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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

. R
, \ - Columbia
@ T2, clothing/sportswe

Columbia Records
music/video

r sp
v auhonty |
[Courtesy of FRadlinski~~~
MSR Cambridge]
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IR challenge: What if query and document
0§SN¥Ya R2y Qi YI G§OKK

ltds easier |[to
choose the optimal
«|set of equities  to
~"| buy if you know

your tolerance for

risk in the market

Aipicking the
best stock market
portfolio

0

Original
Query E> Search

Engine

= If you want to
| market  your skills
you can build your

own portfolio of
stock photographs

by choosing the
best ones in your
collectioné

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
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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

Tutorial Overview

=

IR: Background and Challenges for Learning

N

Recent Advances at-IlRL Crossroads
T Modeling relevance
I Learning from user behavior
I Learning to rank

w

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

B

Summary and Bibliography
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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

6/17/2009
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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;

6/17/2009
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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].

6/17/2009
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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
I 0.051 == 1
e, ||| q’d
o ao =
a 0.024 =
al 3.023 B
1 0 g
securit X B
hiv
zaire
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)

6/17/2009
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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]

6/17/2009
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Document Scoring via
aye@ian Degision Theory

r(d|q,C,U,S)= ;jQ QD(%,%) P9, 1a,U) p(gs |d, S)dg,dqg,

Handlingtopic uncertainty expectationover all possible models
Handlingrelevance uncertaintyspecify concrete logsinction

Document sourceSfor documents in collectio, userU. Present a subset of documerds

Source: C. Zhai, Risk Minimization and Language Modeling in Text Retrieval, Ph

Dissertation, CMU, 2002.

Latent Dirichlet Allocation siei, ng, sordan. 2001
and other generative topic models

A Specifyk: number of topics, D: docs in corpus ~ * ~Dirichle(")
A Learning,i gives information Zz:n\%lltci:fn(:i;w)
about the corpus: w ~Multinomial( )
h . Semantic diversity of docs
i : How similar topics are @?
‘ : Prob. of each topic in each document
A Topics and words can vary in generality z
A LDABurstyin topics, but not in words ®FOHw
A Hybrid: DCM_DADoyle &Elkan ICML 2009] : g

i Captures topic + worburstiness
A Advantage: Reasonable assumptions, interpretable parameters
A Disadvantage: Not good at handling outliers

6/17/2009
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Generative Relevance Model

[Lavrenka2004]

Commeon Representation Space
R X Latent representation

X x ’,:“ @ Relevant document
/ O Nou-relevant docun
// W User's request A
/ . [ Relevant sob-space \\
y \
Query generator f o N
qZQ(xll-" \ Document generator , [ ‘:‘\
/ N\ d=Dx y e \\\
e ’/ rd \‘\ e rd - \\
- Y A LDA
Query Space Document Space n

ADifferences from LDA:
AEffective at capturing outliers / rare events
AFew structural assumptions, ea&efficient to train
(Free parametexk controls estimator variange e i
ABeyond text: Learn models of text + image correspondence GRM
via shared relevance/semantic space

Markov Random Field retrieval scoring
[Metzler & Croft 2005]

AUndirected graphical model

AEdges capture dependency assumptions

A Arbitrary features

ALinear scoring function

APrefers documents containing features
that reflect dependencies present in query

apollo ' moon | landing

P.@QD)=2 Oyl)

L dc(G)

P @D) S A/ L0+ A/ LO+E /L LO+E /.50
dD

d T d Ogp dUgp

Individual

(e Ordered Unordered

query terms [l query terms

Document
LM or BM25
weights

6/17/2009
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Discriminative and hybrid models

A Logistic regressiogey19o4]
A Linear featurebased models

I Linear discriminant modelpt 2 Sd Ft® Wnpé

T MaxEnt{Cooper 1993Nallapati2004]

1 Markov Random Field modela $G1t SNJ I yR / NRF(G Wnp8
A Challenge: many negative, few positive examples

A Learning methods
T Direct maximization [Metzler and Croft 2007]
i Perceptronlearning Gaoet al. 2005]
T RankNefBurges et al. 2005]
I SVMbased optimization
A Precision ak [Joachim£005]
A NDCG [Le anSmola2007]
A Mean Average PrecisioN{ieet al. 2007]

Goal: Useontextto learn a more complete A
NBLINBaSyal A2y 2F GKS

auto

automobile
cedes car repairo I SI1Elp

i mer
benz
service
Query Rerank
Initial Top k —— | Expansion— or
Query E> retrieved Algorithm expanded
documents query

T

Applications
AQuery expansion and alterations

A Applying search personalization forranking

Aal GOKAY3I &aK2NI GSEG ayalLlL

6/17/2009
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Learning from evidence related to tepnked
documents,as context

O o

lgf.'

