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Microsoft:

Research

Tutorial Audience & Goals

* Audience
— Half have applied machine learning (perhaps as black box)
— Half are IR researchers with casual machine learning exposure

— Some (10-15%) have developed new ML techniques and are
looking for other target applications.

* Goals
— Provide overview of core Machine Learning (ML) methods
— Show how ML methods apply to important IR problems
— Survey recent high-impact ML contributions to IR
— Highlight IR areas with promising opportunities for ML
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Tutorial Overview

1. Introduction

Machine learning background via text classification
IR challenges for machine learning

Recent Advances at IR-ML Crossroads

Modeling relevance and learning to rank
Learning from user behavior
Query-related prediction tasks

Social media

Emerging Opportunities for Learning in IR

Online advertising
Risk-reward tradeoffs and other optimization frameworks for retrieval
Learning complex structured outputs

4. Summary and Bibliography

Basic Machine Learning Approach

* Formulate prediction problem

* State as optimization

* Optimize
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Introduction to ML: Text Classification

Given: Collection of example news stories already labeled with a category (topic).

Task: Predict category for news stories not yet labeled.
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What topic (color) to predict before seeing
the document contents?
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The Actual Topic
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— too difficult

Defining Rules By Hand

Experience has shown that hand-coding rules is:
— too time consuming

— increasingly inconsistent as the rule set gets large
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Supervised Statistical Learning

* Humans can encode knowledge of what constitutes
membership in a category by providing labeled examples
(supervision).

* This encoding can then be autamatically applied by a machine
to categorize new examples.

* Classic problem: given a set of labeled examples <x,y;H X
<X,,Y,> drawn from a distribution™ , produce a function f such
that & [f(x0 y]ris minimized.

K-Nearest Neighbor (kNN)

(Fix & Hodges, 1951; Duda & Hart, 1957)

K-Nearest Neighbor using a majority voting scheme

k=1: majority vote for "white"

k=5; majority vote for "black"

SO OR‘“ k=10: even votes for both

* Error minimized when we predict class, Yy, with maximal posterior
P(y | X). Best such possible called Bayes error.

LT 1 Mx I YR 1 kY kNRapproathés Bayes efipr with U
probability 1 (Devroye, Gyorfi, Lugosi, 1996). Called Bayesconsistentor

strong consistency
[Diagram courtesy of Yiming Yang, CMU]
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Decision Trees
(Hunt et al.,1966; Friedman, 1977; Breiman et al.,1984)

y
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Partitions the input space (into hyper-rectangles) and makes a single
prediction for each region. Also Bayes consistent.

Optimization goal: smallest tree with lowest entropy at leaves (various
formulations with complexity penalty + prediction).

Typically greedy optimization step.

Support Vector Machines (SVMs)

(Vapnik, 1995; Cortes & Vapnik, 1995)

To classify, X, use a weight on each X in the training set and a kernel (similarity
meeting inner product conditions), K(:, -). Let y; | {-1,1}, and y; =1 iff X is in the
positive class. Classify X as positive when:

A aVK(xx)+b2 0

To find a;, find

maximally separating hyperplane.

281 18ya SNNENI G2 &yl NO%gY [LBNI SEI Y
(distance from separator) and minimizes k) ®

sum which upper-bounds error.

Kernels enable modeling higher-order

effects without enumerating cross-product e
evaluation, e.g. K(x;,X)=(xix+1)°.
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Naive Bayes
(Maron & Kuhns, 1960; Abramson, 1963)

* Propose model of how data are generatedand predict most likely class.
argmaxP(c|d) =argmaxP(c)P(d | c)

d Classes d Classes
e Unigram (multinomial naive Bayes)

P(cld)” P@Q P(w|c)™

» Assumes classconditionalindependence
— NOT the same as independence.

e Parameters set to maximize likelihood of data under assumptions.

* Still used because of simplicity, but see latentdirichletallocation (LDA3nd
derivatives (e.g. labeled LDA) for modeling higher order effects.

Representation choice can be critical

* Asin IR, representation plays a key role in TC and ML more
generally.
—tidfbat SYYAYy 3T a02L) 62NR NBY23JI f 3

* Some representation choices are important nearly all the time
(e.g.document length normalization).

* Most representation issues are impacted by:
— Underlying learning task.

— Algorithm used to learn (e.g.feature selection less important when
using a regularizer¢ common in SVM & logistic regression).
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Feature Representation

* Features can be more than the words that occurred.
— aSGFRIFGEFY 2NRAIAY LtI &2dNDS 69y 3af A& K IpdfiGhiwdh nigd,kodEx0 X 0 X f | y 3 dzf
—  Predicting Commerciality:

¢ Areads on the web page?
—  Predicting Spam:
¢ Percent capitalized letters
« # of exclamation points
—  Score for topical cohesion of search results returned from a query.
—  Learning to rank features
e 520dzvSyidy tI3IS wlyls X
e vdzSNEY fS8Sy3aidK 2F ljdzSNEZ X
o Query520dzYSy Y .aHpI X

* Exploring the feature space is often a quick way to get
LISNF2NXIF yOS AYLINR@GSYSyilasz o
— Heterogeneous features on very different scales.
~wStlFGA2yaKALA 2dziaARS 2F Y2RSt

Typical pitfalls in pragmatics & evaluation

* Keep consistency from training to application: similar data, same tokenizerz X &

¢ Beware the chronological splits of train/test
— Hardto isolate superiority/inferiority of model from possible divergence
— Use cross-validation as a sanity check
— Very large static test sets can also help

e Beware cross-validation (IR perspective)

— Many datasets (e.g. queries related to the same event) have chronological effects and cross-
validation implicitly gives training data linked to the test data

* Honor the test data
— NEVER look at the test data to choose parameter values
— Perform cross-validation with new randomizations of partitions
- . S6FNBE 4l OOARSyGlIt¢ dzaS 2F GKS GSad RIEGL
¢ Gradual overfitting by peeking at results
* Computing idfs or feature selection over all the data instead of just training
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Typical pitfalls in pragmatics & evaluation

— Hard to isolate superiority
— Use cross-valisat Being mindful of these

pitfalls makes reviewers

* Beware cross-validatig happier!
— Many dataset blogical effects and cross-

e Honor the test data
— NEVER look at the test data to choosé
— Perform cross-validation with new ra
- . S46FNB 4l OOARSY
¢ Gradual overfitting by peeking at results
e Computing idfs or feature selection over all the data instead of just training

Basic Machine Learning Approach

* Basics
— Formulate prediction problem
— State as optimization
— Optimize
* Optimization too hard:
— Solve something that asymptotically is good (then get more data)
— Vr\:eaken the optimization to a related (pref upper-bound) problem and solve
that
* Need better performance
— Get more data (labeled or unlabeled)
— Explore feature space

— Explore higher order effects
¢ Different similarity functions (kernels)
¢ Different modeling assumptions (graphical models or structured prediction)

ECIR 2010 ML/IR Tutorial
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IR Overview

query,

information |  context | . i oo i
_ results i L%I _ | crawling, ! . i

< i g 1 indexing i i

need ! ! } : : N :

\i 1 feedback 1 _ ; i |

documentcollection

e —————————

* Industry-defining applications: search, advertising, recommenders
e Major research areas

— Modeling and estimating user intent

— Processing and modeling information from documents

— Selecting and ranking relevant results, incorporating feedback

» Core IR problems are modeling and prediction tasks

IR Increasingly Relies on ML

* Classic IR: heuristicsthat capture query-document similarity
— TF-IDF,BM25, RocchioOf  8&AAFAOF A2y X X

* Last 15 years: using evidence sources beyond document text
-520dzYSy i &dNHzOG dzNB Y KeLISNISEG LINEL
— Collection structure: annotationofinf Ay 1 & 6 yOK2NJ G§SEGV
— User behavior data: from past clicks to browsing patterns

* Query and document models are becoming increasingly complex
—[Fy3dza 383y adGNHz0OGdzZNB>X NBf I GA2yas dza S
— Rich applications for generative, discriminative and hybrid approaches

e Heuristics cannot scale: ML is the obvious solution
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IR: Cornucopia of ML Problems

Classificatiohf O2y i SyilkljdzSNE OFGSI2NRT I GA2Y

— Traditional supervised (labeled-data) classification as covered in introduction.

Ranking result selection and ordering
— Rank items with supervision, e.g. order e-mails in Inbox in priority order.

Clustering retrieval result organization, user need segmentation
— hNEFYATS RIFEGEF Ayid2 ayliddN>t Ofl aasSaéd sAGK
Semisupervised learningunlabeled data is omnipresent

— Use unlabeled data to improve solution from supervised learning.

Active learning ranking, recommenders
— Max performance with min labels by choosing examples to label intelligently.

