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Statisticalrevolutionin computationallinguistics

I Speechrecognition
I Syntacticparsing
I Machinetranslation

Year

Parse
Accuracy

2006200420022000199819961994

0.92
0.91
0.9

0.89
0.88
0.87
0.86
0.85
0.84



Statisticalmodelsin computationallinguistics

I Supervisedlearning: structureto be learnedis visible
I speechtranscripts,treebank,proposition bank,

translationpairs
I more information than availableto a child
I annotation requires(linguistic) knowledge

I a more practical method of making information available
to a computerthan writing a grammar by hand

I Unsupervisedlearning: structureto be learnedis hidden
I alien radio, alienTV



Chomsky's\Three Questions"

I What constitutesknowledgeof language?
I grammar (universal,languagespeci�c)

I How is knowledgeof languageacquired?
I languageacquisition

I How is knowledgeof languageput to use?
I psycholinguistics

(last two questionsare about inference)



Thecentrality of inference

I \p overty of the stimulus"
) innate knowledgeof language(universalgrammar)
) intricate grammar with rich deductivestructure



Thecentrality of inference

I \p overty of the stimulus"
) innate knowledgeof language(universalgrammar)
) intricate grammar with rich deductivestructure

I Statisticsis the theory of optimal inferencein the
presenceof uncertainty

I We can de�ne probability distributionsoverstructured
objects

) no inherentcontradictionbetweenstatistical inference
and linguistic structure

I probabilisticmodelsare declarative
I probabilisticmodelscan be systematicallycombined

P(X ; Y ) = P(X )P(Y jX )



Questionsthat statisticalmodelsmightanswer

I What information is requiredto learn language?
I How usefulare di�erent kindsof information to language

learners?
I Bayesianinferencecan utilize prior knowledge
I Prior can encode \soft" markednesspreferencesand

\hard" universalconstraints
I Are theresynergiesbetweendi�erent information

sources?
I Doesknowledgeof phonologyor morphologymake word

segmentationeasier?
I May providehints about humanlanguageacquisition
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ProbabilisticContext-FreeGrammars

1:0 S ! NP VP 1:0 VP ! V
0:75 NP ! George 0:25 NP ! Al
0:6 V ! barks 0:4 V ! snores
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EstimatingPCFGsfromvisibledata

S

NP VP

rice grows

S

NP VP

rice grows

S

NP VP

corn grows

Rule Count Rel Freq
S ! NP VP 3 1
NP ! rice 2 2=3
NP ! corn 1 1=3
VP ! grows 3 1

Rel freq is maximumlikelihood estimator
(selectsrule probabilitiesthat
maximizeprobability of trees)
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EstimatingPCFGsfromhiddendata

I Trainingdata consistsof stringsw alone
I Maximumlikelihood selectsrule probabilitiesthat

maximizethe marginalprobability of the stringsw
I Expectationmaximizationis a way of buildinghidden

data estimators out of visibledata estimators
I parsetreesof iteration i are training data for rule

probabilitiesat iteration i + 1

I Eachiteration is guaranteednot to decreaseP(w) (but
canget trapped in local minima)

I This canbe donewithout enumeratingthe parses



Example:TheEM algorithm with a toy PCFG

Initial rule probs
rule prob
� � � � � �
VP ! V 0:2
VP ! V NP 0:2
VP ! NP V 0:2
VP ! V NP NP 0:2
VP ! NP NP V 0:2
� � � � � �
Det ! the 0:1
N ! the 0:1
V ! the 0:1

\English" input
the dog bites
the dog bitesa man
a mangivesthe doga bone
� � �

\pseudo-Japanese"input
the dog bites
the dog a manbites
a manthe doga bonegives
� � �



Probability of \English"

Iteration

Geometric
average

sentence
probability

543210

1

0.1

0.01

0.001

1e-04

1e-05

1e-06



Ruleprobabilitiesfrom\English"

V ! the
N ! the

Det ! the
VP ! NP NP V
VP ! V NP NP

VP ! NP V
VP ! V NP

Iteration

Rule
probability

543210
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Probability of \Japanese"

Iteration

Geometric
average

sentence
probability

543210

1

0.1
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0.001

1e-04

1e-05

1e-06



Ruleprobabilitiesfrom\Japanese"

V ! the
N ! the

Det ! the
VP ! NP NP V
VP ! V NP NP

VP ! NP V
VP ! V NP

Iteration

Rule
probability

543210

1
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0.3

0.2

0.1

0



Learningin statisticalparadigm

I The likelihood is a di�erentiable functionof rule
probabilities
) learning can involvesmall,incrementalupdates

I Learning structure(rules) is hard, but . . .
I Parameterestimationcanapproximaterule learning

I start with \superset" grammar
I estimaterule probabilities
I discard low probability rules

