6.864(Fall 2007)
Global Linear Models

Techniques

Sofar:

— Smoothedestimation

— Probabilisticcontext-freegrammars
— Log-linearmodels

— Hiddenmarkov models

— The EM Algorithm

— History-basednodels

Today:

— Globallinearmodels

Overview

A brief review of history-basednethods
A new framework: Globallinearmodels

Parsingproblemsin this framework:
Rerankingproblems

Parameteestimationrmethodl:
A variantof the perceptroralgorithm

SuperisedLearning in Natural Language

Generatask:induceafunctionF from memberof asetX to
memberof asetY . e.qg.,

Problem X2 X y2Y

Parsing sentence parsetree
Machinetranslation| Frenchsentence Englishsentence
POStagging sentence sequencef tags

Supervisedearning:
we have atrainingset(x;;y;) fori = 1:::n




The Models sofar

Most of the modelswe've seenso far are history-based
models

We breakstructureslown into a derivation, or sequencef decisions
Eachdecisionhasanassociatedonditionalprobability
Probabilityof a structures a productof decisionprobabilities

Parameter values are estimated using variants of maximum-
likelihoodestimation

FunctionF : X ! Y isde nedas

F(x) = argmax,P(y;xj ) or F(x)= argmax,P(yjXx; )

FunctionF : X ! Y isde nedas
F(x) = argmax, P (y;x ] )

Canbe computedusingdynamicprogramming

Example 1l: PCFGs

We breakstructureslown into a derivation,or sequencef decisions
We have a top-dovn derivation, whereeachdecisionis to expandsome
non-terminal with arule !

Eachdecisionhasanassociatedonditionalprobability
! hasprobabilityP (! i)

Probabilityof a structureis a productof decisionprobabilities
Y
P(T;S) =
where ;! ; fori = 1:::n arethen rulesin thetree
Parametervalues are estimatedusing variants of maximum-likelihood

estimation
_ Count( ! )

PC Y )= Count( )

Example 2: Log-linear Taggers

We breakstructureslown into a derivation,or sequencef decisions

For a sentenceof lengthn we have n taggingdecisions,in left-to-right
order

Eachdecisionhasanassociatedonditionalprobability
Ptijti 1;ti 2;wpiiiwg)
wheret; is thei'th taggingdecision,w; is thei'th word

Probabilityof a structureis a productof decisionprobabilities

Y
P(ty:iith jwyiiiwg) = Ptijti 13t 2;wpiiiwy)
i=1

Parametervalues are estimatedusing variants of maximum-likelihood
estimation

P(tijti 1;ti 2;wq:::wy) isestimatedusingalog-linearmodel




FunctionF : X ! Y isde nedas
F(x) = argmax,P(y j x; )

Canbe computedusingdynamicprogramming

Global Linear Models asa Framework

We'll move away from history-baseanodels
No ideaof a“derivation”, or attachingprobabilitiesto “decisions”

Insteadwe'll have featurevectorsover entirestructures
aGlobalfeatures®

First pieceof motivation:
Freedomin de ning features

A New Setof Techniques:Global Linear Models

Overview of today'slecture:

Globallinearmodelsasaframework

Parsingproblemsin this framework:

— Rerankingproblems

A variantof the perceptroralgorithm

An Example: Parsing

In lecture4, we describedexicalizedmodelsfor parsing
Shavedhow arule canbegeneratedn anumberof steps

S(told, V[6])

NP(yesterdagNN)  NP-C(Hillary,NNP) VP(told,V[6])




Model 2

Stepl: generateateyory of headchild

Step3: generatdeft modi®ersin a Markov chain

S(told, V[6])
+

S(told,V[6])

VP(told,V[6])

Pn(VP] S, told, V[6])

S(told,V[6])

/\
22 VP(told,V[6])
fNP-Og

+

S(told,V[6])

NP-C(Hillary,NNP) VP(told,V[6])
fg

Ph(VPj S,told, V[6]) Pic(fNP-Cgj S, VP, told, V[6])
Py (NP-C(HillaryNNP)j S,VPtold,V[6],LEFT;f NP-Cg)
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Model 2

Step2: choosdeft subcategorizationframe

S(told,V[6])

VP(told,V[6])

+

S(told,V[6])

