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Tutorial Goals

A Provide insight into core ML problems in IR

A Survey recent higimpact ML contributions to IR

A Highlight areas with promising opportunities for ML
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Tutorial Overview

1. IR: Background and Challenges for Learning

2. Recent Advances at-lRL Crossroads
T Modeling relevance
T Learning from user behavior
i Learning to rank

3. Emerging Opportunities for Learning in IR
T Online advertising
T Riskreward tradeoffs for retrieval algorithms
I Learning complex structured outputs

4. Summary and Bibliography

IR Overview
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A Industry-defining applications: search, advertising, recommenders

A Major research areas
I Modeling and estimating user intent
I Processing and modeling information from documents
T Selecting and ranking relevant results, incorporating feedback

A Core IR problems areodeling and prediction tasks




IR Increasingly Relies on ML

A Classic IRheuristicshat capture querydocument similarity
i TFIDF, BM25RocchicOf  8aA FAOI GA2Yy S X

A Last 15 years: using evidence soulfsegond document text
i 520dzYSy G aaNyzOG dzNB Y Ke LISNIUSEG L]
i Collection structure: annotationoffnAy1 & ol yOK2NJ (S
i User behavior data: from past clicks to browsing patterns

A Query and document models are becoming increasingly compl
i [ Fy3dz- 38T &aiGNUz2OGdzNBE NBflFGA2yas
T Rich applications for generative, discriminative and hybrid approaches

A Heuristics cannot scale, ML is the obvious solution

IR: Cornucopia of ML Problems

A Classification content/query categorization, spam detection,
SyagAade NBEO23IyAGAZ2YI X

A Ranking result selection and ordering

A Clustering retrieval result organization, user need segmentatig
A Semisupervised learning unlabeled data is omnipresent

A Active learning ranking, recommenders

A Multi-instance learning image retrieval

A Reinforcement learningonline advertising
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Basic IR Processes

—ﬂ Information Need ‘

Representatio

Query Comparison <—‘ Indexed Objects “"'1

Representatio

‘ Retrieved Objects ‘

Evaluation/Feedback R REEEEEEE

Characteristic IR challenges

A Uncertainty: task, topic, relevance, resources
A Scale: feature space, size, speed tradeoffs

A Evaluation and Feedback: user satisfaction
A Temporal: freshness and drift

A Adversarial: spam and security
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IR challenge: task variation
From precise lookup to random browsing

A Users may not knowow
to ask for what they need

A Oreverwhati KSe& vy S
A Ambiguous intent

Retrieved Objects

Decreasing precision of request

Queries can have multiple potential inter
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IR challenge: What if query and document
0§SN¥Ya R2y Qi YI G§OKK
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How can we formalize this vague notion of
WNBf SOFyOSQ FT2NJ £SI

A System2 NA SYGSRQ NBf SgFyOSYy
I Overlap in representations of Q and D

A But simple overlap ignores many important factors, such as
I Preferences and prior knowledge of user who issued req
I Task that prompted the request
i Other documents in collection
I Previous queries of this or other users
i External information on the (non) relevance of D

A Mizzarro[1997] surveyed 160 different formulations of
relevance for IR tasks

6/17/2009



What if information is distributed across maur
sources?

AMany data sources may tieddenor
unavailableto standard Web crawlers
ANot all sources may bep-operative
Alnformation sources may all be within
the sameorganization or even same
search system (tiers, index partitions)

AScience.gov searches 38 databases
and 1,950 selected websites.
A 200 million pages of U.9.2 @ Q i
scientific information, e.qg.
APubMed
ANASA Technical Reports
ANational Science Digital Library
ANational Tech. Info. Service

IR challenge: Multiple resources

Al2g G2 tSINYy o6KFGiQa A - NB&a2dzNDOSK
i Querybased sampling
[Callan2000]

A Learning which resources are best
for a given query

i Resource selection [Si 2004]
A There is aostfor accessing a resource
i Learning when NOT to access a resource
A Merge results returned by different searches

i Metasearch learning how to calibrate & combine
[Aslam& Montague 2001]

1 Information extraction and integration: Extract relevant name from one pl3
NBt SO yild f 20F i ANRws FoxN®RI2003] Yy 2 1 KSNE X

Indexed
Objects
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IR challenge: scale

A Must scale over users/collections/dimensionality

A High throughput, reatime requirements of online
systems: test timestraining time complexity
T e.g. typical 250ms cutoff, with timeouts for subsystem

dependencies much shorter.

A Huge number of potential features

Unstructured data

T Ambiguity, subtlety, complexity of human language
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IR challenge: Evaluation, groutrdth and
feedback uncertainty

A Uncertain/noisy evidence:
A Implicit feedback
A Clickdata, user behavior
A Pseuderelevance feedback
A Explicitteedback

i GCAYR AAYATINEZ daz2NB fA]

A Formal relevance assessments
T Missing or limited data, assesstisagreement
A Covered in detail later for evaluation and user modeling

IR challenge: Adversarial issues

Al 2yiAyd2dzasr S@2ft OAy3A 690
spammers
A Search: Artificial ranking increasesatitract visitors
A LinkfarmS[Eiron McCurley Tomlin 2004; Du, Shi & Zhao 2007]
A Keyword SthﬁngNtoulas Najork Manasses Fetterly 2006]
A Cloaking and redirectiofu and bavison 2005]
A Ads: aggregators, bounce rageuleyet ai. 2009 clickbots
A Majority of issues at crawl & index time
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IR challenge: Temporal issues

A Web is dynamic: keeping pace with changing
content,size, topology, and use

A Freshn €S § ewandowski 2008]