I Parameterscanbe associatedwith other thingsbesides
rules(e.g., HeadInitial,HeadFinal)



ApplyingEM to realdata

I ATIS treebankconsistsof 1,300hand-constructedparse
trees

I ignore the words (in this experiment)
I about 1,000PCFG rulesare neededto build thesetrees
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Experimentswith EM

1. Extract productionsfrom treesandestimateprobabilities
probabilitiesfrom treesto producePCFG.

2. InitializeEM with the treebankgrammar andMLE
probabilities

3. Apply EM (to stringsalone)to re-estimateproduction
probabilities.

4. At eachiteration:
I Measurethe likelihood of the training data and the

quality of the parsesproducedby eachgrammar.
I Test on training data (so poor performanceis not due to

overlearning).



Loglikelihood of trainingstrings

Iteration

logP

20151050

-14000
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Quality of ML parses

Recall
Precision

Iteration

Parse
Accuracy

20151050

1

0.95

0.9

0.85

0.8

0.75

0.7



Whydoesit work sopoorly?

I Wrongdata: grammar is a transductionbetweenform
andmeaning) learn from form/meaningpairs

I exactlywhat contextualinformation is availableto a
languagelearner?

I Wrongmodel: PCFGsare poor modelsof syntax
I Wrongobjectivefunction: Maximumlikelihood makesthe

sentencesas likely aspossible,but syntaxisn't intended
to predict sentences(Klein andManning)

I How caninformation about the marginaldistributionof
stringsP(w) provideinformationabout the conditional
distributionof parsest givenstringsP(t jw)?

I needadditional linking assumptionsabout the
relationshipbetweenparsesand strings

I . . . but no onereallyknows!
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Factoring the languagelearningproblem

I Factor the languagelearning probleminto linguistically
simplercomponents

I Focuson componentsthat might be lessdependenton
contextandsemantics(e.g., word segmentation,
phonology)

I Identify relevantinformation sources(includingprior
knowledge,e.g.,UG) by comparing models

I Combinecomponentsto producemore ambitiouslearners
I PCFG-like grammars are a naturalway to formulatemany

of thesecomponents

Joint work with Sharon Goldwater and Tom Gri�ths



Word Segmentation

Data = t h e d o g b a r k s

Utterance

Word

t h e

Utterance

Word

d o g

Utterance

Word

b a r k s

Utterance! Word Utterance
Utterance! Word
Word ! w w 2 � ?

I Algorithms for word segmentationfrom this information
alreadyexists(e.g., Elman,Brent)

I Likely that childrenperform someword segmentation
before they know the meaningsof words



Concatenativemorphology

Data = t a l k i n g

Verb

Stem

t a l k

Suffix

i n g

Verb! StemSu�x
Stem! w w 2 � ?

Su�x ! w w 2 � ?

I Morphologicalalternationprovidesprimary evidencefor
phonologicalgeneralizations(\trucks" /s/ vs. \cars" /z/)

I Morphemesmay alsoprovidecluesfor word segmentation
I Algorithms for doingthis alreadyexist (e.g., Goldsmith)



PCFG componentscanbe integrated

Utterance

WordsN

N

StemN

d o g

SuffixN

s

WordsV

V

StemV

b a r k

SuffixV

Utterance! WordsS S 2 S
WordsS ! S WordsT T 2 S
S ! StemS Su�x S

StemS ! t t 2 � ?

Su�x S ! f f 2 � ?



Problemswith maximumlikelihood estimation

I Maximumlikelihood picksmodel that best �ts the data
I Saturatedmodelsexactlymimic the training data

) highestlikelihood
I Needa di�erent estimationframework

Utterance

Word

t h e d o g b a r k s

Verb

Stem

t a l k i n g

Suffix



Bayesianestimation

P(HypothesisjData)
| {z }

Posterior

/ P(DatajHypothesis)
| {z }

Likelihood

P(Hypothesis)
| {z }

Prior

I Priors canbe sensitiveto linguisticstructure(e.g., a word
shouldcontaina vowel)

I Priors canencode linguisticuniversalsandmarkedness
preferences(e.g., complexclustersappear at word onsets)

I Priors canprefersparsesolutions
I The choiceof the prior is asmucha linguisticissueasthe

designof the grammar!



