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1. Introduction
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Ranking Problem: 
Example = Document Search
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Ranking Problem
Example = Recommender System
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User1 5 4
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Ranking Problem
Example = Machine Translation
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Ranking Problem
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By Ranking Function
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Learning to Rank
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What is Learning to Rank?

ÅDefinition 1 (in broad sense)

Learning to Rank = any machine learning 
technology for ranking problem

ÅDefinition 2 (in narrow sense)

Learning to Rank = machine learning technology 
for the above ranking problem  (ranking of 
objects given subject)

ÅThis tutorial takes Definition 2
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Ranking Plays Key Role in Many 
Applications
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Applications of Learning to Rank

ÅSearch (Document Search, Entity Search, etc)

ÅRecommender System(Collaborative Filtering)

ÅKey Phrase Extraction

ÅQuestion Answering

ÅDocument Summarization

ÅOpinion Mining

ÅSentiment Analysis

ÅMachine Translation
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Technologies on Learning to Rank
ÅMethods

ïPointwise Methods

ïPairwise Methods

ïListwise Methods

ÅTheory

ïGeneralization

ïConsistency

ÅApplications

ïSearch

ïCollaborative Filtering

ïKey Phrase Extraction
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Recent Trends on Learning to Rank

ÅSuccessfully applied to search

ÅOver 100 publications at SIGIR, ICML, NIPS, etc

ÅOne book on learning to rank for information 
retrieval

Å2 sessions at SIGIR every year

Å3 SIGIR workshops 

ÅSpecial issue at Information Retrieval Journal

ÅLETOR benchmark dataset, over 400 downloads

http://research.microsoft.com/en-
us/um/beijing/projects/letor/index.html
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Scope of This Tutorial

ÅOverview of Learning to Rank technologies

ÅFocusing on Learning to Rank methods

ÅTouching theoretical issues

ÅShowing future directions

ÅKnowledge necessary for this tutorial: 
Machine Learning
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hǘƘŜǊ Ψ[ŜŀǊƴƛƴƎ ǘƻ wŀƴƪΩ aŜǘƘƻŘǎ 
Not Coveredin This Tutorial

ÅRank Aggregation

ÅRanking of Objects on Graph

ïLink Analysis (e.g, Page Rank)

ÅUnsupervised Learning of Ranking 

ïProbabilistic Model in Information Retrieval (e.g., 
BM25, Language Model for IR)
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2. Learning to Rank Problem
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Learning to Rank Problem

Å2.1 Problem Formulation

Å2.2 Example: Learning to Rank for Search

Å2.3 Issues in Learning to Rank

Å2.4 Relations with Other Learning Tasks
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2.1  Problem Formulation
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Learning to Rank
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Characteristics of Learning to Rank

ÅMachine learning technologies

ÅRanking of objects by subject

ÅLearning ranking function

ÅUsing labeled data (supervised learning)

ÅRanking function is feature based

ÅThis tutorial mainly takes document searchas 
example
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2.2  Example: Learning to Rank for 
Search
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Ranking Problem: 
Example = Document Search
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Traditional Approach = Probabilistic Model
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BM25
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New Approach = Learning to Rank
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1. Data Labeling
(rank) 3. Learning

)(xf

2. Feature 
Extraction
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1. Data Labeling
(rank)

2. Feature 
Extraction

Testing Process
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Notes

ÅFeatures are functions of query and document

ÅQuery and associated documents form a group

ÅGroups are i.i.d. data

ÅFeature vectors within group are not i.i.d. data

ÅRanking model is function of features

ÅSeveral data labeling methods (here labeling of rank 
as example)
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2.3  Issues in Learning to Rank
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Issues in Learning to Rank

ÅData Labeling

ÅFeature Extraction

ÅEvaluation Measure

ÅLearning Method (Model, Loss Function, 
Algorithm)

31



Data Labeling Problem

ÅE.g., relevance of documents w.r.t. query

32

Doc A

Doc B

Doc C

Query



Data Labeling Methods

ÅLabeling of Ranks

ïMultiple levels  (e.g., relevant, partially relevant, irrelevant)

ïWidely used in IR

ÅLabeling of Ordered Pairs

ïOrdered pairs between documents (e.g. A>B, B>C)

ïImplicit relevance judgment: derived from click-through data

ÅCreation of List

ïList (or permutation) of documents is given

ïIdeal but difficult to implement
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Implicit Relevance Judgment

Doc A

Doc B

Doc C
B > A

ranking of documents at search system

users often clicked on Doc B

ordered pair
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Feature Extraction
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.............
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Query-document feature
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Example Features

ÅRelevance: BM25

ÅRelevance: proximity

ÅRelevance: query exactly occurs in document

ÅImportance: PageRank
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Evaluation Measures

ÅImportant to rank top results correctly 

ÅMeasures
ïNDCG (Normalized Discounted Cumulative Gain)

ïMAP (Mean Average Precision)

ïMRR (Mean Reciprocal Rank)

ïWTA (Winners Take All)

