS) for 

MLFS [10]
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Experimental Results (Evaluation Method: Mlacc & Setacc)
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Multi-label accuracy Subset accuracy



Experimental Results (Evaluation Method: Hloss & One-error)
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Hamming Loss One-error



Experimental Results (Evaluation Method: Bonferroni-Dunn test)

CAU AutoML LAB

Multi-label accuracy Subset accuracy

▪ CD indicated in the figure refers to critical distance. If the mean grade is not included in the CD values, 

it means that there is significant difference in performance.

▪ Bonferroni-Dunn test is a method of correcting errors that can occur in multiple comparisons. It adopts an alternative hypothesis by rejecting 

the null hypothesis when the probability of establishing the null hypothesis is low for the observation data in statistical inference.

14 / 17

Hamming loss One-error



Analysis

▪ The diversity of populations appears when the refinement is applied to the migration process or inside the population.

▪ In the experimental results, the proposed method maintains the diversity of populations, thus increasing the inflow 

probability of new features and consequently improving the performance.
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Conclusion & Contribution

Conclusion

• Refinement is applied to the multi-population genetic algorithm to improve the multi-label classification 

performance. 

• Refinement is a promising method, but the conventional methods do not preserve the diversity of populations, 

thereby causing a concern of decline in performance.

• To resolve this problem, the refinement for migrated individuals is applied.

• In the experimental results, the proposed method reveals a better performance than the compared algorithms for 

the 14 multi-label datasets.

Paper published during the degree course:

• Multi-population genetic algorithm for multi-label feature selection based on label 

complementary communication; Entropy, 2020, Co-author.
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Thank you.
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1:    Calculate the mean for each feature.

2:    Calculate the absolute value of difference for each individual with respect to the calculated means.

2-1: Repeat as many times as the number of individuals 

2-2: Repeat the above operation as many times as the number of features 

2-3: Add all the values derived through 2-1 / 2-2            The diversity of each population

3: Repeat the above process for every population and calculate the average by using the number of populations.

Appendix – Calculation of the Diversity of Populations

Calculation of the diversity of 

populations

Mean (𝒇𝟏) Mean (𝒇𝟐) Mean (𝒇𝟑) Mean (𝒇𝟒) Mean (𝒇𝟓) … Mean (𝒇 𝑭 )

( | Mean (𝒇𝟏) – number of individuals (𝒇𝟏) | ) 

( | Mean (𝒇𝟏~ 𝑭 ) – number of features (𝒇𝟏~ 𝑭 ) | ) 

Diversity of each population / Number of populations
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Appendix – refinement Process inside Populations

Refinement inside populations

𝒇𝟏 𝒇𝟐 𝒇𝟑 𝒇𝟒 𝒇𝟓 … 𝒇 𝑭

1 0 1 1 0 … 1

1 1 0 0 1 … 1

0 1 0 1 0 … 0

1 0 0 1 1 ... 1

0 1 0 0 1 ... 1

1 0 1 1 0 ... 1

1 0 0 1 0 … 1

P𝐨𝐩. 𝒔𝟐
𝒕−𝟏

P𝐨𝐩. 𝒔𝟑
𝒕−𝟏 P𝐨𝐩. 𝒔𝒏

𝒕−𝟏 P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟏
𝒕−𝟏

0 1 0 0 1 ... 1

(1) ▪ The best-performing individual is selected in an 

arbitrary population.

1 0 0 1 0 ... 1

Individuals created through filters

#1

#2

(1)

(2) ▪ #1: Migrated individuals.

▪ #3, #4: Individuals created by #B and #2.

#1

#3
#4

𝒇𝟏 𝒇𝟐 𝒇𝟑 𝒇𝟒 𝒇𝟓 … 𝒇 𝑭

1 0 1 1 0 ... 1

1 1 0 0 1 … 1

0 1 0 1 0 … 0

1 0 0 1 1 ... 1

P𝐨𝐩𝐮𝐥𝐚𝐭𝐢𝐨𝐧𝒔𝟏
𝒕

#3

(2)

(3)

(3)
▪ After one generation is completed, as many 

individuals is maintained as the size of the 

population.

#B

Application 

of 

Crossover

Change of Population
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Appendix – Experimental Results (Evaluation Method: One-Error)
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Appendix – Experimental Results (Evaluation Method: Multi-label Accuracy)
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Appendix – Experimental Results (Evaluation Method: Subset Accuracy)
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Appendix – Experimental Results of Population Diversity

▪ An experiment that compares the diversity of population between the proposed algorithm and the comparison algorithm.

▪ The comparison algorithm applies the refinement to the inside of the population.
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Appendix – Experimental Results of Population Diversity
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▪ An experiment that compares the diversity of population between the proposed algorithm and the comparison algorithm.

▪ The comparison algorithm applies the refinement to the inside of the population.



Appendix – Experimental Results of Population Diversity
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▪ An experiment that compares the diversity of population between the proposed algorithm and the comparison algorithm.

▪ The comparison algorithm applies the refinement to the inside of the population.



Appendix – Experimental Results of Population Diversity
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▪ An experiment that compares the diversity of population between the proposed algorithm and the comparison algorithm.

▪ The comparison algorithm applies the refinement to the inside of the population.



Appendix – Experimental Results of Population Diversity
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▪ An experiment that compares the diversity of population between the proposed algorithm and the comparison algorithm.

▪ The comparison algorithm applies the refinement to the inside of the population.



Appendix – Experimental Results of Population Diversity
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▪ An experiment that compares the diversity of population between the proposed algorithm and the comparison algorithm.

▪ The comparison algorithm applies the refinement to the inside of the population.



Appendix

Multi-label accuracy Subset accuracy

▪ Performance comparison of the refinement application methods

CAU AutoML LAB 29 / 17



Appendix

Hamming loss One-error
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▪ Performance comparison of the refinement application methods



Appendix

▪ In the figures, a boxplot for each refinement application is depicted to compare their performances.

▪ Since the input values of the boxplot are a matrix, the mark at the center of each box represents the median, and the lower 

and upper edges of the box represent the 25th percentile and the 75th percentile, respectively.

▪ The whisker extends to the maximum or minimum data points, which is not regarded as an outlier. (The outlier floats 

individually utilizing the + symbol).
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