Multi-instance learning image retrieval
— Presence of a concept in a larger bag, e.g. thise-Y Af O2y-RRAYAGBY®G2

Reinforcement learningonline advertising
— Find policy to maximize reward ¢l f 32 NAGKY (1 15a al OdAz2yé vy

Characteristic IR challenges

Uncertainty: task, topic, relevance, resources
Scale: feature space, size, speed tradeoffs
Evaluation and Feedback: user satisfaction
Temporal: freshness and drift

Adversarial: spam and security

ECIR 2010 ML/IR Tutorial
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IR challenge: What if query and document terms
R2y Qi YI Gd§dOKK hNJ Y

ltdéds easier t|o
choose the optimal
v|Set of equities  to

“ |buy if you know your
tolerance for

risk in the market

Apicking the
best stock market
portfoliood

Original
Query :>

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
WNEBf SOl yOoSQ F2N £ St |

‘System-2 NASYGSRQ NBf SOl yoOSy

— Overlap in representations of Q and D

But simple overlap ignores many important factors, such as:

— Preferences and prior knowledge of user who issued request
— Task that prompted the request

— Other documents in collection

— Previous queries of this or other users

— External information on the (non) relevance of D

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

Learning challenge: Objective is not well-defined.

ECIR 2010 ML/IR Tutorial
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A machine learning view of relevance

* Observations:

— Feedback, documents, query, user model, etc.
* Training data:

— Explicit or implicit signals about relevance or non-relevance
* Objective:

— Learn a relevance prediction function that optimizes performance
measure (e.g. MAP) over query training set

— Must effectively generalize to unseen queries

IR challenge: Evaluation, ground-truth and
feedback uncertainty

Uncertain/noisy evidence:
e Implicit feedback
¢ Click data, user behavior

¢ Pseudo-relevance feedback

e Explicit feedback —
—~—GCAYR AAYAfINEZ aqaaz2NB fA1S
Formal relevance assessments

— Miissing or limited data, assessor disagreement

Covered in detail later for evaluation and user modeling

Learning challenges: noisy data and converting IR performance
measures like MAP to tractable ML objectives

ECIR 2010 ML/IR Tutorial
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IR challenge: Integrating multiple resources

Machine learning challenges:
e 12¢ G2 tSINY o6KIFG(® Many data sources may be hidden or
unavailable to standard Web crawlers

— Query-based sampling
[Callan 2000]

¢ Learning which resources are best
for a given query

— Resource selection [Si 2004]
— Vertical search
e Thereis a cost for accessing a resource
— Learning when NOT to access a resource
¢ Merge results returned by different searches
— Metasearch: learning how to calibrate & combine
[Aslam & Montague 2001]

— Information extraction and integration: Extract relevant name from one place,
NBf SOFyG f 20 ( ANevss Fok NB0o5] | v 2 1 KSNE X

* Not all sources may be co-operative

¢ Information sources may all be within
the same organization or even same
search system (tiers, index partitions)

Lw OKIfftSy3asSy G(KS

700,000

@ shoes

- | womens shoes
O man shoes

O payiess shoes 700,000
B nike shoes
@ shoes store 600,000
& running shoes
O jordan shoes
& coach shoes 00,000 Tail For Top 100 Queries
B beach shoes

0 wedding shoes 300,000

@ walking shoes
® vans shoes 200,000
® wholesale shoes
| child shoes 100,000
B dc shoes

@ bridal shoes

600,000

500,000

500,000

400,000

300,000

0

200,000

O rock climbing shoes
D diesel shoes

O puma shoes

D golf shoes

O shoes carnival

. iﬁ @ aldo shoes

O new balance shoes
A 25% of queries are new each day, and 50% of words are seen once
A Skewed distribution, high-dimensional feature space

A Learning challenges: sparse evidence, generalizing to unseen queries,
evaluation (obtaining a good sample of judgments) etc.

100,000

[Source: Danny Sullivan, Search Engine Watch, Sep. 2, 2004. http://searchenginewatch.com/3403041]
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IR challenge: Adversarial issues

| 2YViAydz2dzaz S@2f Ay &
spammers
* Spamming: Artificial rank increases to attract visitors
e Link farms [Eiron, McCurley, Tomlin 2004; Du, Shi & Zhao 2007]
* Keyword stuffing [Ntoulas, Najork, Manasse & Fetterly, 2006]
* Cloaking and redirection [wu and Davison 2005]
* Ads: aggregators, bounce rate [sculleyetal. 2009], click bots
* Majority of issues at crawl & index time
* Learning challenge: modeling outliers, spam detection

7

g

N.X

Tutorial Overview

1. Introduction
—  Machine learning background via text classification
— IRchallenges for machine learning
Recent Advances at IR-ML Crossroads
—  Modeling relevance and learning to rank
—  Learning from user behavior
—  Query-related prediction tasks
—  Social media

N

3. Emerging Opportunities for Learning in IR
—  Online advertising
—  Risk-reward tradeoffs and other optimization frameworks for retrieval
—  Learning complex structured outputs

4. Summary and Bibliography
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Highly simplified summary
of IR retrieval model development

Boolean:

Binary vector Topic models

(LDA and others)

Vector space, Generative '

term weighting,

Language modeling

approach Learning to rank
& risk minimization

Ranked results

Personalized filtering

Classic probabilistic
models ‘

@
S @
Inference Discriminative models
networks logisticregression, SVM ®
Discriminative
Generative topic models:
Latent Dirichlet Allocation e, ng, sordan. 2001]
¢ Specify K number of topics, D: docs in corpus
* Learning U, b gives information d ~Dirichlet(U) O

about the corpus: # ~Dirichlet(B)

U: Semantic dive rsity of docs a:'\,/\'/lulljtl'trl]: ;?T']?;(l?z))

b : How similar topics are

d: Prob. of each topic in each document @@
¢ Advantages: K N

— Allows topics and words to vary in generality

— Simple assumptions, interpretable parameters
¢ Disadvantages:

— Not good at handling outliers

— LDA: Bursty in topics, but not in words

— DCM-LDA: Captures topic + word burstiness \
[Doyle & Elkan, ICML 2009] - 2
LDA with vocabulary A, B, C

ool -6

o

ECIR 2010 ML/IR Tutorial
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Generative Relevance Model

[Lavrenko 2004]

Common Representation Space
R XK Latent representation

/"f— X x ,-’-;) @® Relevant document
/M // O Non—relevant docun
//X % L X // W User's request a\ :
{.f—-'-' /7 \\ / Q Relevant sub-space \\ H
N,
Query generator  / \\ ya Wi
=0 /,, \\ Document generator P :)\\ .
/ \ d=Dx S N
/ \ /X
e — . o 9/,/ /e e\
e P P P i ¢
s > e o
/, - o) - LDA
Query Space Document Space A

* Differences from LDA:
« Effective at capturing outliers / rare events
* Few structural assumptions, easy & efficient to train oy
(Free parameter <controls estimatorvariance) (S5
* Beyond text: Learn models of text + image correspondence via GRM
shared relevance/semantic space

Markov Random Field retrieval scoring
[Metzler & Croft 2005]

¢ Undirected graphical model

* Edges capture dependency assumptions

* Arbitrary features

e Linear scoring function

* Prefers documents containing features
that reflect dependencies presentin query

landing

R (Q.D) :Zi Oy (L)

L d C(G)

P (QD) S A/ A(0)+ A/ 1.()+ A/ 1.()+A /.1.(0)
i cd D

d Too d Ogp dUgp

Individual

RIS Ordered Unordered

query terms query terms

Document
LM or BM25
weights
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Discriminative and hybrid models

¢ Linear and log-linear feature-based models
Logistic regression [cey 1994]
Linear discriminantmodel oDl 2 Sié | f® WYnps
Maximum Entropy [Cooper 1993, Nallapati 2004]
Markov Random Field model va ST f SNJ ' yR / NBTiG Wnpbé
* Learning methods
— Direct maximization of MAP using parameter sweep [Metzler and Croft 2007]
— Perceptron learning [Gao et al. 2005]
— RankNet [Burges et al. 2005]
— SVM-based optimization
¢ Precision at k [Joachims 2005]

¢ NDCG [Le and Smola 2007]
¢ Mean Average Precision [Yue et al. 2007]

e Learning Challenge: many negative, few positive examples

Ranking: Core Prediction Problem in IR

e i query, — pE=s====TTTTTTTTTTOT H e
context -

{ information | edits ranking| | FEE! crawling i

1 . - ! u :< : - ) :

i need | J { indexing | .
o | i ' docum

feedback i _
documentcollection

* Context-dependent vs. context-independent ranking
— Contextdependent relevance w.r.t. information need (query, page, user)
¢ Search result ranking, advertisement selection, news recommending
— Contextindependent absolute relevance (PageRank, HITS, SALSA, etc.)
¢ Staticwebpage ranking, crawl scheduling, index tiering

ECIR 2010 ML/IR Tutorial
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Ranking as a Learning Problem

* Given query g and document collection {d,> d}
— Input:  query-documentinstances X={x,;= xx},®ach x =f(d, q), x¢ a¢
— Output: ranking YHy(x,0 Z y(X¥)E permutation of Xby ranker h(x)
— Evaluation (loss) function: EHY, B, Rr(x;0 Z r(x}}zr(x): relevance of x;

d, fd, q) X1 he Y(Xy) r(X;)
q >| X s | X | —>| X |—>| EVR)| «—]| X
dy XN y(xu) (%)
documents features ranking true relevance labels

 Can also be trained on relative feedback : (g, d,N d,)

* Features capture diverse evidence sources
— Query-R20dzYSy iz R20dzYSyid s 1jdzSNES o0SKI @A
— E.g.: BM25,PageRankY |j dzZSNE FNBIljdzSyOez KA&G2NR