Original
Query E>

I

Expanded
—> Query

retrieved
documents

Method

Language Modeling Approgi®”” iy, = (1 — a) By +a-bg

AUnsupervised learning: implicit relevance (psedeedback)
ASemisupervised learning methods [Zhu 2006]

A Propagate explicit document labels through similarity graph
Almage retrieval: selective use of very large numbers of features,
on-line learning

Ae.g. BoostingTieuand Viola, 2000]

Query performance prediction

Given query, collection and possibly initial results predict:

1. Query difficulty what is likely precision of the telpdocs?
A Work harder or involve user if poor results predicted

2. Resource selectioWhen is a collection NOT likely to satisfy a
query?

A Federated search: save access costs, reduce noise

3. Expansion riskWhen is query expansion likely to be
effective?

A Big win if we could accurately predict when and how to
perform for any given query

21



Learning to predict query difficulty

A Classifier using features based on agreement between result sets
from initial query andsubqueriegyomTovet al. 2005]

A Prevretrieval predictorgHe &0unis2004]

A %uery clarity: divergence of teganked LM from general collection
[CronenTownsénd, Zhou, Croft 2004]

A Sensitivitg to query and document perturbation
[Vinayet al. 2006]

A Divergence of multiple scoring functiopsiama Paviu2007]

A Typical Kendatiau with average precision: 0.2@.50
A Promising early results, but further improvements needed

A Core problems:
i Estimating prediction confidence
T Selective allocation of computing resources

Adaptive filtering system

’ Initial information need ‘ ’ Document Stream H ‘D D

Representatio Representatio
User T ’ Indexed Objects “"'1
Model '

!
’ Selected documents ‘D D D

User Feedback

6/17/2009
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Adaptive filtering systems require more
dynamic retrieval & user models

raditional IR systems:
Relatively static collection, ranking
|Iter|ng systems:

Handle a dynamic stream of new documents, and make yes/no decisions
about when to alert user to important new information

Based on implicit or explicit feedback
Evolving user profile which is updated frequently
Explorationvsexploitation (active learning)

valuation: TREC Filtering Track with adaptive filtering task
arly systempsurveyFaloutsos Oard 1995]

Exemplar documents create an implicit standing query
New documents treated as queries, compared against exemplar

roblem Learn user profiles efficiently from very limited data.

Adaptive filtering: Active learning

[Zhang 2005]

With existing training data D ={(y,0 = x X3} with scoreg;, labelsy,

Exploitation Make the user happy now:

wumwgé&mwmmmmm

Exploration Ask user for feedback now to increase future happiness:

U,(x|D) =& p(y|x D)Qos{DC{x,y}) - Los{D)

Overall utility combines both:

U (x| D) =U,(X] D) + Neyrypdd (X D)

Deliver touseif U(x|D)2 0

6/17/2009
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Adaptive filtering :
Bayesian frameworkng 20

A Constrained MLE: integrate expert heuristic algorittfRodchi) as
Bayesian prior for logistic regression

i FindRocchiadecision boundary

i Prior: Find LR MLE with same decision boundaBoashio
A Model complexity controlled by amount of training data
A Better than eitherRocchioor logistic regression alone
A Beyond relevance:

I Novelty, readability, authoritgzhang, CallarMinka 2004]

Tutorial Overview

=

IR: Background and Challenges for Learning

N

Recent Advances at {RIL Crossroads
T Modeling relevance
I Learning from user behavior
I Learning to rank

w

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

B

Summary and Bibliography

6/17/2009
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A Machine Learning Approach

A Get some data labeled with the ground truth
I Force the user to give feedback?
T Expert Judges?
T Implicit Feedback?

A Train a model

A2 SOQNF R2yS
i Better Performance?
A More data
A New features
A New learning algorithms
i Iterate until performance reaches desired level

LwQa C20dza 2V

A The user is central in information retrieval.

