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Ranking SVM 
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 Assign a rank to an 
input example 

 Apple grading 

 U.S. Extra Fancy 

 U.S. Fancy 

 U.S. No. 1 

 U.S. No. 1 Hail 

 U.S. Utility 

If i  is ‘US Extra fancy’ and j is any other category then we want 
the score of i to be higher than that of j, i.e.,:  

𝑓 𝑥𝑖 ≥ 𝑓 𝑥𝑗 + 1 − 𝜉 𝑖𝑗  

These are the constraints in a ranking SVM. The objective 
function minimizes the sum of slacks and maximizes the margin. 



CIS 621: Machine Learning PIEAS Biomedical Informatics Research Lab 

Ranking in Recommendation Systems 

 

3 



CIS 621: Machine Learning PIEAS Biomedical Informatics Research Lab 

Ranking in Recommendation Systems 

• Ranking of Facebook posts 
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Ranking in Information Retrieval 

 

5 



CIS 621: Machine Learning PIEAS Biomedical Informatics Research Lab 

 

6 

pieas 



CIS 621: Machine Learning PIEAS Biomedical Informatics Research Lab 

Ranking in Information Retrieval 
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Ranking in Drug Discovery 

• Given: A large number of molecules from a 
chemical library 

• Output: Which one is the most promising? 
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Ranking in Bioinformatics 

• Gene Discovery 

– Given: A set of genes and their activity in different 
conditions 

– Required output: What genes are important for a 
certain condition? 
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Types of Ranking Problems 

• Instance Ranking 

 

• Label Ranking 

 

• Subset Ranking 

 

• Rank Aggregation 
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Instance Ranking Label Ranking 
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What we will cover 

• Theory for Instance Ranking 
– Bipartite Ranking 
– K-partite Ranking 
– Ranking with Real-Valued Labels 
– General Instance Ranking 
– Properties of ranking methods 

• Ranking vs. Classification vs. Regression 
• AUC-ROC maximization 

• Applications 
– Bioinformatics 
– Information Retrieval 

• Further Reading and resources 
– Codes, etc. 
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Bipartite Ranking 

• Instance space: 𝑋 
• Input: 𝑆 = {𝑆+, 𝑆−} 

– 𝑆+ = {𝑥1
+, … , 𝑥𝑚

+ } (positive examples) 
– 𝑆− = 𝑥1

−, … , 𝑥𝑛
−  (negative examples) 

• Output: Ranking function 𝑓: 𝑋 → ℝ 
– Isn’t this the same as classification? 
– Or is it more closer to regression? 
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Bipartite Ranking Function 

• In classification we require 
 𝑓 𝑥 > 0 for positive examples 

 𝑓 𝑥 < 0 for negative examples 

• In regression 
 𝑓 𝑥  should be as close as possible to the 

corresponding output 

• The ranking function should be such that 
 𝑓 𝑥 > 𝑓 𝑥′  if instance 𝑥 should rank higher than 
𝑥′ 
 Any given positive instance should rank higher than any 

negative instance 
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Ranking Error 

• If we have m positive instances and n negative 
instances, the number of possible ‘pairings’ 
becomes mn 

– Thus, the error for a given ranking function will be 
given by: 
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Ranking Error 

• What will be the classification and ranking 
errors of the following ranking functions? 
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Ranking with Structured Risk Minimization 

• SRM requires 

 

 

 

 

• For ranking, we know the empirical error can 
be given by 
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𝑓∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑓 𝐿 𝑋, 𝑌; 𝑓 + 𝜆𝑔 𝑓  

 
𝑋, 𝑌 is the training data 
𝑓 is the learning function 

Regularization  

Classifier Complexity 
(smoothing) term 

Empirical Loss (or risk)  

term Structural Risk 
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Ranking with SRM 

• Find me a ranking function that minimizes the 
empirical error, possibly with some regularization, 
over some class of ranking functions 

– Examples: 𝑓 𝑥 =< 𝑤, 𝑥 > 

• Mathematically 
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Ranking with SRM 

• What should be loss function? 