Practical Considerations

* Subset of documents to be ranked is provided by the index
— Indexing must solve syntactic issues (spelling, stemming, synonymy)

* Discriminative methodare more appropriate due to strong feature
correlations and unavoidable bias in training data

* Exhaustive labeling is impossible: distribution is always skewed
— Judges label all top-rated documents, plus heuristically selected lower-rated

* Labelingissues: intent ambiguity, interjudge disagreement, implicit
FSSRolO1=2 Xo

ECIR 2010 ML/IR Tutorial
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Query P@k

" -
"

. 0.667

| -
|-

Ranking Evaluation

Binary
Query P@k

¥ o
¥ o
. 0.333
. 0.25

Ordinal
Query Gain Query, Gain
. 23-1=7 G 2t-1=1
G 22-1=3 . 23-1=7
G 21-1=1 . 21-1=1
. 20-1=0 G 22-1=3

MAP: Mean Average Precision ¢ NDCG: Normalized Discounted Cumulative Gain

. . _ or(dd) _
MAP =%(§(1 +1+§+%+§) e Gainfordocumentd; G(d,) = 27@) -1
L L4 Discountat positioni:  D(i) = log(i + 1)
. . ) G(i
+Z(0 043+ Z)) ~ 045 ¢ Discounted Cumulative Gain:  DCG(k) = Z %
MRR: Mean Fiecliprocal Rank «  Normalization: Z(i) = max DCG (i) e
_ ~ 1 2r(di) —q
MRR = 5(IJr 1/3) ~ 0.67 NDCG(K) = —— .

Z(k) i=1..klOg(i +1)

Learning To Rank: Approach Families

e Pointwise loss is computed for each document independently

Y(X) |—=>| LUy(X), r(x)) |€—| r(x)

X X X
Y | —=> | Ly, rix) [€—| rixy)

e Pairwise loss is computed on pairs of documents

Vo) De—s | Ly, y00), 1), 1) | @ rix)
X e X <« X

Yo > | Uyl YO, ), 1)) | € )
e Structural optimize loss directly

V(%) r(Xy)
y(Xu) r(Xy)

ECIR 2010 ML/IR Tutorial
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Learn from each document in isolation
Standard reductions

— Regression:

— Classification: relevance is categorical
— Ordinal regression

+ Example: Ordinal regression [Krammer-{ A Yy 3 S NJK&mnhi En p/ 8K dz

— Loss is based on thresholdsseparating the classes, minimization based on margin/regret

00 OO0 @

Pointwise Approaches

yxg) |—=>| Uy(x), r(x)) |€—| r(x)

X X X

YO) | =——>| LX), r(xy) |€=——| r(xJ)

relevance/lossis a real-valued variable

h(x)
Pairwise Approaches
i) De—s | Ly 0o roa) roe) | e rix)
X o X «—(] X
Yo P> [ Uy Y, o), o) | € 104
¢ Pointwise approaches ignore relative positions of documents
e Alternative: view ranking as pairwise classification
e Overallloss is aggregated over pairwise predictions
e Pairwise agreements = AUC (for binary labels)
¢ Natural reduction for incorporating preference training data
L(h{xe),h(x),r6).104)) |7 K :
3 > ! [Cohen et al. W ¢
o —Dt ] [Herbrich et al. W n
| :<_I_|<—_; [Freund et al.Q n
O ._. . [Joachims W n
h(xs) h(x;) h(xy) h(x,) h(x) [Burgesetal.Wn
[Burgesetal.Wn

[Caoetal.Wn
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Structural Approaches

(%)

X

Y(Xq)
y(Xu)

(%)

e Goal: optimization of actual evaluation metric

— MAP, MRR, NDCG are all discontinuousin document scores
e Solutions fall into two families

— Optimizingan upper bound of the metric (e.g., ListNet)

1

O =1 52 83 W &

z z, ' 3 L)
0s o
Y o8 we s -0z 0 o0z 04 o8 o5 1 B

E I N T T T TR T T
s - Seore 8

o o . ol ol ol

ol e =0 G £ £
£ £ £ oy o o4
& o4 o o

03 02 02

2 s oW —— Rk ) Rank ry Rank ry
ank 7y ik ry

e Problem: metrics are not differentiable w.r.t. model parameters

— Optimizing a smoothed approximation of the metric (e.g., SoftRank, BoltzRank)

[Cacetal.Wn
[Xiaetal.Wn
[Tayloretal.Wn
[Volkovs & Zemel W n

* Core prediction problem in IR

* Open problem: what is the right objective?

* Evaluation functions are an active area of IR research
— User satisfaction is not measured via a precision-recall curve

Learning to Rank: Summary

« -0 SKIF PSR 202S00A0Sa M AydSNBaida
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Tutorial Overview

1. Introduction
—  Machine learning background via text classification
— IRchallenges for machine learning
Recent Advances at IR-ML Crossroads
—  Modeling relevance and learning to rank
—  Learning from user behavior
—  Query-related prediction tasks
—  Social media

N

w

Emerging Opportunities for Learning in IR
—  Online advertising
—  Risk-reward tradeoffs and other optimization frameworks for retrieval
—  Learning complex structured outputs

4. Summary and Bibliography

Common IR+ML Paradigm

Construct hypothesis about what matters to the user.
Translate performance measure to optimization criterion.

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

aAyS FT2NJ LI GG4SNya GaKIFdG YIFGOK
convert to ground truth

aAyS F2N LI GOGSNya GKIG @Aazftl i
criterion, treat as weighted optimization.

This section will present a series of examples focused on web search
that fall into these paradigms. General lessons apply to any IR task.
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Hypothesis: Search is simply many
classification tasks.

c 9 OK AYT2NXIO0A2Y YySSR Aa NXB
machine learning.

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

* We know how to approach this:

— Take query, document pairs and give them to a human relevance expert
to label them as relevant and not relevant to the query.

— Optimize a measure of accuracy over these.

Ambiguous Queries

Schedule St. Louis Cardinals | MLB at CBSSports.com
Complete St. Louis Cardinals MLB Baseball Coverage at CBSSports.com Base ba | | ?

Tickets
Cheerleaders
The Official Site of the Arizona Cardinals

Spring Training
want to see the cardinals play in tampa? Football?
Rumors v azcardinals sh_ teele g
Images )
Videos Cardinal (Catholicism) - Wikipedia, the free encyclopedia Cath0|lc?

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

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 com

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

Arizona Cardinals News, Schedule, Players, Stats. Video - NFL - ESPN
Arizona Cardinals news, schedule, players, stats, photos, rumors, and highlights on ESPN.com.

Arizona Cardinals Football Team Home Page - FOX Sports on MSN
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Web  Image:

Square Garden.

but to a New Yorker typinga ==

l] dZS N‘b rﬂsﬁ E- Ll x gg:ﬂgn MSG. Stay on top of the NHL scene with our panel of experts
probably means Madison

Locale & Ambiguity

ALL RESULTS

Madison Square Garden - Official Web Site

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

Monosodium glutamate - Wikipedia. the free encyclopedi

Monosodium glutamate, also known as sodium glutamate and MSG. is a sodium salt of the non-
essential amino acid glutamic acid. It is used as a food additive and is commenly marketed ..
Production and ... - Commercialization - Health concems
en.wikipedia i enhan

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

Conditioning on locale (IP) of  free encyciopedia

ommon abbreviation for message. Madison Square Garden, a sports

query can reduce effects, nosodium glutamete. 8 coman fed et n musc. .5.6

ther uses

Playoffs. MSG at the Movies

cts of MSG on the human body. a list of foods that contain the
substance, disease statistics and related research studies
www. msgtruth org

MSG.com Video On Demand Home

Web  Image:

An overview?
Tech. Papers?
Books?

Software?

Ambiguity by Result Type

support vector machines

Enter your search term

ALL RESULTS 11

sites

Support Vector Machines - hitp //www direg.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
belong to one of two classes, and the goal is to decide which class a new data point will
Motivation - Farmalization - Properties - Extensions to the .. - Multiclass SVM
en.wikipedia.org/wiki/ Support_vector_machine - enhar

SVM - Support Vector Machines
SV, suppert vector machines, SVMC, support vector machines classification, SVMR, support
vector machines regression, kermel, machine leaming, pattern recognition, cheminformatics ...
. support-vector-machines.org - cached p

Support Vector Machines - The Book
An intraductory book to the field of Support Vector Machines, a novel machine learing algorithm.
www. support-vector.net

Support Vector Machines. Neural Networks and Fuzzy Logic Models
Atextbook that provides an introduction to the field of leaming from experimental data and soft
computing

support-vector.ws - c o

LIBSVM - A Library for Support Vector Machines
An integrated and easy-to-use tool for support vector classification and regression
wwwcsie.ntu_edu twi~cjlinfibsvm - ca

Kernel-Machines.Org — Kernel Machines

A central information source for the area of Support Vector Machines, Gaussian Process
prediction, with Kernels, Networks

www kemnel-machines.org e
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The Long Tail & Ambiguity

Singing turtle - www.eBay.com ~@3 Bing cashback
Buy Singing turtle. You may get 8% off with PayPal if eligible

YouTube - Turtle singing "Happy Boy"
Beat Farmers and digital amphibians in a happy mix-up. This one's at least nine years old, but | cant
find the original source.
Rated 5/5 - 288 Views - Added December 20, 2008
ww_youtube com/watch?v=sPnTVtd-psE - cached page

YouTube - Turtles Singing Video
Turtle singing "Happy Boy" ___ Hil Grandma49 here again. System crashed. Lost this video. Want
o

wirw.youtube.comavatchv=aXVHwip3U98 - cached page

With the millions of possib|e sis “Happy Doy b\{/SThecB‘Eit Fahrmers a band ndmgmaduy out of San
. . . . much play outside of So Cal, but ti eywerea gun an
queries, flndlngjudges that rdDiscussArchive/msg007233 html - cach
know What many QUEMeS e s tsosto _car s st e s hapey s
. H rms THE SINGING TlIRTLE with hand-puppets in a traditional
mean a priorican be ile html - cache

problematic.