VP(told,V[6])

f NP-Cy

Pn(VP] S,told, V[6]) Pi(fNP-Cgj S, VP, told, V[6])

14

S(told, V[6])

NP-C(HillaryNNP) VP(told,V[6])
fg
+

S(told,V[6])

NP(yesterdayNN)  NP-C(Hillary,NNP) VP(told,V[6])
fg

Pn(VPj S,told,V[6]) Pi(fNP-Cgj S, VP, told, V[6])
P4(NP-C(Hillary,NNP)j S,VPRtold,V[6],LEFT,f NP-Cg)
P4(NP(yesterdayN) j S,VRtold,V[6],LEFT,(fg)

16



S(told, V[6])

NP(yesterdagNN)  NP-C(Hillary,NNP) VP(told,V[6])
fg
+

S(told, V[6])

NP(yesterdayNN)  NP-C(Hillary,NNP) VP(told,V[6])
fg

Pn(VP] S,told,V[6]) Pic (fNP-Cgj S, VP, told, V[6])
P4 (NP-C(Hillary,NNP)j S,VRtold,V[6],LEFT,f NP-Cg)
P4(NP(yesterdayNN) j S,VRtold,V[6],LEFTfg)
P4(STOPj S,VRtold,V[6],LEFT,fg)

SmoothedEstimation

P(NP(_,NN) VP j S(questioned,Vj)=

count(S(questioned,VI)NP(__,NN) VP)
count(S(questioned, V)

count(S(_,Vt): NP(_,NN) VP
count(S(__,Vt))

1, » land 1+ =1

The Probabilities for One Rule
S(told,V[6])

STOP NP(yesterdajdN)  NP-C(Hillary,NNP) VP(told,V[6])

Pn(VP] S, told, V[6])

Pq(NP-C(Hillary,NNP)j S,VRtold,V[6],LEFT, = 1,f NP-Qg)
P4(NP(yesterdaNN) j S,VPRtold,V[6],LEFT, = 0(fg)
P4(STOPj S,VRtold,V[6],LEFT, = 0fg)

P4(STOPj S,VRtold,V[6],RIGHT, = 1fg)

Threeparameter types:
Headparameters <Dependeng parameters

SmoothedEstimation

P (lawyerj S,VENPNN,questioned,Vt=

count(lawyerj S,VENBNN,guestioned, Vjt
count(S,VENPNN,questioned,Vt

count(lawyerj S,VENPNN, V1t

T2 Count(S,VPNPNN, VD

count(lawyerj NN)
Count(NN)

Where0 1, 2. 3 l,and 1+ o>+




An Example: Parsing

Example 2 Semantideatures
In lecture4, we describedexicalizedmodelsfor parsing
We might have an ontology giving properties of various

nouns/\erbs
) how dowe allow the parserto usethis information?

Shavedhow arule canbegeneratedn a numberof steps

Theendresult:
pourthecappucino

We have head dependeng andsubcatgorizationparameters vs. pourthe book

*
+ Smoothedstimatiormeansprobability” of atreedepend®ncounts

of mary differenttypesof events Ontology statesthat cappucino hasthe +liquid  feature,

book doesnot.

What if we want to add new features?
Can be very awkward to incorporate some features in
history-basedmodels

A Needfor Flexible Features ThreeComponentsof Global Linear Models

Example 1 Parallelismin coordinationJohnsoret. al 1999 f is afunctionthatmapsa structure(x; y) to afeature vector

f(x;y) 2 rRY

Constituentswith similar structur etend to be coordinated

) how dowe allow the parsetto learnthis preference? GEN isafunctionthatmapsaninputx to asetof candidates

GEN (x)

Barsin New York andpubsin London W is aparametewector(alsoa memberof RY)
vs. Barsin New York andpubs

Trainingdatais usedto setthevalueof W




Componentl: f Another Example

A &featureds afunctiononastructureg.g.,

f mapsa candidateo afeature vector 2 RY . . N
P 1 if (x; y) hasaninstanceof non-parallelcoordination

h(xy) = 0 otherwise

f de®negherepresentationof acandidate

(X1;y1)
visited

NP NP
\

barsin New York pubsin London

hi; 0; 2; 0; 0; 15; 5i h(x1:y1) = 0

Features

(X2;Y2)
A ?featureds afunctiononastructureg.g.,

h(x;y) = Numberoftimes| A |isseenn (X;y)
S

B C

visited PP
\

in London

NP
\

barsin New York

h(xz;y2) = 1




A Third Example

A ?featureds afunctiononastructureg.g.,

hi(X;y) numberof timesMary is subjectof likes
ho(x;y) = numberof timesMary is objectof likes