Morphologicalsegmentationexperiment

I Trainedon orthographicverbsfrom U Penn. Wall Street
Journaltreebank

I Dirichlet prior preferssparsesolutions(sparsersolutions
as � ! 0)

I GibbsSamplerusedto samplefrom posterior distribution
of parses

I reanalyseseachword basedon a grammar estimated
from the parsesof the other words



Posterior samplesfromWSJverbtokens
� = 0:1 � = 10� 5 � = 10� 10 � = 10� 15

expect expect expect expect
expects expects expects expects

expected expected expected expected
expecting expect ing expect ing expect ing

include include include include
includes includes includ es includ es
included included includ ed includ ed

including including including including
add add add add

adds adds adds add s
added added add ed added

adding adding add ing add ing
continue continue continue continue

continues continues continue s continue s
continued continued continu ed continu ed

continuing continuing continu ing continu ing
report report report report

reports report s report s report s
reported reported reported reported

reporting report ing report ing report ing
transport transport transport transport

transports transport s transport s transport s
transported transport ed transport ed transport ed

transporting transport ing transport ing transport ing
downsize downsiz e downsiz e downsiz e

downsized downsiz ed downsiz ed downsiz ed
downsizing downsiz ing downsiz ing downsiz ing

dwarf dwarf dwarf dwarf
dwarfs dwarf s dwarf s dwarf s

dwarfed dwarf ed dwarf ed dwarf ed
outlast outlast outlast outlas t

outlasted outlast ed outlast ed outlas ted



Logposterior of modelson tokendata

Posterior
True su�xes
Null su�xes

Dirichlet prior parameter�

logP�

11e-101e-20

-800000

-1e+06

-1.2e+06

I Correct solutionis nowherenear aslikely asposterior

) model is wrong!



Independenceassumptionin PCFG model

Verb

Stem

t a l k

Suffix

i n g

P(Word) = P(Stem)P(Su�x)

I Model expectsrelativefrequencyof eachsu�x to be the
samefor all stems



Relativefrequenciesof in
ectedverbforms



Typesandtokens

I A word type is a distinct word shape
I A word token is an occurrenceof a word

Data = \the cat chasedthe other cat"

Tokens = \the" 2; \cat" 2; \chased"1; \other" 1

Types = \the" 1; \cat" 1; \chased"1; \other" 1

I Usingword typesinsteadof word tokense�ectively
normalizesfor frequencyvariations



Posterior samplesfromWSJverbtypes
� = 0:1 � = 10� 5 � = 10� 10 � = 10� 15

expect expect expect exp ect
expects expect s expect s exp ects

expected expect ed expect ed exp ected
expect ing expect ing expect ing exp ecting
include includ e includ e includ e
include s includ es includ es includ es

included includ ed includ ed includ ed
including includ ing includ ing includ ing

add add add add
adds add s add s add s
add ed add ed add ed add ed

adding add ing add ing add ing
continue continu e continu e continu e
continue s continu es continu es continu es
continu ed continu ed continu ed continu ed

continuing continu ing continu ing continu ing
report report repo rt rep ort

reports report s repo rts rep orts
reported report ed repo rted rep orted

report ing report ing repo rting rep orting
transport transport transport transport
transport s transport s transport s transport s
transport ed transport ed transport ed transport ed

transporting transport ing transport ing transport ing
downsize downsiz e downsi ze downsi ze
downsiz ed downsiz ed downsi zed downsi zed
downsiz ing downsiz ing downsi zing downsi zing

dwarf dwarf dwarf dwarf
dwarf s dwarf s dwarf s dwarf s
dwarf ed dwarf ed dwarf ed dwarf ed

outlast outlast outlas t outla st
outlasted outlas ted outla sted



Summary sofar

I Unsupervisedlearning is di�cult on realdata!
I There'sa lot to learn from simpleproblems

I needmodelsthat requireall stemsin sameclassto have
samesu�xes but permit su�x frequenciesto vary with
the stem

I Relatedproblemsarisein other linguisticdomainsaswell
I Many verbsshare the samesubcategorization frames,

but subcategorization frame frequenciesdepend on head
verb.

I Hopefullywe cancombinethesesimplelearnersto study
their interactionin more complexdomains
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PsalterMappaMundi(1225?)



Portolanchart circa1424



Portolanchart circa1424(center)



Waldseem•uller1507,afterPtolemy



BattistaAgneseportolanchart circa1550



Mercator 1569



... backto computationallinguistics

I Be wary of analogiesfrom the history of science!
I we only remember the successes

I May wind up learning somethingverydi�erent to what
you hoped

I Cartographyandgeographybene�ted from both the
academicandPortolan traditions

I Geographyturnedout to be about brute empiricalfacts
I but geologyand plate tectonics

I Mathematics(geometryand trigonometry)turnedout to
be essential

I Evenwrongideascanbe veryimportant
I the cosmographictradition survivesin celestial

navigation
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Conclusion

I Statisticalmethods haveboth engineeringandscienti�c
applications

I Inferenceplays a centralrole in linguistictheory
I Uncertaininformation ) statisticalinference
I The statisticalcomponentof a model may requireas

muchlinguisticinsightas the structuralcomponent
I Factoring the learning probleminto linguisticallysimpler

piecesmay be a good way to proceed
I Who knows what the future will bring?