»y). Turtle with flute strapped to arm. PROPS: .. sun, el sol, is shining,
the birds, 0 pajaros, are singing and | have my fie to play & happy
www. marilynkinsella. org/Puppetry/Dancing%20Turtle._htm - cached page

TURTLES - HAPPY TOGETHER LYRICS
Turtles Happy Together lyrics . These Happy Togather lyrics are ... the poetry/nostalgia: Know what
the heck theyre singing .. Baach Boys Lyrics: The Mamas & The Papas Lyrics: The Animals .

A9 ELISNI ¢ WdzR3I A

Ambiguity ¢ in many forms

— A query is an ambiguous representation of an underlying information need.
Only the issuer of a query knows the actual information need.

GwSt SOl yOS¢
— Not only do we need to know the information need, we need to know the
dzZa SNRa& RSTAYAUAZY 2F NBt SOl yOoS 7
— Topical? Authoritativeness? Quality? Reading Level? Conditional on other
results (novel, diverse viewpoints)?

Need an approach that can generalize to breadth of users, queries,
and needs.
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Learning From User Behavior

* Implicit measures carry a relevance signal svystte s ¢s5s801ys {
Ff®S ¢hL{ WnpT PBoykASiiS IFdos LR {({XUDLUW OHgpeT
— Queries, clicks, dwell time, next page, interactions w/browser
— Session level: reformulations, abandonments, etc.

ct NPAY O0SKIF@ZA2NI OKFy3aSa ¢AdK
relevance drives behavior, ton of data

* Two common ways to integrate
— Use as a feature in combination with expert judgments.
— Directly optimize for measure based on user behavior.

Interpreting a Click

* Hypothesis: A click is a judgment that the clicked item is relevant.

* Rank Bias ¢ the more highly ranked an item, the more likely it is to get a
click regardless of relevance.

— When order is reversed, higher ranked items still typically get more clicks. (Joachims
eta {LDLw Qnpuvo

e Clicks are not an absolute judgment of relevance.
— Although we can debias in various ways (Agichteinetalz { LDLw Qnc 0

* Eye-tracking studies show users tend to have seen at least everything
above a click and perhaps a position below it (Joachimsetall { L DL \

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

* Click > Skip Above, Click > Earlier Click, Click > Skip Previous, Click
First > No-Click Second

* Reversing the ranking satisfies many derived preferences.

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

owl REAY&a1A 9 W2l OR

No Click Y Not Relevant?

Web  Images

bin

Videas

Weather in Kirkland. WA

Today G1°F . ¢

™, Wind: 3 mph WNW
Humidity: 7%

7204 85° 7

TS TTIST T6T/SS
10 Day Forecast - Hourly Forecast - Weather Maps - Data provided by WDT

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 98034. Today's Kirkland Washington
weather plus a 36 hour forecast and Dapple m weather.com

weather com/weather/local/98034 - ¢ ge

Kirkland Weather Forecast and Conditions Washington (98033)
Kirkland weather forecast and weather conditions for 98033. Today's Kirkland Washington
weather plus a 36 hour forecast and Doppler radar from weather.com

weather com/weather/local/98033 - cached pag

Kirkland. Washington (98083) Conditions & Forecast - Weather

Weather | provides weather for worldwide locations, including current
conditions, haurly farecasts, radar and satellits maps. Specialized weather products

w bi orecast?query=98083 - cached page

Kirkland. WA (98033) - Forecasts, Radar Maps. Video. and News
MSN Weather - Current conditions, forecasts, news, video, and maps for Kirkland, WA (98033).
weather msn.com/local aspx? we:USWA0210

Wirkland raaN22 2 Fararact
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Other Common Kinds of User Behavior

* Abandonment ¢ user does not click on a search result.
— Usually implies irrelevant? o ]
— Radlinskietald o6 L/ a[] Qny U0 YAYAYAI-8meldaddiys
for queries that are repeated.

* Reformulation ¢ Users may reformulate a new query instead of
clicking on a lower relevant result.
— Reformulation implies irrelevant?

* Backing Out ¢ Users may go back to the search page and click
another relevant result.

— Last click is most relevant?
— Information gathering queries?

Last Click as Relevance Vote

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

e Predict clicks on urls presented in order,B,A when trained from A,B order
(Craswelletalz 2 { 5a WYnyo

* Possible explanatory models
— Baseline ¢ symmetric probability
— Mixture ¢ click with probability based on relevance or blind clicking based on rank

— Examination ¢ examine with probability based on rank and if examined, click with
probability based on relevance

— Cascade ¢ Click on document, d, based on probability of relevance, ry, and continue with
next lower document with probability, (1 - ry).

* Active area is extending simplified assumptions of Cascade model.
[CraswelletalX 2 { 5a
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Sessions and Browsing

¢ Clearly, a click for a single query is not only the only indication of relevance.

ame session, clicked results, etc, to build a lightweight
dza SNXQa OdzNNByua 32Ff P
I A 34)3 F LILINE F OK G2 4 A fvehdNbwy &

~ —h v
H=

o

C:\i

>

o

=z g

c aAyYAy3 . NBsaAy3d tlIGadSNya o.AfSyl2 o
— Avuser browses to other relevant pages starting with pages reached from a query.
— Use that browse path to infer relevance to the original query.

d, = space.com

I
EARE:
international |
space station = d; = nasa.gov

‘ P1 { 1 P3 ‘ ~1 Ps ‘
L B ds = seds.org
(=] {=]

2

5 Web  Images  Videos pping  News

historical deaths

/ Results are included for historical death. Show just the results for historical deaths.

ALL RESULTS 1-10 of 72,701

Historical Death Records
Society/Genealogy King County Archives 206-296-1538 archives@kingcounty gov Research by appointment only. Online
sunvey

rw.kingcounty govioperations/archiveshital/death aspx - Ca:

List of wars and disasters by death toll - Wikipedia, the,fra
See also: List of wars, List of battles and other violent s .

of wars and human-made disasters by death toll_ It c= Click!
Wars and armed conflicts - Genocides and alleged ... -
en_wikipedia.org/wiki/List_of historical_events_by_death_cstint - Enhan

o This is a list

—

e TT—
Society/History

Mark as spal

Historical Searches - Death | Lincolnshire County Council
Information provided by Lincolnshire Registration Serivces on historical searches. ... Information
provided by Lincalnshire Registration Serivces on historical searches.

[ lincolnshire.gov.uk/section.asp?docld=37431

Society/Genealogy

ge - Mark as spam

Search : Death Certificate Index . mnhs.org
SocietylGeneangy Minnesota Historical Society website. Come visit your place in history.
people.mnhs.org/dei - C

Mark as span
Historic Death Row reprieve / CALIFORNIA: Death penalty has polarized ...
Historic Death Row reprieve CALIFORNIA- Death penalty has polarized state for years. Jim Herron
Zamora, Chronicle Staff Writer. Sunday, January 12, 2003

v sfgate com/cgi-bin/article cgi?f=/c/a/2003/01/12/MN152308 DTL&typ

Society/Issues

printable - Cached page

Mz

Historic Death Row reprieve / ILLINOIS: Gov. Rvan spares 167, ignites ...
toric Death Row reprieve ILLINOIS: Gov. Ryan spares 167, ignites national debate
sfgate.com/cgi-bin/article.cgi?f=/c/a/2003/01/12/MN189421.DTL - Cached

Society/Issues

ge - Mark as spa

Historic Causes of Death - Old Diseases & Death Statistics

Learn about the causes attributed to the death of your ancestors, fram

Society/Genealogy
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Society/History

Society/History

Society/History

Society/Genealogy

Society/Genealogy

Society/Genealogy

Society/Issues

Web Images  Video!

O

News

pping

historical deaths

Results are included for historical death. Show just the results for historical deaths

List of wars and disasters by death toll - Wikipedia. the free .

