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Talk Outline

ÅSearch = Ranking

ÅTraditional Approach to Search Ranking

ÅLearning to Rank

ÅOur Work: Listwise Approach

ïProbabilistic Model for Ranking

ïDirect Optimization of Evaluation Measures

ÅChallenges and Opportunities



Means for Information Access
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Current Approach
Search = Ranking



Ranking Problem: 
Example = Document Retrieval
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Ranking based on Relevance, 
Importance, Preference



Relevance

ÅNo rigorous definition

ÅQuery = άōŀǎŜōŀƭƭέΣ document = about baseball 
Ą document relevant

ÅJudgment by humans: several levels, 

e.g. άǊŜƭŜǾŀƴǘέΣ άǇŀǊǘƛŀƭƭȅ ǊŜƭŜǾŀƴǘέΣ άƛǊǊŜƭŜǾŀƴǘέ



Key for Relevance: Matching between 
Query and Document
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Traditional Approach to Search 
Ranking



Probabilistic Relevance Model
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Okapi or BM25
(Robertson and Walker 1994)
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Learning to Rank

6/17/2008 12



Learning to Rank
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Issues in Learning to Rank

ÅTraining Data Creation

ÅFeatures

ÅLearing Process

ÅEvaluation Measures

ÅRelations with Other Learning Tasks

ÅExisting Approaches
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Training Data Creation

ÅRank  

ïe.g., relevant, partially relevant, irrelevant

ÅOrdered Pair

ïe.g.,  A > B,  B > C
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Data Labeling Learning
)(xfy=

Feature 
Extraction
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Features

ÅRelevance: BM25

ÅImportance: PageRank
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Evaluation Measures

ÅImportant to ranking top results correctly 

ÅMeasures

ïNDCG (Normalized Discounted Cumulative Gain)

ïMAP (Mean Average Precision)

ïMRR (Mean Reciprocal Rank)

ïWTA (Winners Take All)
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NDCG

ÅExample:  perfect ranking for 

ï(3, 3, 2, 2, 1, 1, 1)

ï(7, 7, 3, 3, 1, 1, 1) 

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

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

ÅAn imperfect ranking for the query will always 
decrease NDCG
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Relations with Other Learning Tasks

ÅNo need to predict category (or ordered category)

vs Classification

ÅNo need to predict value of 

vs Regression 

ÅRanking order is more important

vs Ordinal regression

),( dqf
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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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Existing Approaches

ÅPointwise Approach (Ordinal Regression)

ïSVM for Ordinal Regression (Shashua & Levin 2000) 

ÅPairwise Approach

ïRanking SVM (Herbrich et al 2000)

ïRankBoost (Freund et al 2003)

ïRanknet (Burges et al 2005)
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Previous Work: Pairwise Approach

ÅTransforming ranked list into document pairs

ÅFormalizing ranking as classification on document pairs

ÅRanking SVM, RankNet, RankBoost
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Problems with Pairwise Approach
ÅLearning is suboptimal

ïNot to optimize evaluation 
measures (e.g. NDCG and MAP)

ïPairwise loss decreases, but 
accuracy does not increase 
accordingly

Pairwise loss vs. (1-NDCG@5)
TREC Dataset
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Our Proposal: Listwise Approach
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Probabilistic Model for Ranking
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Plackett-Luce Model
(Permutation Probability)

ÅProbability of permutation “is defined as

ÅExample:
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Properties of Permutation Probability

ÅObject: ABC

ÅScore s:

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

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

296/17/2008
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Plackett-Luce Model
(Top-k Probability)

ÅComputation of Permutation Probabilities is intractable

ÅTop-k Probability

ïDefining Top-k subgroup G(j1, é, jk) containing all 
permutations whose top-k objects are j1, é, jk

ï

ïTime complexity of computation : from n! to

ÅExample: 
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ListMLE Method

ÅParameterized Plackett-Luce Model

ÅMaximum Likelihood Estimation



ListNet Method

ÅLoss function = KL-divergence between two Top-k
probability distributions (ű= exp)

ÅModel = Neural Network

ÅAlgorithm = Gradient Descent
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Direct Optimization of Evaluation 
Measures
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Listwise Loss
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AdaRank, SVM-MAP, PermuRank

ÅOptimizing Different Upper Bounds

ÅLoss Function

ÅType One Upper Bound

ÅType Two Upper Bound



Relations between Upper Bounds



Loss Function of AdaRank

37

Any evaluation measure
taking value between  [-1,+1]
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AdaRank Algorithm
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Theoretical Results on AdaRank

ÅTraining error will be continuously reduced 
during learning phase.
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Summary of Experimental Results

ÅListwise approach performs better than pairwise 
approach!

ÅListwise approach

ïListMLE, ListNet, AdaRank, PermuRank, SVM-MAP 
(Yue et al)

ÅPairwise approach

ïRanking SVM, RankNet, RankBoost



Challenges and Opportunities



Challenges

ÅHow to create high quality training data

ÅGeneralization ability

ÅAdaptation to different query sets, domains, 
user groups

ÅTaking into consideration other factors in 
ranking: freshness, diversity



Summary
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Summary

ÅSearch = Ranking

ÅTraditional Approach to Search Ranking

ÅLearning to Rank

ÅOur Work = Listwise Approach

ÅChallenges and Opportunities
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