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Learning with Ambiguity 

Single-label 
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Multi-label 
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Label Ambiguity Less	  Ambiguity More	  Ambiguity 

? 



Label Ambiguity 
•  “What describes the instance?” 

cloud 

water 

sky 

building 

Mul1-‐label	  Learning 



More Ambiguity? 
•  “How to describe the instance?” 

 
 
 
 
 
 
 
 

some 
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mostly 
sky 

a bit of 
building 



How to learn? 
• MLL 

Thresholding         Positive labels          MLL 
 
 

•  Label Distribution Learning (LDL) 
•  Assign a real number to each label 

•  Importance 
•  Confidence 
•  Probability 
•  Level 
•  …… 

Not	  a	  good	  choice! 

Keep	  more,	  learn	  more 



LDL – Problem Formulation 

A	  real	  number	  	  	  	  	  	  	  	  	  is	  assigned	  to	  the	  label	  	  	  	  	  	  for	  the	  instance	   

WLOG 

Complete	  label	  set 

Descrip-on	  Degree 

Label	  Distribu-on 



LDL – Problem Formulation 



LDL – Algorithms 
•  Two Categories 

•  Conditional Probability Mass Function (Classification) 
Model the mapping from the instance x to the label distribution d via a 
conditional PMF 
•  IIS-LLD  [Geng, Smith-Miles and Zhou, AAAI’10] 

•  BFGS-LLD  [Geng and Ji, ICDMW’13] 

•  CPNN  [Geng, Yin and Zhou, TPAMI’13] 
•  Multivariate Support Vector Regression (Regression) 

Model the mapping from the instance x to the label distribution d via a 
multivariate support vector machine 
•  LDSVR  [Geng and Hou, IJCAI’15] 

Reference and Matlab Code 
http://cse.seu.edu.cn/PersonalPage/xgeng/LDL 



Where are the Label Distributions? 
•  They come with the original data 

•  Emotion Distribution  [Zhou, Xue and Geng, ACMMM’15] 
•  Movie Rating Distribution  [Geng and Hou, IJCAI’15] 

•  They come from the prior knowledge 
•  Facial Age Estimation  [Geng, Yin and Zhou, TPAMI’13] 
•  Head Pose Estimation  [Geng and Xia, CVPR’14] 

•  They are learnt from the data 
•  Multilabel Ranking for Natural Scene Images   

[Geng and Luo, CVPR’14] 
•  Relative Labeling-Importance Aware Multi-label Learning 

[Li, Zhang and Geng, ICDM’15] 



Come with Original Data… 
• Emotion Distribution via Facial Expressions 
[Zhou,	  Xue	  and	  Geng,	  ACMMM’15] 

Emotion 
Distribution 
Recognition 

Multi-Emotion 
Recognition 



Come with Original Data… 
• Emotion Distribution via Facial Expressions 
[Zhou,	  Xue	  and	  Geng,	  ACMMM’15] 



Come with Original Data… 
• Pre-release Prediction of Crowd Opinion on Movies 
[Geng	  and	  Hou,	  IJCAI’15] 

Crowd Rating Distribution 

Pre-release Metadata 



Come with Original Data… 
• Pre-release Prediction of Crowd Opinion on Movies 
[Geng	  and	  Hou,	  IJCAI’15] 



Come from Prior Knowledge… 
•  Facial Age Estimation 

Prior	  Knowledge	  
•  Aging	  is	  a	  slow	  and	  gradual	  
progress	  

•  The	  faces	  at	  close	  ages	  look	  
quite	  similar	  

[Geng,	  Yin,	  and	  Zhou,	  TPAMI’13]	  
[Geng,	  Smith-‐Miles,	  and	  Zhou,	  AAAI’10] 

•  Centered	  at	  the	  chronological	  age	  	  
•  Highest	  at	  the	  chronological	  age	  and	  gradually	  decrease	  	  on	  both	  sides 