See also: List of wars, List of battles and other violent events by death toll, and List _ This is a list
of wars and human-made disasters by death toll It covers the Lowest

Wars and armed conflicts - Genocides and alleged . - Famine
en.vikipedia.orghwikifList_of_historical_events_by_death_count - E

The 5 Historical Figures Who Died The Weirdest Deaths | Cracked com
The 5 Historical Figures Wha Died The Weirdest Deaths. Some things, you don't want to be famous
for.

racked.com/article_16133_5-historical-figures-who-died-weirdest-deaths.html - Ca

Historic Celebrity Deaths (Creafive & Culture: Celebrity Deaths)
Video : Michael Largo (Author) gives expert video adhice on: What caused Marie Curie to die?; What
was the cause of Roman Empsror Nero's death?, How did Greek post Homer die? and __

wn videojug. comiinteniew/historic-celebrity-deaths-2 - C page - Mark as s

Historical Death Records

King County Archives 206-296-1538 archives@kingcounty.gow Research by appointment only. Online
survey
www_kingcounty gov/operations/archiveshvital/death aspx - Ca

Historical Searches - Death | Lincolnshire County Council

provided by Li R Serivces on historical searches. ___ Information
provided by Li R 1 Serivces on historical searches.
wwnw.lincolnshire.gov.uk/section.asp?docld=37431 - C a

Search - Death Certificate Index - mnhs.org
Minnesota Historical Society website. Come visit your place in histary.
people.mnhs_orgidei - C e - Mark as spam

Historic Death Row reprieve / CALIFORNIA: Death penalty has polarized
Historic Death Row reprieve CALIFORMIA: Death penalty has polarized state for years_ Jim Herron
Zamora, Chronicle Staff Writer. Sunday, January 12, 2003
com/cgi-bin/article.cgi?f=/c/a/2003/01/12/MN162308.DTL&type=printable - C

* Assign URL classes.

Click as Desire for Class of Information

[Bennett et al,, 2010]

» Estimate query class distribution using result URLs.
— Weight class by function of click evidence [Bennett et al., 2010]

— Alternatively weight class by ranking or ranker score [Broder et al.,
2007; Gabrilovich et al., 2009]

* Introduce ranker features derived from query, url distributions
and their matching.

* Ranker learns weights to integrate this signal with others.
* Improved rankings over head, tail, short, and long queries.
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Is Collection-Building for Evaluation and
Training the Same?

State of IR for Evaluation
— Which queries?

¢ Sample from logs.
How many queries?

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

¢ Make number of queries very big.
Which documents?

¢ Top by current system, pooledfrom several systems, top by content method (e.g.
BM25), random

Carterette et al. (ECIR 2009) present overview and study of current methods
of min labeling effort for evaluation

Do these lessons apply for gathering training data?
— New developing area (Aslam et al.,SIGIR 2009).

Applying IR Evaluation Techniques
to Training Data Collection

Optimal Ranking

4 A A A A A
= =
= ~ &) w

67
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Ranker A
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Sample High Ranking Points that Differ

Ranker B
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Ranker

Sample High Ranking Points
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Learning Fully Constrained By Points near Decision Boundary

A
4
/
v
X

70

What kind of label?

Binary relevance

— Most well-studied and understood ¢ especially when relevance of documents is independent from
each other.

— Canfail to capture important levels of distinction to a user.

Absolute degrees of relevance (Jarvelin & Kekdldginenz { LDLw Wnno
— Provides distinction lacking in queries.

Preferences (relative degrees) (Carteretteetal.,9 / Lw WYWny 0

— More reliable and can assess quality of ranking for a given query but lacks distinction betweenqueries
where system performs well (best result is awesome) and those where performance is poor (best
result is horrible).

wSt S@IyOS o8& aydaadFidOLWwaAWIQWE o/ fFNJS

— More fine-grained but unclear yet if approach is applicable at scale.

Different label types imply different choices of machine learning tools as well as where
research might contribute new and hybrid models.
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The Human Computation Approach

If relevance judgments are expensive, then find a cheaper way to get the
same thing. Then get MANYof them to find consensus.
— ESP game (von Ahn & DabbishY /| ¢ Taglng images for indexing.
¢ Useful for retrieval but not a relevance judgment (perhaps implied).
— Picture This (Bennettetal.,2 2 2 QqPrpfarence judgments for image search.
/by SEGSYR (N} AFGRWARIRMKG GAViKSGEEE RNF Y1 Ay
— Mechanical Turk

« {88 hyYI N ! t 2 yCiodaurciiddriR@leNdntefEvaiafiahis afternoon (also paper
here, Alonso et al.,2008).

Other Human Computation Questions
— How many times to relabel in context of Mechanical Turk (Shengg t NR @2 &
— Selecting the most appropriate expert (Donmezetal.,Y 55 Wn 0 @

LYLX AOFGA2Y F2NJ £ SENYyAy3IdY Y2RSft
labeled, crowdsourced, implicit user-feedback, and unlabeled data.

Learning from User Behavior Summary

Reality T use both implicit and explicit judgments as a source of

information. A common approach is to use:

— Explicit judgments as ground truth

— Click-derived signals as features.

— Other approaches where the objective is cast in terms of clicks,
reformulations, abandonments, etc. [cf. DasSarmaetal,Y55 .Qny 6

Emerging models optimize multi-criterion objectives

[Dupretetals v [ ! X222 QnT1T / KI LS GhbtalZ %KEYyBEDGPB822 Qn¢dpT

Primary lesson:

— User interaction with a set of results is more structured than click as a
vote for the most relevant item.

— Opportunities for rich structured learning models and data mining.
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Break: 15 min

Tea and biscuits!

Tutorial Overview

1. Introduction
—  Machine learning background via text classification
— IR challenges for machine learning
Recent Advances at IR-ML Crossroads
—  Modeling relevance and learning to rank
Learning from user behavior
Query-related prediction tasks
Social media

N

3. Emerging Opportunities for Learning in IR
—  Online advertising
—  Risk-reward tradeoffs and other optimization frameworks for retrieval
—  Learning complex structured outputs

4. Summary and Bibliography
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Query performance prediction

Given query, collection and possibly initial results predict:

1. Query difficulty: what is likely precision of the top-k docs?
e Work harder or involve user if poor results predicted.

2. Resource selection: Which corpus best answers this query?
e \Vertical search

¢ Federated search: save access costs, reduce noise.
3. Reformulation risk: Will query reformulation be effective?

e Big win if we could accurately predict when and how to
rewrite/expand any given query.

Learning to predict query difficulty

* Classifier using features based on agreement between result sets from
initial query and subqueries [Yom-Tov et al. 2005]

e Pre-retrieval predictors [He & Ounis 2004]

e Query clarity: divergence of top-ranked LM from general collection
[Cronen-Townsend, Zhou, Croft 2004]

¢ Sensitivity to query and document perturbation
[Vinay et al. 2006]

¢ Divergence of multiple scoring functions [Aslam & Paviu 2007]

¢ Typical Kendall-tau with average precision: 0.10 - 0.50
¢ Promising early results, but further improvements needed
e Core problems:

— Estimating prediction confidence

— Selective allocation of computing resources
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Vertical search:
Exploiting domain-specific sub-collections

(= snowboarding conditions mt baker - Bing - Windows Internet Explorer [B=1E]

bakersform (v [ 44| X (2]

| | B-8-&-g=-0=-0-25a3| |ncreasing number of
specialized resources:

snowbearding conditions mt baker A
A News
e i pe e 3 co spons A
A lmages
Snow report for Mt. Baker, WA (last updated 3/9/10) Mt B .
- Wt Ba H
Vertical result gusonen find ce AVideos
lews SnOwW: 4 0ver past 24 hours; 4° over past 48 hours i .,
. Base depth: 132 H
(Ski reports) %;{;% e ainsCromec e | ASporting events
S Skillifts open: 9 of 9 -
Banfi L I
ristier snow g Full Snow Report - lap Resort i A Jo b I isti ngs
Sovens pase Source: OnTheSnow.com st A k
researing — Current ski reports
it Baker Mt_Baker Ski Area - P
it Baker Volcano 1t Baker Ski & Snowboard Area. Bellingham. Washingten. ... Snow Report Snow i
1t Baker Ski Area Report >> Snow Rej click above for the latest conditions update A Movies
- vw.mtbaker.us A C .
ompany summaries
SEARCH HISTORY Mt Baker snow reports. ski conditions d. Washington L p, y .
Mow you can go back Mt Baker. YWashington ski conditions - RealCanditions com provides you with instant i A 20
further with search history access ta sking conditions. snowboarding weather. and weather r2ports for ski 3 A I N\IJ au LJN\E :F
Pt : R
Dore 3| @ mnternet & 00% -

Machine learning problem:
Predict relevant verticals (if any) for a given query

Predicting relevant verticals (if any) for a given query

Input features Learning model
1 . . . . . . pe
4°'—V—"—E”:‘<ae’;c§gra‘s‘:; representation Logistic regression: multiclass classifier
Correlation between named entity, vertical type (one 'S aII)
fiabba | yricso Y music . .

Rulebased triggers * No-relevant-vertical uses confidence of 18
Map intent class to vertical (regex, dictionary) 4 binary vertical classifiers. Combined with
{product review, product} Y Shorpl%lnﬁ.lth hold

Geographical entities argmax pfus threshold.

