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SupervisedLearning in NLP

² Goalis to learna functionF : X ! Y,
whereX is asetof possibleinputs,
Y is asetof possibleoutputs.

² Wehavea trainingsample(x1; y1); (x2; y2); : : : ; (xn ; yn)
whereeach(xi ; yi ) 2 X £ Y
E.g.,eachxi is asentence,eachyi is agold-standardparse



Global Linear Models

² Threecomponents:

GEN is a functionfrom astringto asetof candidates

© mapsacandidateto a featurevector

W is aparametervector



Component1: GEN

² GEN enumeratesasetof candidatesfor asentence
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Component2: ©

² © mapsacandidateto a featurevector 2 Rd

² © de�nestherepresentationof acandidate
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Features

² A “feature” is a functiononastructure,e.g.,

h(x) = Numberof times A

B C

is seenin x
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FeatureVectors

² A setof functionsh1 : : : hd de�ne a featurevector

©(x) = hh1(x); h2(x) : : : hd(x)i
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Component3: W

² W is aparameter vector 2 Rd

² © andW togethermapacandidateto a real-valuedscore
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h1; 0; 2; 0; 0; 15; 5i ¢h1:9; ¡ 0:3; 0:2; 1:3; 0; 1:0; ¡ 2:3i = 5:8



Putting it all Together

² X is setof sentences,Y is setof possibleoutputs(e.g.trees)

² Needto learna functionF : X ! Y

² GEN , ©, W de�ne

F(x) = arg max
y2GEN (x)

©(x; y) ¢W

Choosethe highestscoring tr eeasthe mostplausiblestructur e

² Givenexamples(xi ; yi ), how to setW ?
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Examplesof Global Linear Models

² Parse Reranking,e.g., [Ratnaparkhi,Reynar and Roukos, 1994],
[Johnsonet. al, 1999], [Collins 2000], [Riezleret. al, 2004], [Shen,Sarkar
andJoshi,2003], [CharniakandJohnson,2005]

² Conditionalrandom�elds for taggingproblems
[Lafferty, McCallum,andPereira,2001;ShaandPereira,2003]

² Speechrecognition:estimatingadiscriminativen-grammodel
[Roark,SaraclarandCollins,2004]

² Dependency parsing[McDonald,Pereira,Ribarov andHajic, 2005]

² Rerankingfor machinetranslation[Shenand Joshi,2005; Shen,
SarkarandOch,2004]

² Alignmentsin MT [Taskar, Lacoste-Julien,andKlein, 2005]



Overview

² Margins,andthelargemargin solution

² An SVM algorithm

² Local featurevectors
(whatto dowhenGEN is large...)

² Justi�cationfor thealgorithm

² Conclusions



Mar gins

² Given parametervaluesW , the margin on parsey
for i ' th trainingexampleis

Mi;y = ©(xi ; yi ) ¢W ¡ ©(xi ; y) ¢W

Thisis the differ encein scorebetweenthe correct
parse,and parsey
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Support Vector Machines: The Lar geMar gin Solution

Minimize
jjW jj 2

undertheconstraints

8i; 8y 6= yi ; M i;y ¸ 1

(Note: asolutiondoesn't alwaysexist)

kW k2 =
P

j W 2
j



Support Vector Machines: The Lar geMar gin Solution

Minimize
jjW jj 2

undertheconstraints

8i; 8y 6= yi ; M i;y ¸ 1

Statisticaljusti®cation:

² Assume there is a distribution P(x; y) underlying training and test
examples

² If kW k2

n is small,with high probability W will have low error ratew.r.t.
P(x; y)



Overview

² Margins,andthelargemargin solution

² An SVM algorithm

² Local featurevectors
(whatto dowhenGEN is large...)

² Justi�cationfor thealgorithm

² Conclusions



Training an SVM: Dual Variables

² For theperceptron,SVMs,andconditionalrandom�elds, the
�nal parametervaluescanbeexpressedas:

W =
X

i;y

®i;y [©(xi ; yi ) ¡ ©(xi ; y)]

where®i;y aredual variables
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Dual variables®i;y :

0.1 0.3 0.5 0.05 0.04 0.01

Assuming�rst parseis correct,contribution to W is

0:1[©1 ¡ ©1] + 0:3[©1 ¡ ©2] + 0:6[©1 ¡ ©3] + : : :



Training an SVM

Inputs: Trainingset(xi ; yi ) for i = 1: : : n

Initialization: Set®i;y to initial values,

CalculateW =
P

i;y ®i;y [©(xi ; yi ) ¡ ©(xi ; y)]

Note: musthave®i;y > 0,
P

y ®i;y = 1



Training an SVM: The Algorithm

(1) CalculateMar gins:

8i; y; M i;y = ©(xi ; yi ) ¢W ¡ ©(xi ; y) ¢W

(2) UpdateDual Variables:

8i; y; ®0
i;y Ã : : :

(Moreon this in amoment...)