A Evaluation Design
i Construct hypothesis about what matters to the user.
i Formulate a way to test hypothesis.
i Study users to find where hypothesis breaks down.

A Getting at user satisfaction requires revision of ddtaven
performance metric as well as features and models.

6/17/2009
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IR + Machine Learning
(Better Performance)

A Construct hypothesis abolow to predictwhat matters to the
user.

A Formulate a measure to optimize.
A Train a model.
A Look for errors in modeb improve model.

A Look for mismatch in measure target new measure, design
new approach

IR + Machine Learning for Data Mining
(Better ground truth, features)

A Construct hypothesis about what matters to the user.
A Formulate a measure to optimize.

A Formulate a hypothesis regarding connection between data
and measure to optimize.

A Mine for patterns that match hypothesis add as feature for
ranker, convert to ground truth

A Mine for patterns that violate hypothesis> target new
measure

A This section will present a series of examples focused on W
search that fall into these paradigm&eneralessons apply to
any IR task.

6/17/2009
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Hypothesis: Search Is simply many
classification tasks.

A9 OK AYF2NXNI GA2Y ySSR Aa
machine learning.

A For each concept, some items are relevant and others
not relevant.

A We know how to approach this:

I Take query, document pairs and give them to a human releva
expert to label them as relevant and not relevant to the query

I Optimize a measure of accuracy over these.

Ambiguous Queries

St. Louis Cardinals | MLB at CBSSports.com

ule
e Complte St. Louis Cardinals L8 BassballCoverage at CBSSpors com Baseball?
Cheerlead g )
The Official Site of the Arizona Cardinals

Spring Training

o Pt 10 50 the cardinals ply intampa? Football?
Rumors zcardinals com/splast ardssteelers.p Q
Images i .
Videos Cardinal (C: - the free dia Cathollc‘)

A cardinal is a senior ecclesiastical official, usually a bishop, of the Catholic Church. They are
collectively known as the College of Cardinals, which as a body elects a new pope
History - College and orders of ... - Titular church - Orders

Birds?

Cardinal (bird) - Wikipedia, the free encyclopedia
The Cardinals or Cardinalidae are a family of passerine birds found in North and South America. The
Stanford?

South American cardinals in the genus Paroaria are placed in another family, the

Cardinals GM
Cardinals GM - Breaking down St. Louis Cardinal baseball ... Welcome to Cardinals GM. This is
not your typical St. Louis Cardinals fan blog.

cardinalsgm.co:

St. Louis Cardinals - Cardinals Baseball Clubhouse - ESPN
St. Louis Cardinals news, schedule, players, stats, photos, rumors, and highlights on ESPN.com

Arizona s News, Schedule. Players, Stats, Video - NFL - ESPN

Asizona Cardinals news, schedule, players, stats, photos, rumors, and highlights on ESPN.com

Arizona Cardinals Football Team Home Page - FOX Sports on MSN

27



Locale & Ambiguity

Madison Square Garden - Official WWeb Site

Madison Square Garden - The World's Most Famous Arena in the heart of New York City. Get
tickets for the New York Knicks, New York Rangers, concerts, boxing, the circus, and more
wwiw thegarden.com

Monosodium glutamate - Wikipedia. the free encyclopedia

Monosodium glutamate, also known as sodium glutamate and MSG, is 2 sodium salt of the non-
essential amino acid glutamic acid. It is used as a food additive and is commenly marketed
Production and .. - Gommercialization - Health concerns

en.wikipedia i ium_glutamate - enhar

MSG: a neurotoxic flavor enhancer
Focuses on the issue of monosodium glutamate in food and drugs, which some peaple consider is
causing their health symptoms.

Conditioning on locale (IP)ec encyciosedia

=ommon abbreviation for message. Madison Square Garden, a sports

of query can reduce nosodium glutamate, a common food addtive In music. M.5.G

effects, but to a New
Yorker typing a query in

ther uses
nhanc

nights on MSG. Stay on top of the NHL scene with our panel of experts

[ ! msgd & GAT  TENEFDT0f &
means Madison Square

Garden.

cts of MSG on the human body. a list of foods that contain the
= and related research studies

MSG.com Video On Demand Home

Ambiguity by Result Type

Books?

Software?