Location-related verticals: local, travel, maps. » Goal: maximize single vertical precision
p(Entity | Query). .
AEi ffel ToweintofYinterest

Direct vertical query logs
Estimate language model d\: vertical V or Web (no-
relevant)
Feature: p(Query | dy)
Vertical corpora Evaluation data

Issue query to a vertical collection (smaller
representative corpora), look at doc rankings

— KLdivergence between query and collection * 25195 queries

model ¢ Labeled with 0 ¢ 6 relevant verticals.
— Soft Modified ReDDE: expected number of o .

relevent docs to query. (account for diff * 70% of queries had

between original an('i sa'mpl'ed sizes) 0 (26%) or 1 (44%) vertical.
— Compared to class distribution of general web . .

docs * Some ambiguous queries.

[Sources of evidence for vertical selection J. Arguello, F. Diaz, J. Callan, J.-F. Crespo SIGIR 2009]
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N

w

Tutorial Overview

Introduction
—  Machine learning background via text classification
— IRchallenges for machine learning
Recent Advances at IR-ML Crossroads
—  Modeling relevance and learning to rank
Learning from user behavior
Query-related prediction tasks
Social media

Emerging Opportunities for Learning in IR
—  Online advertising
—  Risk-reward tradeoffs and other optimization frameworks for retrieval
—  Learning complex structured outputs

Summary and Bibliography

Social media and machine learning

* Explicit sources of social structure and behavior

Twitter, Facebook
Blogs, wikis

* Implicit socially-driven applications

Anchor text, social tagging systems
Collaborative filtering and recommendation systems
User session information

* Modeling and inference problems:

Propagation and influence [e.g. Twitter, blogs]

Expertise and trust [e.g. Wikis, blogs, newsgroups, QA systems]
Social phenomena and emergent social behavior

User needs, motivations and goals
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Collaborative filtering (CF) and
recommendation systems

e Task: Predict new ratings on items from older ones.
— Learningto rank may be an attractive alternative framework
— Equally address all users, not just the heavy raters we have data for.
— CF models try to capture interactions between users and items that produce the
different ratings.
* ML objective: Minimize Root Mean-Squared Error (RMSE) of predicted
ratings against actual ratings.

* ML challenges:
— Not enough ratings per user (in total, or after binning in various ways)
* 99% of possible ratings are missing: user only rates small portion of movies
« ' ASNE GKFIG R2yQG NYdS YdzOK | NB KI NRSNJ (2
— Must also account for rating biases for users or items:
¢ Some users tend to give higher/lower ratings than others (Joe the critic)
¢ Some movies receive higher ratings than others (Titanic)
— High-dimensional feature space: many thousands of users, movies

NetFlix winner: BellKor's Pragmatic Chaos

[Koren KDD 2009]

BLi(t) = 1L+ by(t) + by (t)
* Wis average rating over all users and movies, B; is observed deviation of
user Uand movie i from average.
* Adding each time-changing baseline improves accuracy:
+LGSYQa IbJRahddeinde dldr finge (e.g. actor in new film)
* Not daily, but over extended periods: stationary part + time changing part
+Users change baseline b, over time

¢ e.g.context of other ratings given recently, household rater can change over time.
Can change daily.

+{ 8t 800GA2Yy O0AlF A RdNAYy3 bdodzZ { Q N
explains significant portion of score variability.
¢ Favored movies are marked as favorites, disliked ones are not rated
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Key ML conclusions from NetFlix effort

* Accurate treatment of main effects is likely to be at least as
significant as fancy new models.

— Focus on better baseline predictors.

* Temporal dynamics can have a big effect on accuracy compared
to designing more complex algorithms.
— Modeling changes in ratings over time is critical.

* Use sophisticated blending schemes for multiple individual
predictors.
— New individual features unlikely to make the difference.
— Simultaneous adjustment to multiple predictors.
— Gradient Boosted Decision Trees were highly effective

[Koren KDD 2009]

Filtering Example: Blog Post Recommendation

* Objectives: coverage + personalization
* Solution: submodular optimization, learning arnietai

F(A) =Y wreover4(f)

feu weights on - probability that set

feature set 7\ features A covers feature f
Feature Coverage R ;
BlOgOSpher Extraction —> T | Post Selection
Submodular function
shanistan 1S optimization

[El-Ariniet al.W n
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Filtering Example: Blog Post Recommendation

* Objectives: coverage + personalization
e Solution: submodular optimization, learning arinietan
F.(A) = Z T rwpcover 4( f)

User preference
feu P

Feature 5 Personalized Personalized Post
Blogospher Extraction Coverage Fn. —> Selection

Submodular function
optimization

Personalization

* Learning personalized preferences /; from feedback (*,*)

[El-Ariniet al.W n

Modeling Twitter feeds with LDA-family topic models

tweet # 129573267 by katherinelashe Labeled LDA assumes each
omMG,{ G ylayl Qa (1 g S vordR generated by
ondemand from 32Y é lj 2 LJIA ()Qé
Fearnet, 4 minutesin, . . .
it may be the funniest distribution.
holiday horror movie
s ever:) Tweets can use all [atent
topics and some labeled
I \l ones.
Topic5 )
movie ha  Paired with an inference rotm fe?tures
. N tweet or
watch "1 mechanism, learns per-tweet .
later sho . ] . B, questions,
television om| topic mixtures and per-topic [\ toiiow tags)
. P~/
hulu lol word mixtures
popcorn !
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Twitter topic visualization example

windows. - about | cading WﬂiCth;]'lg
web et gnline § I’E"xd Hlt\llw\\
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home , then
{-"C going é i day off £0twork
h - today - back 7o
8 fer now
hop
great usall ”“}'] o Wh?lt
5 d a (]
thanss . our hggg Femys | your iffime
‘ I % see \.E!ll re

every
only
if

one
IOVC " St can

much- 100

avec

overall

ﬂ @oprah

be if~|

M want
+will

them fipdget

WiC

Analysis of two users @w3c (left) and @oprah (right). Recentpostsfrom eachuserare mappedinto Labeled LDA dimensions
The usageof dimensions from substance(top row), status (secondrow), social (third row), or style (bottom row) categoriesis
shownin the vertical bars, with T wi t taeeragessageshownin the center. Commonwords in selecteddimensionsfrom each
categoryare shownasword clouds. Word sizeis tothewo r dré in that di bally, and word shade
isproportional tothew o r drégsencyin the u s erecgrgttweets Light gray words are unusedin recenttweets

[Courtesy of Ramage, Dumais, Liebling ICWSM 2010]
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ML+IR New Opportunities: Online Advertising

A\N.com YarooO! %I [ﬁﬂ d) \ ¥
| - m Gmail <— ° <—  amazoncom

user publisher ad platform advertiser

e Platform task: select ads to maximize utility
— User utility relevance
— Publisher utility yield
— Platform utility: revenue
— Advertiser utility ROI
* Monetization models
— CPM cost-per-impression
— CPC cost-per-click
— CPA cost-per-action
e Search (CPC/CPA), Contextual (CPC/CPA), Display (CPM)

Ranking for Advertising

* CPC monetization: need to maximize expected revenue:
HRad)] = piclicklad) i CP(ad,)
CPC depends on auction type; in 2" price auctions CPCad v bii(ad,)
Click probability (CTR) estimatisithe core prediction problem
Very high-dimensional, very sparse:
- CSI Gdz2NBaYy SOGARSYOS FNRBY O2yGSEG ol
— Billions of queries/pages, hundreds of millions of users, millions of advertisers
— Clicks are rare
Ranking is a combinatorial problem with many externalities

— Co-dependencies between multiple advertisements
— Optimizing budget allocation for advertisers
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Fraud and Quality: Learning Problems

Content Ads publishers directly benefit from fraudulent clicks

Search Ads advertisers have strong incentives to game the system
— Manipulating CTR estimates (for self and competitors)
— Bankrupting competitors

Arbitrage aggregators redirect users from one platform to another

a/ f | aai faké creditdrddzR

Extraction and Matching

Advertisers bid on some keywords, but relatedkeywords often appear in
queries or pages

Identifying all relevant advertisements is universally beneficial
— Users: more relevant ads
— Advertisers: showing ads on more queries/pages © higher coverage
— Platform: higher competition between advertisements increases CPCs

Broad match: given query @, predict CTR for ads on keyword k q

Different notion of relevance than in search
— g=[cheap canon G1k=[Nikon P600D
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Learning for Personalized Advertising

* Modeling user attributes and interesifacreases monetization
— Key for social network monetization

» Demographic predictiobased on behavioral history
— Large fraction of display advertising sold based on demographics

e Clusteringand segment mining from macro- to micro-segments
—LRSYGAFeAYy3d adzaNDlFy OF NJ aK2LIISNEE S

* Biggest challenges: privacyand scale
— Scale: distributed learning via MapReduce

a
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Current query expansion methods
work well on averageX

Number of queries

25

20

Queries hurt Queries helped

b
o

"
S

Percent MAP gain

Query expansion:
Current state-of-the-art method

Mean Average Precision gain: +30%

Xbut exhibit high variance across individual queries

Number of queries

25

20

Queries hurt Queries helped

b
o

"
S

Percent MAP gain

Query expansion:
Current state-of-the-art method

This is one of the reasons that even
state-of-the-artalgorithms are
impractical for many
real-world scenarios.
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Current information retrieval algorithms
still have basic problems