ïYŜƴŘŀƭƭΩǎ ¢ŀǳ
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NDCG

ÅEvaluating ranking using labeled ranks

ÅNDCG at position j
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b5/D όŎƻƴǘΩύ

ÅExample:  perfect ranking 

ï(3, 3, 2, 2, 1, 1, 1)       rank  r=3,2,1

ï(7, 7, 3, 3, 1, 1, 1)        gain

ï(1, 0.63, 0.5, 0.43, 0.39, 0.36, 0.33)   position discount

ïόтΣ муΦммΣ нпΦммΣ Χύ    5/D 

ïόмκтΣ мκмуΦммΣ мκнпΦммΣ Χύ   ƴƻǊƳŀƭƛȊƛƴƎ ŦŀŎǘƻǊ

ï(1, 1,1,1,1,1,1)     NDCG for perfect ranking
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b5/D όŎƻƴǘΩύ

ÅExample: imperfect ranking

ï(2, 3, 2, 3, 1, 1, 1)

ï(3, 7, 3, 7, 1, 1, 1)     Gain

ï(1, 0.63, 0.5, 0.43, 0.39, 0.36, 0.33)   Position discount

ïόоΣ мпΦммΣ нлΦммΣ Χ ύ    5/D

ïόлΦпоΣ лΦтуΣ лΦуоΣ ΧΦύ       b5/D

ÅImperfect ranking decreases NDCG

40



2.4  Relations with Other Learning 
Tasks
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Relations with Other Learning Tasks

ÅNo need to predict category

vs Classification

ÅNo need to predict value of 

vs Regression 

ÅRelative ranking order is more important

vs Ordinal regression

ÅLearning to rank can be approximated by 
classification, regression, ordinal regression

42
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Ordinal Regression 
(Ordinal Classification)

ÅCategories are ordered

ï5, 4, 3, 2, 1

ïe.g., rating restaurants

ÅPrediction 

ïMap to ordered categories
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3. Learning to Rank Methods
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Learning to Rank Methods

Å3.1 Overview of Learning to Rank Methods

Å3.2 Pairwise Classification

Å3.3 Cost-sensitive Pairwise Classification

Å3.4 Probabilistic Model for Ranking

Å3.5 Direct Optimization of Evaluation Measure

Å3.6  Approximation of Evaluation Measure

Å3.7  Evaluation Results
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3.1  Overview of Learning to 
Rank Methods
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Three Major Approaches

ÅPointwise approach

ÅPairwise approach

ÅListwise approach

ÅFirst is suitable to ordinal regression

ÅLatter two are more suitable to learning to 
rank (e.g., ranking in search)
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Pointwise Approach

ÅTransforming ranking to regression, 
classification, or ordinal regression

ÅQuery-document group structure is ignored
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Pointwise Approach

Learning 

Regression Classification Ordinal Regression

Input
Feature vector

Output
Real number Category Orderedcategory

Model
Ranking function

Loss 
Function

Regression loss Classificationloss
Ordinal regression 

loss
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PointwiseApproach
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Pairwise Approach

ÅTransforming ranking to pairwiseclassification

ÅQuery-document group structure is ignored
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Pairwise Approach
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Learning Ranking

Input
Ordered feature vector pair Feature vectors

Output
Classificationon order of vector pair Permutationon vectors
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Pairwiseclassification loss Rankingevaluation measure
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Listwise Approach

ÅList as instance

ÅQuery-document group structure is used

ÅStraightforwardly represents learning to rank 
problem
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Listwise Approach
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Learning& Ranking

Input
Feature vectors
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Permutation on feature vectors

Model
Ranking function

Loss Function
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Learning to Rank Methods
ÅPointwise Approach
ïSubset Ranking [Cossockand Zhang, 2006]: 

Regression

ïSVM [Nallapati, 2004]: Binary Classification Using 
SVM

ïMcRank[Li et al 2007]: Multi-Class Classification 
Using Boosting Tree 

ïPrank [Crammer and Singer 2002]: Ordinal 
Regression Using Perceptron

ïLarge Margin [Shashua& Levin 2002]: Ordinal 
Regression Using SVM

55



Learning to Rank Methods
ÅPairwise Approach
ïRanking SVM:  Pairwise Classification Using SVM
ïRankBoost [Freund et al 2003]: Pairwise Classification 

Using Boosting
ïRankNet [Burges et al 2005]: Pairwise Classification 

Using Neural Net
ïFrank [Tsai et al 2007]: Pairwise Classification Using 

Fidelity Loss and Neural Net
ïGBRank[Zheng et al 2007]:  Pairwise Regression Using 

Boosting Tree
ïIR SVM [Cao et al 2006]: Cost-sensitive Pairwise 

Classification Using SVM
ïMultiple SVMs [Qin et al 2007]: Multiple SVMs
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Learning to Rank Methods

ÅListwise Approach
ïListNet[Cao et al 2007]: Probabilistic Ranking Model
ïListMLE[Xia et al 2008]: Probabilistic Ranking Model
ïAdaRank[Xu and Li 2007]: Direct Optimization of 