Tech. Paper

support vector machines

Enter your search term

ALLRESULTS

Support Vector Machines - hitp /i dtreg com
Create SVM and neural network models for data prediction and modeling

Support vector machine - Wikipedia. the free encyclopedia
Classifying data is a common need in machine leaming. Suppose some given data points each
ng 1o one of two classes. and the goal is to decide which class a new data point will .

. lo
An overvlewﬁnwaunn-Fnrmal\zahnn-F’rnper\las-E)ﬂenSmnS to the .. - Multiclass SVM
o

n wikipedia.org/viki/ Support_vector_machine

Il - Support Vector Machines
M. support vector machines, SVMC. support vector machines classification, SVMR, support
vector machines regression, kemel, machine learning, patter recognition, cheminformatics
support-vector machines.org

Support Vector Machines - The Book
‘An introductory book to the field of Support Vector Machines, a novel machine leaming algorithm
/. support-vector.net

Support Vector Machines. Neural Networks and Fuzzy Logic Models

A textbook that provides an introduction to the field of leaming from experimental data and soft
computing
support-vector ws

LIBSVM - A Library for Support Vector Machines
An integrated and easy-to-use tool for support vector classification and regression
www Csie.ntu_edu tw/~cjlin/libsvm

Kernel i Org — Kernel
A central information source for the area of Support Vector Machines, Gaussian Process
prediction, P with Kemels, etworks,

wanw kemel-machines.org

6/17/2009
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The Long Tail & Ambiguity

Singing turtle - wnw.eBay.com % Bing cashback
Buy Singing turtle. You may get 8% of with PayPal f sligible

a happy mix-up. This one's at least nine years old, but | cant

December 20, 2008
nTVtd-psE - ca page

YouTube - Turtles Singing Video

Turtle singing "Happy Boy" ___ Hil Grandma49 here again. System crashed. Lost this video. Want
to

Wy youtube.com/watchv=aXVHwip3U98 - cached page

With the millions of s Hopey "?S“CB‘;TM
iy
possible queries, finding 7233
JUdges that knOW What I firewood in the village to _.. Can this story haw n appy ending?
rms THE SINGINGTLIRTLEthh dpppt a traditional

many queries meaa i za
priori can be problematic.

the birds, los pajaros, are
www.marilynkin

pped to am. PROPS: _._ sun, el sol, is shining,
e to play a happy -

Turtles Ha ppyTgth
the heck they'

try/nostalgia: Know what

PPYTQM \y e poe
&Th Pp Lyrics: The Animals

O ELISNI ¢ WdzR 3

A Ambiguityc in many forms
i A query is an ambiguous representation of an underlying
information need. Only the issuer of a query knows the actue
information need.

AdwSt SgIF yOS¢
i Not only do we need to know the information need, we need {
1lYy296 UKS dz;aSNXQRaA RSTAYAUAZY

i Topical? Authoritativeness? Quality? Reading Level? Conditi

on other results (novel, diverse viewpoints)?

6/17/2009
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More Expert Judging Issues

A 1think | can get experts trained closely enough to reflect the ave
dza SNX o0dzt UKSNBQa auAff X

A cCalibrating judges
i Want the interpretation of a score to be the same across queries.
i Different judges for the same query

A New content
T How are new documents judged for relevance on a query?

T If judges are more likely to be consistent if all judging occurs at the same
for a given query, does new content mean relabeling all documents for thg
query?

A Changed Content
T Documents on the web, desktop, intranet can change frequently.
T Does relevance need to lsejudgedevery time content changes?

Current IR CollecticBuilding

A Which queries?
i Sample from logs.

A How many queries?

i The proportion of variance in estimated system performance attributable to differences
the query set vs. system differences is highly dependent on the number of queries
(Carteretteet al.,SIGIR 2008).

i Make number of queries very big.

A Which documents?

i Topdby current systenpooledfrom several systems, top by content methadd.BM25),
random

A Desire minimal labeling effort (cost) for ranking retrieval systems by performa
or estimating performance
i Carteretteet al. (ECIR 2009) present overview and study of current methods.

i Related toactive learnindgor improving the system rather than evaluating itself. New
developing area (Aslaet al.,SIGIR 2009).
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Learning From User Behavior

A Okay, collectiosbuilding is hard. We care about userso
focus on that!