* They ignore evidence of risky scenarios & data uncertainty

— e.g. query aspects not balanced in expansion model

— Traditionally optimized for average performance, ignoring variance

— Result: unstable algorithms with high downside risk
* lItis hard to integrate multiple task constraints for increasingly

complex estimation problems:

—t SNE2YFEATFGAR2Y Y O2YLlzit A2y O2yali
¢ We need a better algorithmic framework

Example: Ignoring aspect balance
increases algorithm risk

| LR GKSGAOFE 1jdzSNEY WYSNR G LI & f

court 0.026

appeals 0.018 I_ega_laspectv o
federal 0.012 Ada Y2RSt SRX
employees 0.010

case 0.010

BUT

education & pay aspects
thrown away..
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A better approach is to jointly optimize
selection of terms as a set

| LR GKSGAOFE 1jdzSNEY WYSNR G LI @&

court 0.026 R

case 0.010 > Select terms as a set, not
individually, for a more

school 0.008 balanced query model

seniority 0.007

salary 0.006 )

t

Secret weapons

1. Cast model estimation as constrained optimization

— Allows rich sets of constraints to capture domain knowledge, reduce
risk, and encode structure

— Efficient convex (LP, QP) or sub-modular formulations
2. Account for uncertainty in data by applying robust optimization

methods

— Define an uncertainty set U for the data

— Then minimize worst-case loss or regret over U

— Often has simple analytical form or can be approximated efficiently
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Example of a query expansion constraint
on a word graph

w Graph nodes are words

w Related words are colored
black (likely relevant) or

white (likely not relevant)

Bad Good
Aspect balance

Two-U 8 NI

lj dzSNEBY &- | ¢

[Collins-Thompson, NIPS 2008]

Query expansion as an optimization problem
[Collins-Thompson NIPS 2008, CIKM 2009]

Bad Good

Aspect balance

Variable  Centered

Term centrality

Low High

Aspect coverage

minimize -ch+KxTng
2
QMQD subject to Ax¢ m+ V,
algorithm ;
g'x2 Y, wiQ
Lex¢u,wiQ
0O¢x¢c1

Term releance, cemality, risk

Aspect badnce

Aspectcoverage
Querytermsupport
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We obtain robust query algorithms that greatly reduce worst-case
performance while preserving large average gains

25

25

Queries hurt Queries helped

20

20

b
o

o
ol

e
o

Number of queries
Number of queries

o
Py
Y |

==

]

]
=1
)

;

]

()
0 [0
0 3
)0

=
n

Percent MAP gain Percent MAP gain

Query expansion:
Current state-of-the-art method

Robust version

Optimization frameworks for query recommendation

* Model query behavior of users
with a query flow graph

* Asequence of queries is a path on
this graph

* Assignscores to queries

» Derive the expected utility
achieved by a given path

e Addshortcutsto nudge the
reformulation paths of users to get
paths of higher expected utility

[columbia] [columbia sportswear] [columbia jackets]

[columbia winter jackets]

[Anagnostopoulos et al., WSDM 2010 paper] [Graphic courtesy of F. Radlinski, MSRC]
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Future directions

Optimization frameworks have broad applicability in
information retrieval scenarios

T Query expansion, query reformulation, when to personalize,
resource selection, resource-O2 Y auU N} AYSR Lw [

* Learn effective feasible sets for selective operation

* New objective functions, approximations, computational
approaches for scalability

e Structured prediction problems in high dimensions with large
number of constraints

t
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IR: Beyond the Ranked List

Structure Is Increasingly Important
in Information Retrieval

e Structured presentation breaks common evaluation and
learning paradigms in many ways.
— Isaclick on an indented link the same?
—2KFG A& GKS aLRaArAGAzyé 2F (KS
— Is a search page with better ads more relevant than one without?
— How should heterogeneous media types be displayed together?

— How are query suggestions evaluated? Is diversification in query
suggestions less risky?

* Can a value be placed on each component?

* Oris a Reinforcement Learning approach needed that
apportions blame/credit?
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Redundancy, Novelty, Diversity

* Presenting the same information repeatedly is bad.
— Same link in a list seems obviously bad.
— Confirming sources?

* Presenting new information is good.
— With respect to search results, session, a profile?
— New versus authoritative tradeoffs?

* Both fall under broader scope of diversification:
Information content of results
— Diversify in types of results

— Types of suggested queries
— Types of sources (e.g. small and large news outlets)

Maximal Marginal Relevance
0D2f RaGSAY 39 [/ FNB2yStfx {L

e For similarity function sim(d,d") and relevance function rel(d,q)
greedily add documents to D to maximize:

/ @el(d,q)- (1- /)rcﬂ%xsirr(d,d')

* Trades off relevance to query with novelty of the document with
respect to the more highly ranked documents.
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Subtopic Retrieval
(zhaietalz { LDLw Wnoo

e 2 KSy NBadzZ# Ga o0Sft2y3a G2 &adzmiz2L
¢NF O] w&RRMNI> WdyadzyS GKS 321 f
quickly as possible.

* Evaluation measures
— S-recall(k)

¢ (num correct topics retrieved at level k) / (num of all topics)

— S-precision at recall r: minRank(OPT,r) / minRank(r)
¢ Generalizes standard precision and recall.
¢ Hard to compute S-precision (equivalent to set-cover).
¢ Argue for it as way to normalize difficulty of query.

— Also cost component for penalizing redundancy.

* Greedy reranking where novelty is based on topic language models.

Learning Complex Structured Outputs

Chen&Kargerz { LDLw QnrT

— Ranking conditioning on items above not being relevant, P(d, relevant| d; not
relevant, query)

Swaminathan et al., MSR-TRQ n y

~-hTGSy R2yQil 1y2¢ (2LA0OEAST O02@SNJ 62 NR
,dzS 3 W2l OKAYasz L/a[ Wny

— Using Structural SVMs to learn which words are important to covers.

Gollapudi et al., WSDM Q n y

— Greedy minimization of a submodular formulation based on relevance and utility to
user. Assumption that conditional relevance of documents to a query is independent.

Gollapudietal.,2 2 2 WYn o

— 8desired axioms for diversification (e.g. strength of relevance, strength of similarity),
impossibility results for all 8, and investigation of some instantiations
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Open Questions Related to Diversity

* What is a good ontology for topical diversification?

* How about for other dimensions (diversity in opinion, result
type, etc.)?

e How can an ontology be directly derived from user logs?

* Diversifying Ad Rankings
¢ Byquery intent?
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IR / ML Summary

_______________________

v 1 query, : ;
| information |  conext _ i :
I I w0
«Jl need | back : N
IL user ) ! documentcollection i

* Atits core, IR studies retrieval-related prediction tasks
— ML studies prediction ¢ provides algorithms/frameworks for IR

* Much of IR is driven by focus on measurement and
improvement against user satisfaction.
— ML helps formalize the objectives and develop principled solutions

IR Increasingly Relies on ML

e General shift from heuristics to formal statistical models.

* More recent shift to discriminative algorithms, for which
GGNIFRAOGAZ2YIfé Y2RStf a LINEODAR
» Salient properties of IR tasks push state-of-the-art in ML:
— Massive amounts of documents
* Need for scalable ML algorithms
— Nearly infinite variety in expressing an information need.
* ML for new, interesting objectives

— Huge amount of user-generated data
* ML methods that incorporate different types of supervision
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Summary of ML paradigm for IR tasks

Features: Choose representation of relevance signals/features
— Implicit: f (behavior), e.g. clicks, dwells, session query trails
— Explicit: from a source tasked with evaluation, e.g. assessors, crowdsourcing
— Techniques for dealing with weak, noisy, or sparse features
Objective: Map IR performance goal to appropriate ML objective/loss function
— Incurred loss over training set
— Maximum (expected) likelihood of the observed data
(Smoothed) IR performance metric
wS3dzA I NATIFdA2y (2 SyO2RS LINA2N) {y26f
¢ Model complexity
¢ Feature sparsity
— Risk/variance: robustness to uncertainty in data via minimizing worst-case loss or regret
Training: Tailor the learning models to the types of labeled data available
— Pairwise preferences, explicit labels, similarity sets
— Supervised, semi-supervised, unsupervised

S

Selected future directions

Methods that use multiple sources of evidence about relevance:
-/ tA014ax SELISNI 2dR3IYSyGasz Kdzvly
— How to combine into a single optimization criterion?

— Handling non-uniform noise in ground truth labels

Prediction tasks
— Predicting relevance for real-time ranking or assistance tasks

cSdI0 aAyallyd FyasSNBRE 2NI | dZSNE & dz

— Predicting clicks

«So3o hy + NBadzZ 6z +y FRXZ | 1 dzSNE
— Predicting when to personalize or contextualize

¢ e.g. based on session context, location
— Predicting query performance

¢ Reduce the risk of reformulation operations, increase quality of filter set

a
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Selected future directions

* New optimization problems/objectives
— Risk-aware IR algorithms: e.g. preventing worst-case behavior
— Ranking effectively and efficiently
— Identifying value of components in structured retrieval.
*SAPGSNEATFAOIGARZYS y2@Stiez 20SNI NBa
* Building evaluation collections
— Does using an evaluation corpus for training introduce systematic bias?

— Can the evaluation corpus be de-biased for use in learning
using principled methods?