Thankyou

\I askyou to look both ways. For the road to a knowledgeof
the stars leadsthroughthe atom; and important knowledgeof

the atom hasbeenreachedthroughthe stars."
| Sir Arthur Eddington

\Everythingshouldbe madeassimpleaspossible,but not one
bit simpler."

| Albert Einstein

\Somethingunknown is doingwe don't know what."
| Sir Arthur Eddington

\You canobservea lot just by watching."
| Yogi Berra



Logposterior of modelson type data

Optimal su�xes
True su�xes
Null su�xes

Dirichlet prior parameter�

logP�

11e-101e-20

0

-200000

-400000

I Correct solutionis closeto optimal for � = 10� 3



Morphemefrequenciesprovideusefulinformation

Yarowskyand Wicentowski (2000) \Minimally supervised
MorphologicalAnalysisby Multimodal Alignment"



Su�x frequencydependson stem

Word

V

t a l k SuffixVtalk

i n g

Word ! S S 2 S
S ! t Su�x S;t t 2 � ?

Su�x S;t ! f f 2 � ?

I Su�x distributionsSu�x S;t ! f dependon the stemt
I Prior constrainssu�x distributionsSu�x S;t ! f for

stemst in the sameclassto be similar
I Model is saturatedandnot context-free



Dirichletpriors andsparsesolutions
I The expansionsof a nonterminalin a PCFG are

distributedaccording to a multinomial
I Dirichlet priors are a standard prior overmultinomial

distributions

P(p1; : : : ; pn) /
nY

i =1

p� � 1
i � > 0

� = 2:0
� = 1:0
� = 0:5
� = 0:1

Binomial probability p

P� (p)

10.80.60.40.20

3

2

1

0



Estimationprocedures

I Dirichlet prior preferssparsesolutions) MAP grammar
may be unde�nedeventhoughMAP parsesare de�ned

I Markov ChainMonte Carlo techniquescansamplefrom
the posterior distributionovergrammars andparses

I Gibbssampling:
1. Constructa corpus of (word,tree) pairsby randomly

assigningtreesto eachword in the data
2. Repeat:

2.1 Pick a word w and its tree from the corpusat random
2.2 Estimatea grammar from the treesassignedto the

other words in the corpus
2.3 Parsew with this grammar, producinga distribution

over trees
2.4 Selecta tree t from this distribution, and add (w; t ) to

the corpus



Outline

Why Statistics?

Learning probabilisticcontext-freegrammars

Factoring learning into simplercomponents

The Janus-facednatureof computationallinguistics

Conclusion



Maximumlikelihood estimationfromvisibledata

Correct parses
for training data sentences

All possibleparsesfor
all possiblesentences

I Standard maximumlikelihood estimationmakesthe
treebanktreest andstringsw as likely aspossible
relativeto all other possibletreesandstrings

bg = argmax
g

= Pg(w; t ) = argmax
g

Pg (t jw) Pg(w)



Maximumlikelihood estimationfromhiddendata

for training data sentences
All possibleparses

for training data sentences
Correct parses

All possibleparsesfor
all possiblesentences

I Maximumlikelihood estimationmaximizesthe probability
of the words w of the training data, relativeto all other
possibleword strings

bg = argmax
g

Pg(w) = argmax
g

X

t

Pg (t ; w)



ConditionalMLE fromvisibledata

Correct parses
for training data sentences

All possibleparses
for training data sentences

All possibleparsesfor
all possiblesentences

I ConditionalMLE maximizesthe conditionalprobability
Pg (t jw) of the training treest relativeto the training
words w

I learns nothingfrom the distributionPg (w) of words



Languageasa transductionfromform to meaning

Language

Representations
Phonological

Semantic

Cognition
A.I.

representations S

W

I Grammar generatesa phonologicalform w from a
semanticrepresentations

P(w; s) = Pg (wjs)
| {z }
\language00

Pc(s)
| {z }

\cognition 00



Interpretationis �nding the mostlikelymeanings?

w

S

W

s?(w)

s?(w) = argmax
s2S

P(sjw) = argmax
s2S

Pg(wjs)Pc(s)



Maximumlikelihood estimatebg fromvisibledata

w

sS

W

I Trainingdata consistsof phonology/semanticpairs(w; s)
I Maximumlikelihood estimateof grammar bg makes(w; s)

as likely aspossiblerelativeto all other possiblepairs
(w0; s0); w0 2 W; s0 2 S

bg = argmax
g

P(w; s) = argmax
g

P(wjs)



MLE bg fromhiddendata

w

sS

W

I Trainingdata consistsof phonologicalstringsw alone
I MLE makesw aslikelyaspossiblerelativeto otherstrings

bg = argmax
g

P(w) = argmax
g

X

s2S

Pg (wjs)Pc(s)

) It may be possibleto learn g from stringsalone
I The cognitivemodel Pc can in principlebe learnt the

sameway
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