A Modeling page updategdar et a. 2009:@and user
reViSitation[Adar, Teevan, Dumais 2008]

A Crawling strategies must optimize for
multiple goals, including:

A Optimize allocation of bandwidth, computimgsources
A Reuvisitation frequency for freshness

A Politeness

A Parallelization: coordinating distributed crawlers
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Outline: Modeling relevance

A Background on text representation and
probabilistic retrieval models

A Generativevs.discriminative methods
A Focus applications:
i Language modeling for retrieval, query model smoothing

I Query performance prediction
i Adaptive filtering

Highly simplified summary
of IR retrieval model development

Boolean:
Binary vector

. 2

Vector space,
term weighting,
Ranked results

Language modeling

approach Learning to rank
. & risk minimization

Classic probabilistic
models -

Adaptive filtering

o
Inference Discriminative models :
networks logistic regression, SVM
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tf, ; =frequencyf termiin documend

N = totalnumbeiof documents collection
df, = thenumbeof documentthatcontain temi
A Increases with the number of occurrenagithin a doc
A Increases with rarity of the termcrossthe whole corpus

A tf.idf approximates a Fisher kernel for tBerichletCompound
Multinomial [Elkan2005}.

Combining tf.idf with the classical
vector space model

A Vector space scoring function is very general:

CcC C e N .
: — — UAV — a. i:]_ui ®I
RO Jar fa

A Retrieval becomes lanearestneighbor problem in a high
dimensional feature space

A Relevance is measured by distance from query
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Probabilistic IR methods provide a principled
foundation for reasoning under uncertainty

A Underlying problems:
1. Ranking documents
2. Traditional IR: Doc/query matching is semantically imprecis

Can we use probabilities to quantify our uncertainties?

A Step 1: Assigprobability of relevancéo each document

A Step 2: Rank documents: highest probability get highest rank

A2S 206aSNBS | dzaSNXQA |jdzSNE v
addition to document D

A Probability Ranking Principleank documentsn order of
probability of relevancéo the information need

Classical probabilistic retrieval model

[Robertson &SparckJones 1976]

A Treats retrieval as a kind of NaBayeslassification
problem with relevant/nonrelevant classes

A Binary independence model (BIM):
i Only presence/absence of terms is used: no term frequenc
i Terms are treated as independent

1. Assign feature weights to query terms
i How does each term contribute to relevance?

2. Score documents
i'RR 6SA3IKGIa o0a@g20iSac¢o 27

(r; +0.5)(N — R—n;+ r; +0.5) [n;, r;]= count of[docs, relevant docs]

wy; = log — - .
S (R—ri+05)(n; — i +0.5) containing ternt;
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Okapi: Adding term frequency via the
two-poissonmodel

A Twopoissoy | R2O0dzySyd Aa Wl o2dzi
P WOEAGSQ GSNX¥a INB GSN¥a (K
T Replace presence/absence with queéeym eliteness
AElitenesss ay Qi 1y26y RANBOGTE &
from statistical models
A Okapi / BM25 weighting:
T One of the most effective current weighting schemes
T Estimateelitenessweights from observed term counts
ARSJ weight, TF factor, correction for document length

BM25

5 jpN-df +05, (k, + 1) Gf , (k, +1) Gyt
ti Q,D df +05 ki(l' b)+bQ dl P_'_tf k3 +qtf
avgd

k I [1.0,2.0], busually0.75,k, I [0,1000]

ok, b andk; are parameters which depend on the nature of the queries and
possibly on the databas&; andb default to 1.2 and 0.75 respectively,
but smaller values df are sometimes advantageous; in long quekess
2F0Sy aSd G2 v 2N wmnnn O0SFFSOGAOLS
[Robertson and Walker, 1999].
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The Language Modeling
Approach to Information Retrieval

A Queries and documents are samples from language models
whose parameters must be estimated

w Pl @) s
s o3 || il D(q q)
ebola 107
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e, ||| q’d
o ao =
a 0.024 =
al 3.023 B
1 0 g
securit X B
hiv
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q = ebola viru:

Language model retrieval:
Query likelihood

- — ‘ P(W| Q)

- :>‘ P(w| D)
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Language model retrieval:
Document likelihood

-:>‘ P(W| Q)
-:>‘ P(w| D)

Language model retrieval:
Model comparison

-:>‘ P(W| Q)
i |
-:>‘ P(w| D)
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Regularization in the LM approach

[Zhai& Lafferty 2001]

A Goal Provide estimates for missing or rare terms.
A Approaches are constrained by efficiency for retrieval

JelinekMercer. InterpolateMLER(t | M) with collection MLE
p,(wld) =/ (p(w|d)+(1- /)p(w|C)

Dirichlet Conjugate prior for multinomial distribution
o.(w|d) = c(w,d) + mp(w|C)

|d|+m

Two-stage JM +Dirichletfor both short and long queries

p.wid) = (- /) WD ETPWIC) L)y 0y
d|+m

AThese ignore dependencies between terms

Semantic smoothing: Exploiting semantic
dependencies between words or phrases

A Relations between two terms are
defined by link functions

A Link functionss, ... <, mixture ‘—‘
parameters |,

I Synonyms

i Morphology (Stems) _1 aL 0
W |w_)==—ex i)/ (w,w )0

i Free association data P [W..) z %?;qu() (W 1)+

1 Cooccurrence

A Top documents
A External Web corpus

A Random walk on translation graph

A Statistical translation modelgerger
& Lafferty 1999]

[CollinsThompson & Callan, 2005]
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