– The ideal loss function would be: 

• Zero-one loss 
– Incurs a loss of 1 only if the ranking is not proper 

– Otherwise the loss is zero 

– Problems? 

» Non-convex 

» Discontinous 

• Hinge-Loss 
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Bipartite RankSVM Algorithm 

• Primal 

 

 

• Alternatively, 
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Such that, for all  i= 1…m and j = 1…n 
 

𝑓 𝑥𝑖 ≥ 𝑓 𝑥𝑗 + 1 − 𝜉 𝑖𝑗 
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Bipartite RankSVM Algorithm 

Introducing Lagrange variables in the primal 

 

 we can get the dual optimization problem shown below 

 

 

 

 

 

 

 

Can be solved using a standard QP Solver or other methods 
(Chapelle & Keerthi, 2010) 
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Other Algorithms 

• RankBoost (Freund et al., 2003) 
– Combine outputs of multiple ‘weak’ ranking functions 

 

 

 

 

 

• RankNet (Burges et al, 2005): Neural network 
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K-partite ranking 
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K-partite Ranking with SRM 
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Ranking with Real-Valued Labels 
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Real-Valued Ranking with SRM 
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Generalized Instance Ranking 
• Each example is paired with another example and the 

difference between their ranks is given during training 
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Generalized Instance Ranking with SRM 
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General RankSVM 
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SVMRank Tools 
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https://www.cs.cornell.edu/people/tj/svm_light/svm_rank.html 
https://sourceforge.net/p/lemur/wiki/RankLib/ (Java) 
http://fa.bianp.net/blog/2012/learning-to-rank-with-scikit-learn-the-pairwise-transform/ 
http://faculty.pieas.edu.pk/fayyaz/studpro.html#pylemmings-a-software-suite-for-multiple-instance-learning 
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Properties 

• Ranking SVM maximizes the AUC score 
– Because it ensures that positive examples rank higher 

than negative examples 
• Ulf Brefeld, Tobias Scheffer. n.d. “AUC Maximizing Support 

Vector Learning.” 

• Similar methods for maximizing Average Precision 
– Yue, Yisong, Thomas Finley, Filip Radlinski, and 

Thorsten Joachims. 2007. “A Support Vector Method 
for Optimizing Average Precision.” In Proceedings of 
the 30th Annual International ACM SIGIR Conference 
on Research and Development in Information 
Retrieval, 271–78. SIGIR ’07. New York, NY, USA: ACM. 
doi:10.1145/1277741.1277790. 
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Applications 

• Drug Discovery 

– Input 
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Agarwal et al., 2010 

• Dataset (from Sutherland et al., 2004) 
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Potential Application Areas 

• Student Grades Prediction 

• Binding Affinity Prediction 

• Amyloidogenicity Prediction 

• Document Ranking 

• Remote Homology Detection 
– Liu, Bin, Junjie Chen, and Xiaolong Wang. 2015. 

“Application of Learning to Rank to Protein 
Remote Homology Detection.” Bioinformatics 31 
(21): 3492–98. 
doi:10.1093/bioinformatics/btv413. 
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Issues 

• The number of constraints becomes quadratic 

• Efficient Algorithms Required 
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Required Reading 

• Yu, Hwanjo, and Sungchul Kim. 2012. “SVM Tutorial — 
Classification, Regression and Ranking.” In Handbook of 
Natural Computing, edited by Grzegorz Rozenberg, Thomas 
Bäck, and Joost N. Kok, 479–506. Springer Berlin 
Heidelberg. 
http://link.springer.com/referenceworkentry/10.1007/978-
3-540-92910-9_15. 
 

• Yue, Yisong, Thomas Finley, Filip Radlinski, and Thorsten 
Joachims. 2007. “A Support Vector Method for Optimizing 
Average Precision.” In Proceedings of the 30th Annual 
International ACM SIGIR Conference on Research and 
Development in Information Retrieval, 271–78. SIGIR ’07. 
New York, NY, USA: ACM. doi:10.1145/1277741.1277790. 
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We want to make a machine that will be 
proud of us. 

 
- Danny Hillis 