Evaluation Measure
ïSVM Map [Yue et al 2007]: Direct Optimization of 

Evaluation Measure
ïPermuRank[Xu et al 2008]: Direct Optimization of 

Evaluation Measure
ïSoft Rank [Taylor et al 2008]: Approximation of Evaluation 

Measure
ïLambda Rank [Burges et al 2007]: Using Implicit Loss 

Function
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Learning to Rank Methods

ÅOther Methods

ïK-Nearest Neighbor Ranker [Geng et al 2008]

ïSemi-Supervised Learning [Jin et al 2008]

58



3.2 Pairwise Classification
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Pairwise Classification Methods

ÅRanking SVM

ÅRankBoost

ÅRankNet

60



Pairwise Classification

ÅConverting document list to document pairs

61
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Ranking SVM
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Transforming Ranking to Pairwise 
Classification

ÅInput space: X

ÅRanking function

ÅRanking:

ÅLinear ranking function:

ÅTransforming to pairwiseclassification:  

RXf ­:
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Ranking Problem
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Transformed Pairwise Classification Problem
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Ranking SVM

ÅPairwise classification on differences of 
feature vectors 

ÅCorresponding positive and negative examples

ÅNegative examples are redundant and can be 
discarded

ÅHyper plane passes the origin

ÅSoft Margin and Kernel can be used

ÅRanking SVM = pairwiseclassification SVM
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Learning of Ranking SVM
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3.3  Cost-sensitive Pairwise 
Classification
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Cost-Sensitive Pairwise Classification 
Methods

ÅIR SVM

ÅMultiple SVMs
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Cost-sensitive Pairwise Classification

ÅConverting to document pairs

70

Doc A

Doc B

Doc C

Query

Doc A

Doc B Doc C

Query

Doc ADoc B

Doc C

Rank 1

Rank 2

Rank 3

CriticalNot Critical



IR SVM
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Problems with Ranking SVM

ÅNot sufficient emphasis on correct ranking on top
Ranks: 3, 2, 1
ranking 1:  2 3 2 1 1 1 1
ranking 2:  3 2 1 2 1 1 1
ranking 2 should be better than ranking 1
Ranking SVM views them as the same

ÅNumbers of pairs vary according to queries
q1: 3 2 2 1 1 1 1
q2: 3 3 2 2 2 1 1 1 1 1
number of pairs for q1 : 2*(2-2) + 4*(3-1) + 8*(2-1) = 14
number of pairs for q2: 6*(3-2) + 10*(3-1) + 15*(2-1) = 31
Ranking SVM is biased toward q2

72



IR SVM

ÅSolving the two problems of Ranking SVM

ÅHigher weight on important rank pairs

ÅNormalization weight on pairs in query 

ÅIR SVM = Ranking SVM using modified hinge 
loss

73
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Modified Hinge Loss function
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Learning of IR SVM
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3.4  Probabilistic Model for 
Ranking
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Methods of Using Probabilistic Models

ÅListNet

ÅListMLE
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ListNetand ListMLE
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Plackett-Luce Model
(Permutation Probability)

ÅProbability of permutation “is defined as

ÅExample:
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Properties of Plackett-Luce Model

ÅObjects:  ABC

ÅScores:

ÅProperty 1:   P(ABC) is largest,  P(CBA) is smallest

ÅProperty 2:   swap B and C in ABC, P(ABC)> 
P(ACB)

80
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KL Divergence between Permutation 
Probability Distributions
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ListNet

ÅParameterized Plackett-Luce Model

ÅRanking Model:               = Neural Net
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ListNetόŎƻƴǘΩύ

ÅLoss function = KL-divergence between two 
Top-k probability distributions from ground 
truth and ranking model

ÅAlgorithm = Gradient Descent
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ListMLE

ÅParameterized Plackett-Luce Model

ÅMaximum Likelihood Estimation
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Plackett-Luce Model
(Top-k Probability)

ÅComputation of permutation probabilities is 
intractable

ÅTop-k probability

ïDefining Top-k subgroup G(o1éok) containing all 
permutations whose top-k objects are o1, é, ok

ï

ïTime complexity of computation : from n! to

ÅExample: 
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3.5  Direct Optimization of 
Evaluation Measures
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Direction Optimization Methods

ÅAdaRank

ÅPermuRank

ÅSVM MAP
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Listwise Loss
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AdaRank, SVM-MAP, PermuRank

ÅOptimizing different upper bounds (surrogate 
loss functions)

ÅLoss Function

ÅType One Upper Bound

ÅType Two Upper Bound
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Relations between Upper Bounds
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AdaRank
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AdaRank

ÅOptimizing exponential loss function

ÅAlgorithm: AdaBoost-like algorithm for ranking
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Loss Function of AdaRank
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Any evaluation measure
taking value between  [-1,+1]



AdaRankAlgorithm
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Theoretical Results on AdaRank

ÅTraining error will be continuously reduced 
during learning phase.
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SVMMAP
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Global Ranking Function
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Equivalent to ranking with localranking function (plus sorting)
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Ranking with Global Function

ÅABC

ÅACB
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Type Two Bound
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