Come from Prior Knowledge… 
•  Facial Age Estimation [Geng,	  Yin,	  and	  Zhou,	  TPAMI’13]	  

[Geng,	  Smith-‐Miles,	  and	  Zhou,	  AAAI’10] 



Come from Prior Knowledge… 
• Head Pose Estimation [Geng	  and	  Xia,	  CVPR’14] 

Bivariate	  Label	  Distribu1on 

Prior	  Knowledge	  
•  Head	  orienta-on	  is	  
intrinsically	  
con-nuous	  

•  The	  faces	  with	  close	  
head	  orienta-ons	  
look	  quite	  similar	  

•  Centered	  at	  the	  approximate	  pose	  
•  Highest	  at	  the	  approximate	  pose	  and	  gradually	  decrease	  	  around 



Come from Prior Knowledge… 
• Head Pose Estimation [Geng	  and	  Xia,	  CVPR’14] 



Learnt from the Data… 

• Multilabel Ranking for Natural Scene Images   
[Geng and Luo, CVPR’14] 
Learnt from inconsistent rankings from different rankers 

• Relative Labeling-Importance Aware Multi-label Learning 
[Li, Zhang and Geng, ICDM’15] 
Learnt from multi-label data 



Multilabel Ranking for Natural Scene Images 

• Multilabel Ranking 
•  A bipartition of the relevant (positive) and irrelevant (negative) 

labels 
•  A proper ranking over relevant labels 

• Multiple Rankers: Subjective Inconsistent “Ground Truth” 

[Geng	  and	  Luo,	  CVPR’14] 



Multilabel Ranking for Natural Scene Images 

• Multilabel Ranking by Preference Distribution 
[Geng	  and	  Luo,	  CVPR’14] 

Virtual	  labels	  as	  split	  point	  between	  relevant	  and	  irrelevant	  labels 



Multilabel Ranking for Natural Scene Images 

• Preference Distribution Transformation  
[Geng	  and	  Luo,	  CVPR’14] 

K-‐L	  Divergence 

Distribu-on	  Constraints 

Ranking	  Constraints 

Irrelevant	  Labels 



Multilabel Ranking for Natural Scene Images 

• Experiment 
[Geng	  and	  Luo,	  CVPR’14] 



Relative Labeling-Importance Aware Multi-label 
Learning 
•  State-of-the-art:  

Existing multi-label Learning methods usually assume equal label 
importance. 

•  Fact:  
When multiple labels are associated to the same instance, their 
importance to the instance can hardly be exactly same. 

[Li,	  Zhang	  and	  Geng,	  ICDM’15]	  
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Relative Labeling-Importance Aware Multi-label 
Learning 
•  Implicit Relative Labeling-Importance 

[Li,	  Zhang	  and	  Geng,	  ICDM’15]	  

Label	  Propaga1on	  on	  the	  Training	  Set 
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Relative Labeling-Importance Aware Multi-label 
Learning 
•  Implicit Relative Labeling-Importance 

[Li,	  Zhang	  and	  Geng,	  ICDM’15]	  

Label	  Propaga1on	  on	  the	  Training	  Set 

Propagation 
Matrix 

Label 
Propagation 

Converge to Label 
Distribution 



Relative Labeling-Importance Aware Multi-label 
Learning 
• Experiments 

[Li,	  Zhang	  and	  Geng,	  ICDM’15]	  



Conclusion 
•  Label distribution learning 

•  More general framework than single-label and multi-label learning 
•  Deals with different importance of labels 
•  Matches certain problems better 
•  Needs special design 

•  Label distribution comes into play when 
•  There is a natural measure of description degree 
•  The labels are correlated to each other 
•  There are multiple labeling sources for one instance 
•  Multiple labels are associated to the same instance with 

different importance 
•  …… 

15 real-world 
datasets collected 



Interested? 

Download	  the	  LDL	  Matlab	  package	  from	  
hOp://cse.seu.edu.cn/PersonalPage/xgeng/

LDL 
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