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Traditional Supervised Learning

 Input space: represented by a single instance (feature vector) 

characterizing its properties

 Output space: associated with a single label characterizing its 

semantics

Basic assumption

real-world object has unique labeling
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Multi-Label Objects

Sunset

Clouds

Trees

Countryside

……
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Multi-Label Objects

Metabolism

Transcription

Protein 
synthesis

……
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Multi-Label Objects

Multi-label objects are ubiquitous !

Piano

Classical music

Mozart

……

Austria
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Multi-Label Learning (MLL)

object

instance

label

label

label

…
…

…
…

…
…

Multi-Label Learning (MLL)
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Formal Definition of MLL

Settings

d-dimensional feature space

label space with q labels

Inputs

training set with m examples

is a d-dimensional feature vector

is the label set associated with

Outputs

multi-label predictor
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Binary Relevance (BR) [Boutell et al., PRJ04]

The most intuitive solution to MLL

decompose MLL into q independent binary problems

for j=1 to q do

end

Generate the binary training set from     ;

(MLL training set)

Train binary classifier: 
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Binary Relevance (BR) [Boutell et al., PRJ04]

The most intuitive solution to MLL

decompose MLL into q independent binary problems

for j=1 to q do

end

Generate the binary training set from     ;

(MLL training set)

Train binary classifier: 

Pros: 
conceptually simple, efficient and easy to 
implement

Cons: 
label correlations totally ignored
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Major Challenge – Huge Output Space

features label sets

input space output space

The MLL Mapping

Exponential 
number of 
possible 
label sets !

q=5 32 label sets

q=10 ~1k label sets

q=20 ~1M label sets

……

Common Strategy

Exploiting Label Correlations

e.g.: An image labeled as lions and grassland

would be likely annotated with label Africa
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Endow BR with Label Correlations (1)

Chaining-style methods
[Read et al., ECML PKDD’09/MLJ11; Dembczyński et al., ICML’10/ECAI’12; Kumar 

et al., ECML PKDD’12; Senge et al., Gfkl’13; Li & Zhou, MCS’13; Mena et al., MLJ17]

Step I: Specify a chaining order over all the class labels

Step II: Induce one binary classifier for each label along the

chain, by treating preceding labels as extra features

Random correlations among labels
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Endow BR with Label Correlations (2)

Stacking-style methods
[Godbole & Sarawagi, PAKDD’04; Tsoumakas et al., MLD’09; Zhang & Zhou, 

KDD’10; Montañes et al., PRJ14; Loza Mencía et al., MLJ16]

Step I: Invoke the standard BR procedure

Step II: Induce one binary classifier for each label, by

treating BR classifiers’ outputs as extra features

Full-order correlations among labels
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To Enhance BR…

Necessary
Exploiting 

Label Correlations

But Not 
Sufficient

Two Inherent Properties

 Class-imbalance

 Relative Labeling-
importance



Min-Ling Zhang May 27, Jinan, IWPR’18

Outline

 Multi-Label Learning (MLL) 

 Binary Relevance for MLL

 Our Recent Studies

 Towards Class-Imbalance Aware MLL

 Leverage Relative Labeling-Importance for MLL

 Conclusion



Min-Ling Zhang May 27, Jinan, IWPR’18

Towards Class-Imbalance 

Aware Multi-Label Learning
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Class-Imbalance for MLL

An inherent property for MLL: class-imbalance
For each class label

the set of positive training examples w.r.t.

the set of negative training examples w.r.t.

(imbalance ratio)

For the rcv1 data set (with 42 class labels), we have:

minimum ImRj (                            ): >3

average ImRj (                            ): >15

maximum ImRj (                            ): >50
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Existing Approaches Towards Class-

Imbalance MLL
 Over-sampling/Under-sampling

apply over-sampling/under-sampling 

techniques [Spyromitros-Xioufis et al., IJCAI’11] 

[Tahir et al., PRJ12] [Charte et al., KBS15]

Binary Decomposition

Decompose MLL into q

independent binary 

learning problems

+
 Parameter tuning

optimizing the classification threshold 

[Fan & Lin, TechReport07] [Quevedo et al., PRJ12] 

[Pillai et al., PRJ13]