A Ins}ead of explicitjudgments, model or optimize for implicit i
YSlI adzNba dzaAy3d o0SKIGAZN] 0 Yebdl,f
¢hL{ Wnepall,{ t R B&e&retpl. L. L{ X! ! I L
I Queries, clicks, dwell time, next page, interactions w/browser
i Session level: reformulations, abandonments, etc.

At N2aY o0SKI@A2N OKIFy3Sa
relevance drives behavior, ton of data

o

Interpreting a Click

A Hypothesis: A click is a judgment that the clicked item is relevan

A Rank Biag the more highly ranked an item, the more likely it is to|
get a click regardless of relevance.

i When order is reversed, higher ranked items still typically get more clicks.
(Joachimetaz { LDLw Qnpo®

A Clicks are not an absolute judgment of relevance.
i Although we camlebiasin various ways (Agichtegtalz { LDLw Qn

A Eyetracking studies show users tend to have seen at least every
above a click and perhaps a position below it (Joackinag SIGIR
Qnpuv @

A Hypothesis: A click is a preference for clicked item to all those al
and one below it.
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Modeling Clicks as Preferences

A Click > Skip Above, Click > Earlier Click, Click > Skip Previ
Click First > N€lick Second

A Reversing the ranking satisfies many derived preferences.

A Add constraint that weights learned by ranking SVM are
positive (higher minimum value limits ranking to diverge mo
slowly from original ranking).

Owlk REAYA1A 3 W2

No ClickY Not Relevant?

Weather in Kirkland, VWA
Today 61°F-¢ Sun Mon Tue Wed

Wind: 3 mph WNW "
Humidity: 77% )

)

7255 ISIS5 TS0 TTIST 767155
10 Day Forecast - Hourly Forecast - Weather Maps - Data provided by WOT

KirklandWeather.com | Current

Live Kirkland weather conditions and forecasts from a personal weather station located in
Kirkland, Washington, a suburb of Seattle

kirklandweather.com

Kirkland Weather Forecast and Conditions Washington (98034)

Kirkland weather forecast and weather conditions for 96034 Today's Kirkland Washington
weather plus a 36 hour forecast and Doppler radar from weather.com
www.weather.com/weather/local/98034 - cac page

Kirkland Weather Forecast and Conditions Washington (98033)

Kirkland weather forecast and weather conditions for 96033. Today's Kirkland Washington
weather plus a 36 hour forecast and Doppler radar from weather.com
www.weather.com/weather/local/98033 - cached page

Kirkland, Washington (98083) Conditions & Forecast : Weather

Weather Underground provides weather information for worldwide locations, including current
conditions, hourly forecasts, radar and satellite maps. Specialized weather products
com/cgi-b getForecast?query=08083 - cached page

Kirkland, WA (98033) Weather - Forecasts, Radar Maps, Video, and News
WS Weather - Current conditions. forecasts. news. video, and maps for Kirkland, WA (98033).
weather. msn com/ocal aspxPwealocations=we:USWA0210 - cached page

Kirkland \Washinatnn (G033} Canditinns & Farecast - Weathar
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ClickY Relevant?

Intemnational Conference on Machine Leaming
Montreal, Quebec.
June 14-18, 2009

icml2009

Home
FOR PARTICIPANTS

Registration
Accomodations
Venue and banguet
Local information

The 26th International Conference on Machine Learning (ICML 2009) will be

PROGRAMME organized in Montreal, Canada on June 14-18, 2009. ICML is the leading

Schedule international machine learning conference, attracting annually about 500 participants
Tutorials all over the world. ICML is supported by the International Machine Learning
Workshops ciety (IMLS).

Student Posters

ed confer

Invited speakers
Proceedings
Awards

Dates

Le: (COLT). A Multi

= ning will
also be co-located.

The registration desk for ICML will be open June 14-17, 8AM-6PM, in the lobby of the

FOR AUTHORS
Leacock/Arts building. On June 18, the registration desk for the workshops and the

Call for papers other collocated events will be open in the Trottier and Rutherford buildings, 8AM-
Author instructions 6PM. More information is available in the ICML program booklet (a hard copy will be
Submissions distributed on-site).

Talks and posters

Schedule

Other Common Kinds of User Behav

A Abandonment; user does not click on a search result.
i Usually implies irrelevant?

A Reformulationg Users may reformulate a new query instead
clicking on a lower relevant result.
i Reformulation implies irrelevant?