(x;y) S

NP VP
‘ /\
Jim

likes NP

NP SBAR

\ \
Mary  wholikesBill

hi(xy) = 1 ha(xy) = 1

Componentl: f

f mapsa candidateo afeature vector 2 R®

f de®negherepresentationof acandidate

ht; O; 2; 0; O; 15; 5i

A Final Example

A &featureds afunctiononastructureg.g.,

h(x;y) = log probabilityof (x; y) underModel 2

h(x2;y2) =

1:98

Feature Vectors

A setof functionshy : : : hy de®nea feature vector

f(x) = bhy(x); ha(X) 11 ha(X)i

T, A

N
C

B
e S
D E F A
[
e h B C

|
d
|
b ¢

f(T,) = hL; 0;0; 3i f(Ty) = 2,0;1; 1i




Feature Vectors

Ourgoalis to comeup with learningmethodswhich allow us
to de®neary featuresover parsetrees

Avoids the intermediatesteps of a history-basedmodel:
de®ninga derivation which takes the featuresinto account,
andthenattachingprobabilitiesto decisions

Our claim is that this can be an unwieldy, indirect way of
gettingdesiredfeaturesnto amodel

Problemof representationnow boils down to the choiceof
thefunctionf (x; y)

Component2: GEN

GEN enumeratea setof candidatesfor aninputx

Someexamplesof how GEN (x) canbede®ned:

Parsing:GEN (x) is thesetof parsedor x underagrammar
Any task: GEN (x) is the top N most probableparsesunder a
history-basednodel

Tagging: GEN (x) is the setof all possibletag sequencewith the
samelengthasx

Translation: GEN (x) is the setof all possibleEnglishtranslations
for the Frenchsentence

Component2: GEN

GEN enumeratea setof candidatesfor asentence

Component3: W

W is aparameter vector 2 R

f andW togethemapa candidatdo areal-valuedscore

Sheannouncea programto promotesafetyin trucksandvans

hi; 0; 2; 0; O; 15; 5i
+f W
h;0:2:0:0;155i h1:9; 0:3;0:2;1:3;0: 1.0; 2:3i = 5:8

36




Putting it all Together

X is setof sentencesy is setof possibleoutputs(e.g.trees)
Needto learnafunction : X ! 'Y

GEN ,f,W de®ne

(x) = ar)%gﬁx(x)f(x; y) W

Choosethe highest scoring candidate as the most plausible
structure

Givenexamplesq(x;;y;), how to setW ?
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Overview

A brief review of history-basednethods
A new framework: Globallinearmodels

Parsingproblemsin this framework:
Rerankingproblems

Parameteestimationrmethodl:
A variantof the perceptroralgorithm

Sheannouncea programto promotesafetyin trucksandvans
+ GEN

> >

<> N <>

T~ FO QPN
N

P
P
<>

+ f + f + f + f + f + f

hi; 1; 3; 5i h2; 0; 0; 5i h1l; 0; 1; 5i h0; 0; 3; 0i hO; 1; 0; 5i ho; 0; 1; 5i

+f W +f W +f W +f W +f W +f W
136 122 121 33 94 111

+ argmax

Reranking Approachesto Parsing

Use a baseline parserto producetop N parsesfor each
sentenceén trainingandtestdata
GEN (x) isthetopN parsedor x underthebaselinemodel

Onemethod:useModel 2 to generatex numberof parses
(in our experimentsaround25 parseson averagefor 40,000
trainingsentencegiving 1 million trainingparses)

Supewision: for eachx; take y; to be the parsethat is
aclosestto thetreebankparsein GEN (X )




The Representationf

Each componentof f could be essentiallyany featureover
parsetrees

For example:

f 1(X; y) = log probabilityof (x; y) underthe baselinenodel

(
1 if (x;y) includestheruleVP ! PP VBD NP

F2(xy) = 0 otherwise

Practical Issuesin Creatingf

Step2: hashthe stringsto integers

HASRULE:A->B;C 54
HASRULE:B->D;E 118
HASRULE:C->F;G 14
HASRULE:D->d 10078
G HASRULE:E->e 9000
\ HASRULE:F->f 1078
g HASRULE:G->g 101

