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Ma chine Learning Pr oblems f or Text/Web Dat a

� Document/ WebPageClassi�cationor Detection

1.Doesthis document/webpagecontainanexampleof thing X?
e.g.Jobadvertisements(FlipDog).

2.Is this document/webpageof type Y?
e.g.Coursehomepages(USgovernment)?

3.Shouldwe block this page/document?
e.g.Spamdetection,pornographycontent�ltering.

4.Directedcrawling. Activecrawling.

Ma chine Learning Pr oblems f or Text/Web Dat a

� InformationExtraction/ Entity Tagging/ Disambiguation

1.Getthe author/title/companyname/coursetitle fromthis
documentor webpage.
e.g. Citeseer,WebKB

2.Findthe contactinfo (phonenumber/fax/email/etc) for speci�c
peopleor positionsat anorganization.
e.g. MarketIntelligence

3.Findthe salary/location/jobtitle/descriptionfor a job postingon
the web.
e.g. FlipDog

� Basicideais documents! databases.



Entity Extra ction

Landscape of IE Tasks (3/4):
Pattern Complexity

Closed set

He was born in Alabama…

Regular set

Phone: (413) 545-1323

Complex pattern

University of Arkansas
P.O. Box 140
Hope, AR 71802

…was among the six houses
sold by Hope Feldman that year.

Ambiguous patterns,
needing context and
many sources of evidence

The CALD main office can be
reached at 412-268-1299

The big Wyoming sky…

U.S. states U.S. phone numbers

U.S. postal addresses

Person names

Headquarters:
1128 Main Street, 4th Floor
Cincinnati, Ohio 45210

Pawel Opalinski, Software
Engineer at WhizBang Labs.

E.g. word patterns:

Ma chine Learning Pr oblems f or Text/Web Dat a

� Searching/ Indexing/ CollaborativeFiltering

1.Sometimescalled\informationretrieval".
2.Findthe most\relevant" document/product/movie/songgiven

thesesearch terms.
e.g. Google

3.Findthe documents/productsmostlike the list given.
e.g. AmazonRecommendations

4.Indexcollectionsof crosslinkeditemsinto anautomatichierarchy.
e.g. Citeseer

Ma chine Learning Techniques f or Text/Web Dat a

� All of the aboveproblemstypicallyinvolvesolvingmanyseparate
problemsin machinelearningsimultaneously.

{ segmentation
{ classi�cation
{ association
{ clustering

� Whydo MachineLearningon Text/WebData?

{ Classicdreamof AI: builda hugeknowledgebaseanduseit to
reasonabout the world.

{ Cool machinelearningproblems.
{ Usefulto companies/individualsin the realworld.

� How are webdocumentsdi�erent?
Theyhavelinksandrich formatting.

Document Classifica tion Models

� Basicmodelsfor classi�cation:

1.NaiveBayes
2.LogisticRegression(MaxEnt)
3.Support Vector Machines
4.DecisionTrees
5.Winnow

� More sophisticatedmodels:

1.Mixturesof NaiveBayes
2.LatentProbabilisticSemanticIndexing
3.LatentDirichletAllocation
4.BoostedDecisionTrees



Document Features f or Classifica tion

� Binary word occurrence

� Word counts/ log counts

� Binary presenceon oneor more listsof names,cities,companies,
states,countries,products,televisionshows,etc.

� TF-IDF:TermFrequency* InverseDocumentFrequency

� Binary indicationof \T riggerPhrases".

TF-IDF

� TheTF-IDFmeasurecountshow manytimesa word occurs
(term-frequency),but normalizesthat countby the proportion of
documentscontaininga particular word
(inverse-document-frequency).

� A typicalmeasureis:

TFIDF(word; document) = nwd log
NdocumentsP

d[nwd > 0]

� Veryunusualwordshavetheir countsampli�ed,verycommon
wordshavetheir countsmultipliedby a verysmallnumber.

� Problem:hard to de�ne this measureon a newtest caseor small
test set. CanuseIDF fromtrainingset,or pooledIDF from
trainingplustestingsets.

Some Pra ctical Considera tions

� Must usestopword listsandstemming.

� NaiveBayesis anexcellentmodel,andoftenveryhard to beat.
Alwaysaddoneto yourcounts.

� MaxEnt/LogisticRegression:don't useiterativescalingto update
parameters,useconjugategradientinstead.
Alwaysusea quadraticprior on the weights.

� Featureselectionis key.
Somecommonapproaches:maxmutualinfo with classlabel; most
frequentnon-stopwords,non-stopwordsappearing in most
documents.

Inf orma tion Extra ction Models

� Simplemodels:slidingwindows,boundary �nders.

� Uselatentvariablemodelswherelatentvariableindicatesentity
groupingsandobservablesare wordsor otherdocumentfeatures.

� HiddenMarkov Models

� MaximumEntropy Markov Models

� ConditionalRandomFields

� VotedPerceptron

� Local-GlobalModels

� More sophisticatedtree-basedmodels...



Inf orma tion Extra ction ModelsLandscape of IE Techniques (1/1):
Models

Any of these models can be used to capture words, formatting or both.