(3) UpdateParameters: W =
P

i;y ®0
i;y [©(xi ; yi ) ¡ ©(xi ; y)]

(4) If not converged,return to Step(1)



Updating the Dual Variables

8i; y; ®0
i;y Ã ®i;y e´ 5 i;y

P
y ®i;y e´ 5 i;y

where

5 i;y = 0 for y = yi

5 i;y = 1 ¡ Mi;y for y 6= yi

Intuition:

² if M i;y > 1, ®i;y decreases

² if M i;y < 1, ®i;y increases

² if M i;y = 1, ®i;y staysthesame

² Thelearningrate´ > 0 controlsthemagnitudeof theupdates
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8i; y; ®0
i;y Ã ®i;y e´ 5 i;y

P
y

®i;y e´ 5 i;y

where 5 i;y = 0 for y = yi

5 i;y = 1 ¡ M i;y for y 6= yi

Margins: Margins: + © + © + © + ©
+ © ¢W + © ¢W + © ¢W + © ¢W

13.6 13.0 14.8 3.3

Mar gins: — 0.6 -1.2 10.3

Valuesfor 5 i;y : 0.0 0.4 2.2 -9.3

Valuesfor é 5 i;y : 1.0 1.49 9.03 0.00001
(with ´ = 1)

Old dual values®i;y : 0.1 0.3 0.5 0.1

Newdual values®0
i;y : 0.02 0.088 0.89 0.0



Training an SVM: The Algorithm

(1) CalculateMar gins:
8i; y; M i;y = ©(xi ; yi ) ¢W ¡ ©(xi ; y) ¢W

(2) UpdateDual Variables:

8i; y; ®0
i;y Ã ®i;y e´ 5 i;y

P
y

®i;y e´ 5 i;y

where

5 i;y = 0 for y = yi

5 i;y = 1 ¡ M i;y for y 6= yi

(3) UpdateParameters: W =
P

i;y ®0
i;y [©(xi ; yi ) ¡ ©(xi ; y)]

(4) If not converged,return to Step(1)



Theory

² Algorithm convergesto theminimumof

X

i

max
y

(1 ¡ M i;y )+ +
1
2

jjW jj 2

where

(1 ¡ M i;y )+ =

(
(1 ¡ M i;y ) if (1 ¡ M i;y ) > 0
0 otherwise

This is thehinge loss: penalizesvaluesfor M i;y thatare< 1

Note,asbefore:

M i;y = ©(xi ; yi ) ¢W ¡ ©(xi ; y) ¢W
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Theory

² Algorithm convergesto theminimumof

X

i
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Penalizesmarginslessthan1

+
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1
2

jjW jj 2
X

i| {z }
Penalizeslargeparametervalues



Theory

² Algorithm convergesto theminimumof

X

i

max
y

(1 ¡ M i;y )+

| {z }
Penalizesmarginslessthan1

+
X

i

1
2

jjW jj 2
X

i| {z }
Penalizeslargeparametervalues

² Note: it' s trivial to modify thealgorithmto minimize

C
X

i

max
y

(1 ¡ M i;y )+ +
1
2

jjW jj 2

for someC > 0

² As C ! 1 wegetcloserto thelargemargin solution



Optimizing Other LossFunctions

² Supposefor eachincorrectparsetree,wehavea “loss”

L i;y

E.g.,L i;y is numberof parsingerrorsin y for sentencexi

² New updates:

8i; y; ®0
i;y =

®i;y é (L i;y ¡ M i;y )

P
y ®i;y é (L i;y ¡ M i;y )

² Algorithm convergesto theminimumof
X

i

max
y

(L i;y ¡ M i;y )+ +
1
2

jjW jj 2

(Lossfunctionfrom [Taskar, Guestrin,Koller, 2003])
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Accuracy on a ParseReranking Task
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Overview

² Margins,andthelargemargin solution

² An SVM algorithm

² Local featurevectors
(whatto dowhenGEN is large...)

² Justi�cationfor thealgorithm
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Local Representations:What to do whenGEN is large

² SupposeGEN (x) is all parsesfor x under a context-free
grammar

² Wenow haveanexponentialnumberof parses

² Wehaveanexponentialnumberof dualvariables®i;y , margins
Mi;y , featurevectors©(xi ; y), errortermsL i;y etc.