In our experimentstreeis thenrepresentedslog probability
underthebaselinemodel,plusa sparsdeaturearray:

f 1(x; y) = log probabilityof (x; y) underthe baselinenodel
fi(x;y) = 1fori = 54,118 14;,10078900Q 1078 1019
f,(x;y) = Ofor all otheri

Practical Issuesin Creatingf

Step1l: map a tree to a numberof astrings°representing
features

HASRULE:A->B;C
HASRULE:B->D;E
HASRULE:C->F;G
HASRULE:D->d
HASRULE:.E->e
HASRULE:F->f
HASRULE:G->¢g

The Scorefor Each Parse

In our experimentstreeis thenrepresentedslog probability
underthebaselinemodel,plusa sparsdeaturearray:

f 1(x; y) = log probabilityof (x; y) underthe baselinenodel

f,(x;y) = 1fori = f54;118 14,100789000Q 1078 101g
fi(x;y) = Ofor all otheri

Scorefor thetree(x; y):

‘;<(X? y) W
fi( Y)W

Wif (X y) + Wsa+ Wagg+ Wia+ Wgors + Wgooo + W 1078 + W 101




From[Collins andKoo, 2005} Bigrams These are adjacentpairs of non-terminalsto the left and right
Thefollowing typesof featureswvereincludedin the model. We will usetherule of the head. As shawvn, the example rule would contritute the bigrams
VP -> PP VBD NP NP SBARwith headvBDasanexample. Note thatthe (Right,VP,NP,NP), (Right,VP,NP,SBAR) , (Right,VP,SBAR,STOP) |,
outputof ourbaselingparseproducesyntacticreeswith headvord annotations. and(Left,vP,PP,STOP)  totheleft of thehead.

Rules Theseincludeall contet-free rulesin the tree, for exampleVP -> PP Grandparent Rules SameasRules, but alsoincluding the non-terminalabove
VBD NP NP SBAR therule.

VBD NP NP

Y
VBD NP NP




Lexical Bigrams SameasBigrams, but with the lexical headsof the two non-
terminalsalsoincluded.

VP

@ Vool (@) (RPes) XeBrberanay &

Two-level RulesSameasRules, but alsoincludingtheentirerule above therule.

VP

VBD NP NP SBAR

Grandparent Bigrams SameasBigrams, but alsoincluding the non-terminal

above thebigrams.
[S]
\/

VP

N
@ PP VBD Qﬂ@@b

Two-level Bigrams SameasBigrams, but alsoincluding the entirerule above
therule.




Trigrams All trigramswithin the rule. The example rule would contritute
the trigrams (VP,STOP,PP,VBD!), (VP,PP,VBD!,NP) , (VP,
VBD!,NP,NP),  (VP,NP,NP,SBAR) and (VP,NP, SBAR,STOP) (!
is usedto markthe headof therule)

VP

G CISSETSD

NP  SBAK

Head-Modi ers All head-modi er pairs, with the grandparenton-terminal
alsoincluded. An adj ag is alsoincluded, which is 1 if the modier is
adjacentto the head, O otherwise. As an example, say the non-terminal
dominating the example rule is S. The example rule would contribute
(Left,S,VP,VBD,PP,adj=1) , (Right,S,VP,VBD,NP,adj=1) ,
(Right,S,VP, VBD,NP,adj=0) , and (Right,S,VP,VBD,SBAR,
adj=0) .

PPs Lexical trigrams involving the heads of arguments of prepositional
phrases. The example shavn at right would contritute the trigram
(NP,NP,PP,NP,president,of,U.S.) , in additionto the more general
trigramrelation(NP,NP,PP,NP,of,U.S.)




~

‘iliiresident)
N>

NP (president)

the president

Overview

A brief review of history-basednethods
A new framework: Globallinearmodels

Parsingproblemsin this framework:
Rerankingproblems

Parameteestimationmethodl:
A variantof the perceptroralgorithm

DistanceHead-Modi ers Featuresnvolving the distancebetweerheadwords.
For example,assumdlist is the numberof words betweenthe headwords of
theVBDandSBARin the(VP,VBD,SBAR) head-modi errelationin theabove
rule. Thisrelationwould thengeneratdeatureqVP,VBD,SBAR, = dist) , and
(VvP,VBD,SBAR, x) foralldist x 9and(VP,VBD,SBAR, x) for
alll x dist.

