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This Tutorial

A Learning to rank for information retrieval
T But not ranking problems in other fields.
A Supervised learning
i But not unsupervised or sersupervised learning.
A Learning in vector space
i But not on graphs or other structured data.
A Mainly based on papers at SIGIR, WWW, ICML, and NIPS.

i Papers at other conferences and journals might not be covered
comprehensively.
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Background Knowledge Required

A Information Retrieval.
A Machine Learning.
A Probability Theory
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Outline

A Introduction
A Learning to Rank Algorithms
i Pointwiseapproach
i Pairwise approach
i Listwiseapproach
i Analysis of the approaches
A Statistical Ranking Theory
i Querylevel ranking framework
i Generalization analysis for ranking
A Benchmarking Learning to Rank methods

A Summary
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Introduction

Overwhelmed by Flood of Information
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Facts about the Web

A According tovww.worldwidewebsize.conthere are
more than 25 billion pages on the Web.

A Major search engines indexed at least tens of billions
of web pages.

A CUIL.com indexed more tha20Billion web pages.
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Ranking is Essential
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Applications of Ranking

A Document retrieval

A Collaborative filtering
A Key term extraction

A Definition finding

A Important email routing
A Sentiment analysis,

A Product rating

A Anti Web spam

A X X
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Scenarios of Ranking
(Document Retrieval as Example)

A Rank the documents purely according to their relevance with
regards to the query.

A Consider the relationships of similarity, website structure, and
diversity between documents in the ranking process
(relational ranking).

A Aggregate several candidate ranked lists to get a better ranke
list (meta search).

A Find whether and to what degree a property of a webpage
influences the ranking result (reverse engineering).

A X
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Evaluation of Ranking Results

A Construct a test set containing a large number of
(randomly sampled) queries, theissociated
documents andrelevance judgmentfor each query
document pair.

A Evaluate the ranking result for a particular query in
the test set with arevaluation measure

A Use the average measure over the entire test set to
represent the overall ranking performance.
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Collecting Documents for A Query

A Pooling strategy used in TREC

i A pool of possibly relevant documents is created
by taking a sample of documents selected by the
various participating systems.

i Top 100documents retrieved in each submitted
run for a given query are selected and merged intq
the pool for human assessment.

i On average, an assessor judges the relevance of
approximately 1500 documents per query.
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Relevance Judgment

A Degree of relevance
i Binary: relevant vs. irrelevant

i Multiple ordered categories: Perfect > Excellent > Good >
Fair > Bad

A Pairwisepreference

i DocumentAis more relevant than s
documentB i?‘l?’l?‘;"?‘?‘

A Total order by
A Documents are ranked as {A,B,C,..} | /
according to their relevance
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EvaluationrMeasure- MAP

A Precision at positiok for queryq:

P@k = #{relevantdocumsntm topk result$

A Average precision for query
a PakaQ,
P= k
#{relevantdocumentps
141 2 3§
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A MAP: averaged over all queries.
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EvaluationrMeasure- NDCG

A NDCG at position for queryq:

NDc%eHn)hm ]

Normalization Cumulating Gain Position discount

Glo () =2"" - 1, A(j)=1/log(j +1)

A Averaged over all queries.
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EvaluationMeasure- Summary

A Querylevel: everyquery contributes equally to the
measure.

T Computed on documents associated with the same query.

T Bounded for each query.
T Averaged over atest queries.
A Positionbased: rank position is explicitly used.
T Topranked objects are more important.
T Relative order vs. relevance score of each document.
T Non-continuous and nosifferentiablew.r.t. scores

Conventional Ranking Models

A Querydependent
I Boolean model, extended Boolean model, etc.
T Vector space model, latent semantic indexing (LSI), etc.
T BM25 model, statistical language model, etc.
T Span based model, distance aggregation model, etc.

A Queryindependent
i PageRanklrustRankBrowseRanketc.
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Problems with Conventional Models

A Manual parameter tuning is usually difficult,
especially when there are many parameters and the
evaluationmeasures ar@on-smooth.

A Manual parameter tuning sometimes leads to over
fitting.
A It is nontrivial to combine the large number of

models proposed in the literature tobtain aneven
more effective model.
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Machine Learning Can Help

A Machine learning is an effective tool
T To automatically tune parameters.
T To combine multiple evidences.
T To avoid ovefitting (by means of regularization, etc.)

Aa[ SENYyAYy3I G2 wl y]
i In general, those methods that use
machine learning technologies to solve ¢

the problem of ranking can be named ¢
Gf SENYyAYy3I G2 NIy
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Learning to Rank

A In most recent works, learning to rank is
defined as having the followirtgvo properties
i Feature based,;
i Discriminative training.

Feature Based

A Documents represented by feature vectors.

T Even if a feature is the output of an existing retrieval
model, one assumes that the parameter in the model is
fixed, and only learns the optimal way of combining these
features.

A The capability of combining a large number of
features is very promising.

T It can easily incorporate any new progress on retrieval
model, by including the output of the model as a feature.
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