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MULAN

Framework for 
 handling multilabel data
 training state-of-the-art multilabel classifiers
 evaluate multilabel classifiers
 do multilabel specific feature selection, cross validation, data 

transformations etc.
 implement new ideas and approaches
 ...

 built up on current WEKA version
 usage of variety and abundance of learners and techniques available

 developed by team around Greg Tsoumakas, Univ. Thessaloniki
 good mailing list available
 stable code
 http://mulan.sourceforge.net  
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MULAN
Alternatives

MEKA
 multilabel extension to WEKA
 developed mainly by Jesse Read 

(Classifier Chains)
 only few algorithms, mostly ones 

developed by Author
 but interface to MULAN

 GUI
 http://meka.sourceforge.net/ 

LPCforSOS
 developed by KE Group
 specific to pairwise decomposition
 alpha stage (contact us before using it)
 http://sourceforge.net/projects/lpcforsos/ 
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@relation MultiLabelExample
 
@attribute feature1 numeric
@attribute feature2 numeric
@attribute feature3 numeric
@attribute label1 {0, 1} 
@attribute label2 {0, 1} 
@attribute label3 {0, 1} 
@attribute label4 {0, 1} 
@attribute label5 {0, 1} 
 
@data
2.3,5.6,1.4,0,1,1,0,0
1.0,0.0,3.4,0,1,0,1,0
...

Data Format

Based on WEKA ARFF file format
 labels are additional binary features
 accompanied by XML-file containing information to label features
 also hierarchical information possible

<?xml version="1.0" 
      encoding="utf-8"?>
<labels xmlns="http://mulan.">
<label name="label1"></label>
<label name="label2"></label>
<label name="label3"></label>
<label name="label4"></label>
<label name="label5"></label>
</labels>

@relation MultiLabelExample
 
@attribute feature1 numeric
@attribute feature2 numeric
@attribute feature3 numeric
@attribute label1 {0, 1} 
@attribute label2 {0, 1} 
@attribute label3 {0, 1} 
@attribute label4 {0, 1} 
@attribute label5 {0, 1} 
 
@data
2.3,5.6,1.4,0,1,1,0,0
1.0,0.0,3.4,0,1,0,1,0
...
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Simple Experiment
Data Loading
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Simple Experiment
Training and Evaluation
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Training: 
 learn binary single-label classifiers for each 

label, but include true label information as 
additional features (stacked BR)
 like in CC, but include all labels!

Prediction: 
 first stage: fill up label features of test 

instances with predictions of unstacked BR 
 second stage: use stacked BR to predict 

labels
 in contrast to CC
 can model dependencies in both directions
 no label ordering, result is always the 

same

  (x1,x2,x3,x4, ?, ?, ?, ?)

  h  h  h  h    unstacked BR

 (x1,x2,x3,x4,0, 1, 1, 0)

Implementation Example:
Dependent Binary Relevance

  h' h'  h' h'   stacked BR

 (x1,x2,x3,x4,0, 1, 1, 1)

 y1 y2 y3 y4

Montañesa, Senge, Barranquero, Quevedo, del Coz, Hüllermeier: Dependent binary 
relevance models for multi-label classification.  In: Pattern Recognition, to appear 
Eneldo Loza Mencía and Frederik Janssen, Towards Multilabel Rule Learning, in: 

Proceedings of KDML – LWA 2013
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Dependent Binary Relevance:
Example Result

approach yeast enron

binary 
relevance
(using Ripper 
rule learner)

x23 > 0.08, x49 < -0.09 → Class4
x68 < 0.05, x33 > 0.00, x24 > 0.00, 
       x66 > 0.00, x88 > -0.06  → Class4
x3 < -0.03, x71 > 0.03, x91 > -0.01  → Class4
x68 < 0.03, x83 > -0.00, x44> 0.029, x93 < 0.01  
→ Class4
x96 < -0.03, x10 > 0.01, x78< -0.07  → Class4

“mail”, “fw”, ”didn” → Joke

dependent 
binary 
relevance

Class3, Class2 → Class4
Class5, Class6 → Class4
Class3, Class1, x22 > -0.02 → Class4

Personal, “day”, “mail” → Joke

One objective of DBR: 
 find dependencies and model them explicitly
 preferably direct, informative (symbolic) representation
 compress knowledge / compressed view
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Dependent Binary Relevance:
Implementation in Mulan
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