Further Lexicalization In orderto generatanorefeaturesa secondpasswas
madewhere all non-terminalswere augmentedvith their lexical headswhen
these headvords were closed-classwvords. All featuresapart from Head-
Modi ers , PPsandDistance Head-Modi ers werethengeneratedvith these
augmentechon-terminals.

A Variant of the Perceptron Algorithm

Inputs: Trainingset(x;;y;) fori = 1:::n
Initialization: W =20
De ne: (x) = argmaxyzcen (x) F(X;y) W
Algorithm: Fort=1:::T,i=1:::n

zi = F(Xi)

If(z6y) W=W+Tf(x;;y) f(xi;z)

ParameterV




log probability
HASRULE:A->B;C
HASRULE:B->D;E
HASRULE:C->F;G
HASRULE:D->d
HASRULE:E->e
HASRULE:F->f
HASRULE:G->g

log probability
HASRULE:G->B;C
HASRULE:B->D;E
HASRULE:C->F;G
HASRULE:D->d

I‘E HASRULE:E->e

e

\ HASRULE:F->f
g HASRULE:G->g

-1.56
54
118
14
10078
9000
1078
101

-1.13
89
118
14
10078
9000
1078
101

GEOMETRIC INTUITION BEHIND SEPARATION

Say rst treeis correct,but secondtree hashigherW f(x;y) undercurrent
parametersThenW = W + f(Xx;;yi) f(Xi;z) implies

W, + 156 ( L13)= 0:43
Wsg, += 1
Wgy + = 1

o = Correct candidate

o = Incorrect candidates

Theory Underlying the Algorithm

De nition: GEN (x;) = GEN (x;) fyig

De nition: Thetrainingsetis separablewith margin
if thereis avectorU 2 RY with jjUjj = 1 suchthat

8i; 822 GEN (xj) U f(xj;yi) U f(xi;2)

GEOMETRIC INTUITION BEHIND SEPARATION

o = Correct candidate

o = Incorrect candidates




ALL EXAMPLES ARE SEPARATED

[] = Correct candidate (2)

[] = Incorrect candidates (2)

Proof:

Let W ¥ betheweightsbeforethek'th mistale. W 1 = 0
If thek'th mistale is madeati'th example,
andz; = argmaxyzcen (x;) f(Xi;y) WK, then
Wk = Wkt f(xiryi) f(xiiz)
) U wkt = U wk+ U f(xiy) U f(xi;2)
U wk+
k
) WA k
Also,
W2 = WP+ it oary)  f(sz)iit+ 2W K () f(xisz)
w2 + R?
) w2
) k2 2
) k

THEORY UNDERLYING THE ALGORITHM

Theorem: For ary training sequencgXx;;y;) which is separable
with magin , thenfor the perceptroralgorithm

2

Numberof mistales R—z

whereR is aconstansuchthat8i; 8z 2 GEN (X;)
ifxisyi)  f(xi;2)j R

Proof: Direct modi®cationof the prooffor the classi®catiorcase.

Perceptron Experiments: Parse Reranking

Parsing the Wall StreetJournal Treebank
Trainingset= 40,000sentencedgest= 2,416sentences
Generatre model(Collins 1999): 88.2%F-measure
Reranlkedmodel:89.5%F-measuré11%relative errorreductior)
Boosting:89.7%F-measuré13%relative errorreductior)

Resultsfrom CharniakandJohnson2005:

— Improvementfrom 89.7%(baselinegeneratre model)to
91.0%accurag

— Usesalog-linearmodel
— Gainsfrom improvedn-bestlists, betterfeatures




Summary

A new framework: global linear models
GEN ;f;W

Thereareseveralwaysto trainthe parameters§V :

Perceptron
Boosting
Log-linearmodels(maximum-likelihood)

Applications:

Rerankingmodels
LFG parsing
Generation
Machinetranslation
Taggingproblems
Speeclrecognition

+
+
+
+
+
+