Pointers to Machine Learning
and Optimization Tools

* MLOSS is a great overall index of all packages:
http://mloss.org/software/

* Weka is probably the best all-purpose package:
http://www.cs.waikato.ac.nz/ml/weka/

* Support Vector Machines (classification & regression, structured
output, large-scale data, ranking)
svmlLight http://svmlight.joachims.org/
libSVM http://www.csie.ntu.edu.tw/~cjlin/libsvm/

e CVX: High-level convex programming (Matlab)
http://www.stanford.edu/~boyd/cvx/
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Pointers to Data Resources

¢ Yahoo! Learning to Rank Challenge
— http://learningtorankchallenge.yahoo.com/
e LETOR

— Learning to rank data:
http://research.microsoft.com/en-us/um/beijing/projects/letor/index.html

* CLUEWEB

— Large-scale Web crawl with relevance judgments
http://boston.lti.cs.cmu.edu/Data/clueweb09/

* TREC

— Dataavailable from various focused tracks over the years:
http://trec.nist.gov

¢ Collection of Relative Preferences over Documents
— http://ciir.cs.umass.edu/~carteret/BBR.html

* Preference Collection for Image Search (Bennett et al. WWWO09)
— http://go.microsoft.com/?linkid=9648573

e Netflix
— Movie recommendations, http://www.netflixprize.com/

e AOL

— Query log released publicly. See an IR practitioner near you for copies cached before original
distribution was removed.

Thanks!

Paul Bennett (pauben@microsoft.com)
Misha Bilenko (mbilenko@microsoft.com)
Kevyn Collins-Thompson (kevynct@microsoft.com)

Tutorial slides are available online:

http://research.microsoft.com/ecir -2010- mlir - tutorial
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Advances in Neural Information Processing Systems 21 (NIPS), 2008. pg. 329-336.

— K. Collins-Thompson. "Reducing the risk of query expansion via robust constrained
optimization". Proceedings of the Eighteenth International Conference on
Information and Knowledge Management (CIKM 2009) . ACM. Hong Kong. pg. 837-846.

— K. Collins-Thompson. "Robust model estimation methods for information retrieval".
Ph.D. thesis, Carnegie Mellon University, 2008.
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http://www.soi.city.ac.uk/~ser/papers/RSJ76.pdf
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Query difficulty /query performance prediction/vertical search

- Yom-Tov, E., Fine, S., Carmel, D., and Darlow, A.

difficulty: including applications to missing content detection and distributed
2005. ACM, New York, NY, 512-519

Predicting query performance, Proceed

information retrieval. In Proceedings of SIGIR

— S. Cronen-Townsend, Y. Zhou , W.B. Croft,
of SIGIR 2002, Tampere, Finland.

— V. Vinay, Ingemar J. Cox, Natasa Milic-Frayling, Kenneth R. Wood

On ranking the effectiveness of searches.
398-404.

Proceedings of SIGIR 2006.

Seattle.

— Javed A. Aslam, Virgiliu Pavlu: Query Hardness Estimation Using Jensen-Shannon
Divergence Among Multiple Scoring Functions. ECIR 2007: 198-209

— J. Arguello, F. Diaz, J.
selection. SIGIR 2009.

Callan, J.-F. Crespo,

Sources of evidence for vertical

2005. Learning to estimate query

ings
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Language modeling for IR

— J.M. Ponte and W.B. Croft. 1998. A language modeling approach to information
retrieval. In SIGIR21. pp. 275-281.

— A. Berger and J. Lafferty. 1999. Information retrieval as statistical translati
SIGIR22 , pp. 2221 229.

— Workshop on Language Modeling and Information Retrieval, CMU 2001.
http://sigir.org/forum/S2001/LM.pdf

— The Lemur Toolkit for Language Modeling and Information Retrieval.
Open-source toolkit from CMU/Umass. LM and IR system in C(++)
http://www.lemurproject.org/~lemur

— C. Zhai. 2008. Statistical language models for information retrieval: a criti
review. Foundations and Trends in Information Retrieval Vol. 2, No. 3.

— V. Lavrenko. A Generative Theory of Relevance. Doctoral dissertation.
Massachusetts Amherst, 2004.

— Metzler, D. and Croft, W.B., "A Markov Random Field Model for Term Dependencies
Proceedings of the 28th annual international ACM SIGIR conference on Research and
development in information retrieval (SIGIR 2005), 472-479, 2005

Topic models
— D. Blei, A. Ng, M. Jordan (2001) Latent dirichlet allocation. NIPS 14. pp 601
— G. Doyle and C. Elkan (2009) Accounting for Burstiness in Topic Models. ICML

Univ.

on.

cal

of

"
’

-608.
2009.

ECIR 2010 ML/IR Tutorial

67


http://www.lemurproject.org/~lemur/

. A0 AZ2ZANF LIKEe

¢ Federated search / distributed IR / meta-search
— Callan, J. (2000). Distributed information retrieval. In W.B. Croft, editor,

Advances in Information Retrieval . (pp. 127-150). Kluwer Academic Publishers.
— L. Si. (2006). Federated Search of Text Search Engines in Uncooperative
Environments. Doctoral dissertation. Carnegie Mellon University.

— F. A. D. Neves, E. A. Fox, and X. Yu. Connecting topics in document collections
with stepping stones and pathways. In CIKM, pages 91798, 2005.

— Aslam, J. A. and Montague, M. 2001. Models for metasearch. In Proceedings of SIGIR
2001 (New Orleans, Louisiana, United States). SIGIR 'Ol. ACM, New York, NY, 276-284.

e Adaptive and collaborative filtering
— Y. Koren, Collaborative Filtering with Temporal Dynamics, KDD 2009.

— C. Faloutsos and D. W. Oard. A survey of information retrieval and filtering
methods. Technical report, Univ. of Maryland, College Park, 1995.

— Y. Zhang. (2005) Bayesian Graphical Models for Adaptive Filtering. Doctoral
dissertation, Carnegie Mellon University.

— Y. Zhang, J. Callan, and T. Minka. (2002) Novelty and redundancy detection in
adaptive filtering. In Proceedings of SIGIR 2002.

¢ Social media

— D. Ramage, S. Dumais, D. Liebling. Characterizing Microblogs with Topic Models.
ICWsM 2010.
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e  Adversarial IR

da Costa Carvalho, A. L., Chirita, P., de Moura, E. S., Calado, P., and Nejdl, W.
2006. Site level noise removal for search engines. In aneedmgsof www '06. ACM,
New York, NY, 73-82.

— Baoning Wu and Brian D. Davison: "Cloaking and Redirection: A Preliminary Study".
wOrkshop on Adversarial Information Retrieval on the Web, Chiba, Japan, 2005.

— Du, . nd Zhao, X. 2007. Using spam farm to boost PageRank. In
Proceedmgs of the 3rd |ntemat|ona| Workshop on Adversarial information Retrieval
g%t e We (Banff, Alberta, Canada, May 08 - 08, 2007). AIRWeb '07, vol. 215. 29-

- Ntoulas, A., Najork, M., Manasse, M., and Fetterly, 2006. Detecting spam web
%s throu?N content analy51s In Proceedings of the 15th international Conference
orédWlde eb (Edinburgh, Scotland, May 23 - 26, 2006). WWW 'O6. ACM, New York,
NY -

— Nadav Eiron , Kevin S. McCurley , John A. Tomlin, Ranking the web frontier,
Proceedings of the 13th international conference on World Wide Web, May 17-20,
2004, New York, NY, USA.

— Predicting Bounce Rates in Sponsored Search Advertisements, D. Sculley, Robert
Malkin, Sugato Basu, Roberto J. Bayardo, Proc.of KDD 2009.

e Temporal IR

— D. Lewandowski. A three-year study on the freshness of Web search englne
databases. Journal of Information Science Vol. 34, No. 6, 817-831 (2

— E. Adar, J, Teevan, S. Dumais and J. Elsas (2009). The Web changes everythlng
Understanding the dynamics of Web content. In ProceedhgsoTVVbuwlz

— Eytan Adar, Jaime Teevan, and Susan Dumais, "Large Scale Analysis of Web
Revisitation Patterns," CHI'08, Florence, Italy, April 5-10, 08.
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http://airweb.cse.lehigh.edu/2005/wu.pdf
http://research.microsoft.com/en-us/um/people/sdumais/WSDM2009_WebChange.pdf
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Acknowledgments

* We gratefully acknowledge contributions by the following:
Susan Dumais, Dan Liebling, Filip Radlinski, Dan Ramage

© 2010 Microsoft Corporation. All rights reserved. Microsoft, Windows, Windows Vista and other product names are or may be registered trademarks and/or trademarks in the
U.S.and/or other countries. The information herein is for informational purposes only and represents the current view of Microsoft Corporation as of the date of this
presentation. Because Microsoft must respond to changing market conditions, it should not be interpreted to be a commitment on the part of Microsoft, and Microsoft cannot
guarantee the accuracy of any information provided after the date of this presentation.

MICROSOFT MAKES NO WARRANTIES, EXPRESS, IMPLIED OR STATUTORY, AS TO THE INFORMATION IN THIS PRESENTATION.

ECIR 2010 ML/IR Tutorial

69