Local Representations

A tree:
S

NP

D

the

N

man

VP

V

saw

NP

D

the

N

dog

Its context-freeproductions:
hS ! NP VP, 1, 2, 5i
hNP ! D N, 1, 1, 2i
hVP ! V NP, 3, 3, 5i
hNP ! D N, 4, 4, 5i

A part is a hrule , start-point, mid-point, end-pointi tuple



Assumption1: Local Feature-Vector Representations

² If x is asentence,r is apart,then

Á(x; r )

is a local feature-vector

² For any parsetreey, wede�ne

©(x; y) =
X

r 2 y
Á(x; r )



Local FeatureVectors

(x; y) = S

NP

D

the

N

man

VP

V

saw

NP

D

the

N

dog

©(x; y) =
+ Á(themansaw thedog; hS ! NP VP, 1, 2, 5i )
+ Á(themansaw thedog; hNP ! D N, 1, 1, 2i )
+ Á(themansaw thedog; hVP ! V NP, 3, 3, 5i )
+ Á(themansaw thedog; hNP ! D N, 4, 4, 5i )

Can�nd argmaxy W ¢©(x; y) usingCKY



Assumption2: Local Err or Functions

² For any examplei , assumeli;r is “cost” of proposingrule r in
parsetreefor xi

² For example:l i;r = 1 if rule r is not in thecorrectparseyi , 0
otherwise

² De�ne
L i;y =

X

r 2 y
l i;r



Local Err or Functions

(xi ; y) = S

NP

D

the

N

man

VP

V

saw

NP

D

the

N

dog

L i;y =
+ l(i; hS ! NP VP, 1, 2, 5i )
+ l(i; hNP ! D N, 1, 1, 2i )
+ l(i; hVP ! V NP, 3, 3, 5i )
+ l(i; hNP ! D N, 4, 4, 5i )



The EG Algorithm under Local Assumptions

² Theupdates:

8i; y; ®0
i;y =

®i;y é (L i;y ¡ M i;y )

P
y ®i;y é (L i;y ¡ M i;y )

² But now, wehave

L i;y ¡ M i;y =
X

r 2 y
(l i;r + W ¢Ái;r ) ¡ W ¢©(xi ; yi )

² Wecanrepresent®i;y variablescompactly:

®i;y =
e
P

r 2 y
µi;r

P
y e

P
r 2 y

µi;r

² Theupdatesareimplementedasµ0
i;r Ã µi;r + ´ (l i;r + W ¢Ái;r )



Local Dual Variables

(xi ; y) = S

NP

D

the

N

man

VP

V

saw

NP

D

the

N

dog

®i;y =
eSi;y

Z

Si;y =
+ µ(i; hS ! NP VP, 1, 2, 5i )
+ µ(i; hNP ! D N, 1, 1, 2i )
+ µ(i; hVP ! V NP, 3, 3, 5i )
+ µ(i; hNP ! D N, 4, 4, 5i )

Thereareanexponentialnumberof ®i;y variables,
but thereareapolynomialnumberof µ(i; r ule) variables
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How did weDerive the Algorithm?

² Wewantto �nd theW thatminimizes:
X

i

max
y

(1 ¡ M i;y )+

| {z }
Penalizesmarginslessthan1

+
X

i

1
2

jjW jj 2
X

i| {z }
Penalizeslargeparametervalues



The Dual Optimization Problemfor the SVM

Choose®i;y valuesto maximize

Q( ¹®) =
X

i;y 6= yi

®i;y ¡
1
2

kW k2

where
W =

X

i;y

®i;y [©(xi ; yi ) ¡ ©(xi ; y)]

Constraints:
8i; 8y; ®i;y ¸ 0

8i;
X

y
®i;y = 1



The Dual Optimization Problemfor the SVM

² Wewantto maximizeQ( ¹®)

² It canbeshown that

dQ( ¹®)
d®i;y

= 5 i;y
where 5 i;y = 0 for y = yi

5 i;y = 1 ¡ M i;y for y 6= yi

² Gradientascent:

®i;y Ã ®i;y + ´ 5 i;y

² ExponentiatedGradient:

®i;y Ã
®i;y é 5 i;y

P
y ®i;y é 5 i;y

(Motivation: ®i;y 's remainpositive,
P

y ®i;y = 1)



² The exponentiated gradient method is an example of
multiplicative updates: central to AdaBoost (Freund
and Schapire), online learning algorithms such as
Winnow (Warmuth), several applicationsto combinatorial
optimization,linear programming,problemsin gametheory,
etc.etc. (survey articleby Arora,HazanandKale)

² Analysis of the algorithm builds on work by Warmuthand
collaboratorsin onlinelearning



Convergenceon a ParseReranking Task
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Contrib utions

² A simplealgorithmfor �nding theSVM solution

² Relieson closeconnectionsbetweenmargins,dualvariables,
dualproblemfor theSVM

² Experimentsshow goodperformanceon rerankingtasks

² Thealgorithmhasaconvenientcompactform for context-free
grammarswith local feature–vectors