A Backing Out Users may go back to the search page and cli
another relevant result.
i Last click is most relevant?
T Information gathering queries?

6/17/2009
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Last Click as Relevance Vote

A Hypothesis: user continues until they find a document that satisfies their neeq
A Goal: separate click as relevance from presentation order effects.

A Predict clicks omrlspresented in order B,A when trained from A,B order (Cras
etal 2{5a WYWnyou

A Possible explanatory models
i Baseling; symmetric probability
i Mixture ¢ click with probability based on relevance or blind clicking based on rank

i Examinatiorg examine with probability based on rank and if examined, click with probal
based on relevance
Cascade Click on document], based on probability of relevancg, and continue with
next lower document with probability, (ry).

A Active area is extending simplified assumptions of Cascade model.

[Crasweletal 2 { 5a Qny

Online Learning to Optimize Rankin

A Goalc minimize abandonments.

A Online learning forepeated queries.
i Runk multi-armed bandits.

I Thekth one is responsible for determining value of each document
kth position given chosen above.

T If click on positiork, kth MAB gets payoff to update values.
i Computing OPT offline is equivalent to set cover and iaN@.
T Bounds get (%, 1/e) OPTg sublineafT)

A Assumptions of a single click on first relevant item and that
click always occurs when a relevant item is displayed.

[Radlinsketalb>z L/ a[ Qny
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Risking Brand

A Should you display potentially irrelevant items to determine if they are relevant?

To oo o Iw

paris population m

Paris Population and Demographics (Paris. TX)

Paris complete population and statistics ...find local info, yellow pages, white pages, demographics
and more using Areaconnect Paris
paris.areaconnect.com/statistics.htm - Mark as spam

Everything is fine until someone ends up with a honeymoon in Paris, TX.
a2NB AYLRNIIydfer RAaALIXlI@Ay3d ANNBt SOyl AdGSYa

overall quality.

Potentially more susceptible to spamming as well.
Could use as a technique to collect a gold standard ranking.

Open Area

i Models that learn risk and reward and integrate that into a risk/reward tradeoff framework.
i Identifying/Predicting low risk scenarios for exploring relevance.
A Simple one is when predicted query performance is low.

Session Information

SEARCH HISTORY

icml 2009

stanley cup finals
support vector machines
regularization

gradient descent

ALLRESULTS

ICML 2009: Welcome!

ICML 2009: Welcome! The University of Queensland Library and IFLA Section of
Biological and Medical Sciences Libraries invite you to participate in the 10th International
Congress .

www.icml2009.com - cached page

1-10 of 78,100 results - advanced

ICML 2009

The 26th International Conference on Machine Learning (ICML 2009) will be
organized in Montreal, Canada on June 14-18, 2009. ICML is the leading international
machine .

www.cs.mcgill.ca/~icml2009 - cached page

ICML 2009 : The 26th International Conference On Machine
Learning

ICML 2009 : The 26th International Conference On Machine Learning - Conference
and Journal
www.wikicfp.com/cfp/serviet/event.showcfp?eventid=3826&copyownerid=1513 - cached
page
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Sessions and Browsing

A Clearly, a click for a single query is too short term.

A Use overlap in queries from the same session, clicked regtiit$p build a
fAIKUGSAIKIO LINRTAES 2F 0KS dza SNXQa

i wStlrdAa2ylrt fSENYAY3I | LILINBEOK G2 GF Af 2N
(Mihalkovas a 22y SéeZ 9/ a[ WYWndgoo

AaAyAiAy3a . NRsaAy3d tIGaGSNya o. AfSy2
I A user browses to other relevant pages starting with pages reached from a query.
i Use that browse path to infer relevance to the original query.

d; = space.com
e

e

‘ Pt Ps Ps
Personalization

A The same query means different things to different peo

A The same results therefore have different relevance val
to two issuers of the same query.

slr digital camera E

A Hypothesis: many forms of ambiguity would disappear
we could condition on the user.
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Two Views of Relevance for One Qu

From Teevaet al. (2009)

The Improvement Possible via
Personalization

Approx. decrease from trying to use
a consensus ranking to satisfy all
web users simultaneously instead of
each individually.

Decrease from trying to use a
consensus ranking to satisfy 6 users
simultaneously instead of each
individually.

From Teevamet al. (2009)
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