 Optimizing imbalance-specific metric

optimizing the F-measure [Petterson & 

Caetano, NIPS’10] [Dembczyński et al., ICML’13]
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Existing Approaches Towards Class-

Imbalance MLL
 Over-sampling/Under-sampling

apply over-sampling/under-sampling 

techniques [Spyromitros-Xioufis et al., IJCAI’11] 

[Tahir et al., PRJ12] [Charte et al., KBS15]

Binary Decomposition

Decompose MLL into q

independent binary 

learning problems

+
 Parameter tuning

optimizing the classification threshold 

[Fan & Lin, TechReport07] [Quevedo et al., PRJ12] 

[Pillai et al., PRJ13]

 Optimizing imbalance-specific metric

optimizing the F-measure [Petterson & 

Caetano, NIPS’10] [Dembczyński et al., ICML’13]

Ignoring Label 
Correlations!
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The COCOA Approach

Cross-coupling class-imbalance learner aggregation+

Basic Strategy

Cross-coupling each 

label with other labels 

Generate multi-class 

imbalance classifier

Training Phase

Aggregate classifiers’ 

outputs for each label

Predict by querying 

aggregation results

Testing Phase
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Training Phase

For each class label             , induce a real-valued function

by cross-coupling with other class labels

suppose                    is chosen to couple with     , a four-class 

training set         can be derived from      as follows: 

is determined by the joint assignment of 

and       w.r.t. 
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Training Phase – Cont’d

WLOG, suppose positive examples correspond to the minority class

For         , the first class                                 would be largest 

and the fourth class                                     would be smallest

The worst imbalance ratio would roughly 

turn into ImRj*ImRk

Merge
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Training Phase – Cont’d

four-class to

tri-class

Merge
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Training Phase – Cont’d
for j=1 to q do

end

Draw a random subset                            containing K class labels;
for do

end

Form the tri-class training set          ;

Multi-class 

imbalance learner



Min-Ling Zhang May 27, Jinan, IWPR’18

Testing Phase
for j=1 to q do

end

Draw a random subset                            containing K class labels;
for do

end

Form the tri-class training set          ;

Multi-class 

imbalance learner

for j=1 to q do

end

predictive confidence that      has 

positive assignment w.r.t.

threshold obtained by optimizing 

empirical F-measure w.r.t. 
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Testing Phase
for j=1 to q do

end

Draw a random subset                            containing K class labels;
for do

end

Form the tri-class training set          ;

Multi-class 

imbalance learner

for j=1 to q do

end

predictive confidence that      has 

positive assignment w.r.t.

threshold obtained by optimizing 

empirical F-measure w.r.t. 

Label 
Cross-Coupling

Class-Imbalance 
Learner 

Aggregation
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Experimental Setup – Data Sets

Thirteen benchmark multi-label data sets

 average imbalance ratio ranges from 2.146 to 17.857

 ten times of random train/test splits (50%/50%) + pairwise t-test

 imbalance-specific metrics: (macro-averaging) F-measure and AUC
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Experimental Setup – Comparing Algorithms

COCOA :

Second Series

ML-KNN: First-order approach [Zhang & Zhou, PRJ07]

CLR: Second-order approach [Fürnkranz et al., MLJ08]

ECC: High-order approach [Read et al., MLJ11]

RAKEL:

Well-established MLL learning algorithms

High-order approach [Tsoumakas et al., TKDE11]

USAM: under-sampling

SMOTE: over-sampling

First Series

RML: optimizing F-measure [Petterson & Caetano, NIPS’10]

Binary decomposition + imbalance learning techniques

USAM-EN, SMOTE-EN:

ensemble version
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Experimental Results – F-measure
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Experimental Results – F-measure

COCOA significantly outperforms the 
first series of comparing algorithms 
in 46.2% (RML), 76.9% (SMOTE, 
SMOTE-EN), 84.6% (USAM-EN) and 
92.3% (USAM) cases

COCOA significantly outperforms or is 

at least comparable to the second 

series of comparing algorithms
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Experimental Results – AUC
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Experimental Results – AUC

