
Harikrishna Narasimhan 

Department of Computer Science and Automation 
Indian Institute of Science, Bangalore 

 
 

 

Learning from ‘Binary Labels’: 
A Plethora of Performance Measures,  
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Yu, N., Chai,  K.M.A., Lee,  W.S., and Chieu, H.L.Optimizing F-Measures: A Tale of Two Approaches. In ICML 2012 
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Joachims, T. A Support Vector Method for Multivariate Performance Measures. In ICML, 2005. 
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Structural SVM for Multivariate  
Performance Measures 

Performance Measure Run-time References 

F-measure 
PBREP 

Precision@K 
O(N2) Joachims (2005); 

AUC 
Partial AUC 
Pos@Top 

O(N log N) 

Joachims (2005, 2006); 
Narasimhan & Agarwal 

(2013 a,b) 

Average Precision O(N2) Yue et al. (2007) 

Discounted Cumulative Gain (DCG) * O(Nk) Chakrabarti et al. (2008) 

Mean Reciprocal Rank (MRR) * O(N log N + k2) Chakrabarti et al. (2008) 

* performance measure truncated to top ‘k’ positions 
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Subset of negative instances in the 
FPR range [α, β] – changes with 

ordering 
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0 1 0 1 0 
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Partial AUC 

Optimize rows 
independently 

H. Narasimhan and S. Agarwal. A Structural SVM Based Approach for Optimizing Partial AUC. 
ICML, 2013. 
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Experimental Results 

• Baseline Methods: 
– Full AUC Optimization (Joachims, 2005) 
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• Baseline Methods: 
– Full AUC Optimization (Joachims, 2005) 

 

 

 

 
 

– Asymmetric SVM (Wu et al., 2008) 

– Boosting Style Method (Komori & Eguchi, 2010) 

– Greedy Heuristic Method (Ricamato & Tortorella, 2011) 

 

Vs 



Experimental Results 

Drug Discovery 
50 active compounds / 2092 inactive compounds 

Partial AUC 
in [0, 0.1] 

SVMpAUC 65.25 

SVM-AUC 62.64 

ASVM 63.80 

pAUCBoost 43.89 

Greedy Heuristic 8.33 

Interval [0, 0.1] 



Experimental Results 

Protein-Protein Interaction Prediction 
~3x103 interacting pairs / ~2x105 non-interacting pairs 

Partial AUC 
in [0, 0.1] 

SVMpAUC 51.79 

SVM-AUC 39.72 

ASVM 44.51 

pAUCBoost 48.65 

Greedy Heuristic 47.33 

Interval [0, 0.1] 



Experimental Results 

Interval [α, β] 

KDD Cup 2008  
Breast Cancer Detection 

~600 malignant ROIs / ~105 benign ROIs 

Partial AUC in 
[0.2s, 0.3s] 

SVMpAUC 51.44 

SVM-AUC 50.50 

pAUCBoost 48.06 

Greedy Heuristic 46.99 
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Improved Formulation 

• Characterize the Structural SVM Objective 

                                           

                   

                           

Narasimhan, H. and Agarwal, S. “SVM_pAUC^tight: A new support vector method for 
optimizing partial AUC based on a tight convex upper bound”, KDD 2013. 
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Improved Formulation 

• Characterize the Structural SVM Objective 

• Better Formulation: Tighter Approximation 

– Improved Accuracy 

– Better Run-time Guarantee 

 

Narasimhan, H. and Agarwal, S. “SVM_pAUC^tight: A new support vector method for 
optimizing partial AUC based on a tight convex upper bound”, KDD 2013. 
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Empirical Balancing Terms 
 computed using empirical 
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AM-regret 

Class Imbalance 



AM-consistency 

Under mild conditions on the underlying distribution and 
under certain assumptions on the surrogate loss minimized, 

Plug-in approach and Balanced ERM are AM-consistent. 

AM-regret 

Class Imbalance 

Menon, A., Narasimhan, H., Agarwal, S. and  Chawla, S. “On the statistical consistency of 
algorithms for binary classification under class imbalance ”, ICML 2013. 
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Menon, A., Narasimhan, H., Agarwal, S. and  Chawla, S. “On the statistical consistency of 
algorithms for binary classification under class imbalance ”, ICML 2013. 
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