Lexicons

Alabama
Alaska
…
Wisconsin
Wyoming

Sliding Window
Classify Pre-segmented

Candidates

Finite State Machines Context Free GrammarsBoundary Models

Abraham Lincoln was born in Kentucky.

member?

Abraham Lincoln was born in Kentucky.Abraham Lincoln was born in Kentucky.

Classifier

which class?

…and beyond

Abraham Lincoln was born in Kentucky.

Classifier

which class?

Try alternate
window sizes:

Classifier

which class?

BEGIN END BEGIN END

BEGIN

Abraham Lincoln was born in Kentucky.

Most likely state sequence?

Abraham Lincoln was born in Kentucky.
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Alsoknown as\logistic regressionthroughtime".

Whatare the cliqueshere?

Conditional Random Fields
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How is this di�erent than the MEMM?

Normalizationis globalandnot local.

Labelled vs. Unlabelled Dat a

� For informationextraction/ named-entity tagging,mostmodels
requirelabelleddata,whichcanbe verydi�cult to get in large
quantities.

� Suchdatais oftengeneratedby a handlabellingpagesand
documents.

� Sometimesit is possibleto \b ootstrap"up froma smallamountof
labelleddatato a largeramount.
e.g.word sensedisambiguation



Web Sear ching Models

� Mostwebsearch engineswork by usinga combinationof two
technologies:

1.Highlye�cient indexandsearch for retrievinga list of pagesthat
containthe keywordsyou search for, or a setof wordsthat mean
roughlythe samething. (This is a databasesproblem.)

2.A method of rankingthe matchingresultssothat the \b est" or
\most relevant"pagescomeearlier on the list.
(This is a machinelearningproblem.)

� Virtuallyall rankingalgorithmsare eigenvector methodsappliedto
the link matrixof the web.
e.g.Google,hubsandauthorities

� \Bibliometrics"treatscitationsin documentslike linkson the web.

Recommend ation/Collabora tive Fil tering

� Themostbasicrecommendationsystemis table-lookupinto the
past: givenwhatyou alreadylike, recommendthingsthat other
peoplewholikedwhatyou do alsoliked.

� Thisonlyworks if you haveanenormousamountof data
(e.g. weatherprediction,Amazon).

� In general,we mustgroupdocuments/productstogetherbasedon
co-occurrenceandthenextrapolatedfromour limiteddatabaseto
discoverwhichitemsto recommend.
e.g. Aspect Model

Summariza tion

� Generatea smallamountof text that summarizesa larger
document.
e.g.Googlenews.

� Veryhard problembecausethe computerhasto generatesome
believablecontent.

� Easierproblem:excerpta smallamountof originaltext or audioor
videothat bestcapturesthe entiredocument.

Evalua tion Metrics

� Perplexity: averagenumber of plausiblealternativeson test set.

� Precisionvs. Recallcurves.

� F-score: (� 2 + 1)PR=(� 2P + R)

� N-bestperformance.

� Rankingperformance.



Example: Person Name Extra ction

Person name Extraction [McCallum 2001,
unpublished]

Example: Person Name Extra ction (2)

Person name Extraction

Example: Features Used
Features in Experiment

Capitalized Xxxxx
Mixed Caps XxXxxx

All Caps XXXXX

Initial Cap X….
Contains Digit xxx5

All lowercase xxxx

Initial X

Punctuation .,:;!(), etc
Period .

Comma ,

Apostrophe ‘
Dash -

Preceded by HTML tag

Character n-gram classifier
says string is a person
name (80% accurate)

In stopword list
(the, of, their, etc)

In honorific list
(Mr, Mrs, Dr, Sen, etc)

In person suffix list
(Jr, Sr, PhD, etc)

In name particle list
(de, la, van, der, etc)

In Census lastname list;
segmented by P(name)

In Census firstname list;
segmented by P(name)

In locations lists
(states, cities, countries)

In company name list
(“J. C. Penny”)

In list of company suffixes
(Inc, & Associates, Foundation)

Hand-built FSM person-name
extractor says yes,
(prec/recall ~ 30/95)

Conjunctions of all previous
feature pairs, evaluated at
the current time step.

Conjunctions of all previous
feature pairs, evaluated at
current step and one step
ahead.

All previous features, evaluated
two steps ahead.

All previous features, evaluated
one step behind.

Total number of features = ~200k

More Resour ces
IE Resources

• Data
– RISE, ht t p: / / www. i s i . edu/ ~musl ea/ RI SE/ i ndex. ht ml

– Linguistic Data Consortium (LDC)
• Penn Treebank, Named Entities, Relations, etc.

– ht t p: / / www. bi ost at . wi sc. edu/ ~cr aven/ i e
– ht t p: / / www. cs. umass. edu/ ~mccal l um/ dat a

• Code
– TextPro, ht t p: / / www. ai . sr i . com/ ~appel t / Text Pr o

– MALLET, ht t p: / / www. cs. umass. edu/ ~mccal l um/ mal l et

• Both
– ht t p: / / www. ci s. upenn. edu/ ~adwai t / pennt ool s. ht ml
– ht t p: / / www. cs. umass. edu/ ~mccal l um/ i e