COCOA significantly outperforms the 

first series of comparing algorithms 

in all cases

COCOA is outperformed by CLR in only 

two cases, and achieves superior or 

at least comparable performance in 

the rest cases



Min-Ling Zhang May 27, Jinan, IWPR’18

Experimental Results – Further Analysis

H-axis: Level of imbalance ratio

V-axis: Performance gain between COCOA and the comparing algorithm
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Experimental Results – Further Analysis

H-axis: Level of imbalance ratio

V-axis: Performance gain between COCOA and the comparing algorithm

performance advantage 
of COCOA is more 

pronounced as the 
imbalance ratio increases



Min-Ling Zhang May 27, Jinan, IWPR’18

Leverage Relative Labeling-

Importance for Multi-Label Learning
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Labeling-Importance for MLL

Labeling-importance is relative by nature

An image annotated with 

multiple labels sky, water, 

building and cloud

(Implicit) relative 
importance

Multi-category document Different topical importance

Multi-functionality gene Different expression level
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Labeling-Importance for MLL

Labeling-importance is relative by nature

An image annotated with 

multiple labels sky, water, 

building and cloud

(Implicit) relative 
importance

Multi-category document Different topical importance

Multi-functionality gene Different expression level

A natural postulation

Can we leverage the (implicit) relative 
labeling-importance information for MLL?
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Relative Labeling-Importance (RLI)

Definition: Relative Labeling-Importance (RLI) Degree

Given any instance           , the RLI degree of label             for

is denoted as      , which satisfies the following constraints:

(i) non-negativity: 

(ii) normalization: 

Implicit RLI 
degree estimation

Prediction Model 
Induction

+

The RELIAB Approach



Min-Ling Zhang May 27, Jinan, IWPR’18

Relative Labeling-Importance (RLI)

Definition: Relative Labeling-Importance (RLI) Degree

Given any instance           , the RLI degree of label             for

is denoted as      , which satisfies the following constraints:

(i) non-negativity: 

(ii) normalization: 

Implicit RLI 
degree estimation

Prediction Model 
Induction

+

The RELIAB Approach

Iterative label 

propagation on 

weighted graph

Regularized 

maximum entropy 

with RLI degree 
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Implicit RLI Degree Estimation

Weighted Graph Construction

fully-connected graph over 

all the training examples
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Implicit RLI Degree Estimation (Cont.)

Iterative Label Propagation

Assume a matrix                         with non-negative entries

proportional to the labeling-importance 

initialize

Set the label propagation matrix: 

Update F iteratively by propagating labeling-importance information

Converges to:
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Prediction Model Induction

Estimated RLI Information

Maximum Entropy Classification Model
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Prediction Model Induction (Cont.)

Objective Function

KL divergence

How    fits the estimated 

RLI information

How    classifies 

training samples

Empirical 
ranking loss

Minimized by the quasi-newton L-BFGS algorithm
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Experimental Setup – Data Sets

 average imbalance ratio ranges from 2.146 to 17.857

Seventeen benchmark multi-label data sets

# regular-scale: 9; # large-scale: 8
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Experimental Setup – Algorithms & Evaluation

Comparing Algorithms

RELIAB   versus

BR (first-order)

CLR (second-order)

ECC, RAKEL (high-order)

Evaluation Metrics

Example-based: one-error, coverage, ranking loss, average 

precisionLabel-based: macro-averaging F1, micro-averaging F1

Evaluation Protocol

N-fold cross-validation Friedman test+
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Experimental Results – Regular-Scale

RELIAB

ranks 1st in

83.3% cases

ranks 2nd in

11.1% cases

Across all 
evaluation 
metrics
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Experimental Results – Large-Scale

RELIAB

ranks 1st in

68.7% cases

ranks 2nd in

16.7% cases

Across all 
evaluation 
metrics
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Experimental Results – Friedman Test

RELIAB

 achieves optimal (lowest) rank in terms of each metric

 significantly outperforms BR on all metrics

 significantly outperforms CLR, ECC and RAKEL on 4, 2 and 5 
metrics respectively
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Conclusion

BR is arguably the most popular approach 

towards MLL
seminal papers on:

chaining-style BR: 1200+ citations

BR: 1370+ citations

stacking-style BR: 540+ citations & PAKDD 10-Year BPA

To make BR work effectively, one should…

Exploiting 

Label Correlations

Exploring 

Inherent Properties +
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