An SVM Approach
for Natural LanguagelLearning

Michael Collins
MIT EECS/CSAIL

Jointwork with PeterBartlett, David McAllester BenTaskar



SupelrvisedLearning in NLP

2 GoalistolearnafunctionF : X ! Y,
whereX Is asetof possibleinputs,
Y Is asetof possibleoutputs.

whereeach(xi;yi) 2 X £ Y
E.g.,eachx; is asentenceeachy; is agold-standargbarse



Global Linear Models

2 Threecomponents:

GEN is afunctionfrom astringto a setof candidates
© mapsacandidatdo afeaturevector
W Is aparametewector



Componentl: GEN

2 GEN enumerateasetof candidatesfor a sentence

Sheannounceca programto promotesafetyin trucksandvans

+ GEN



Component2: ©

2. © mapsacandidateo afeature vector 2 R®

2 © de nestherepresentationof a candidate
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Features

2 A “feature”is afunctiononastructureg.g.,

h(x) = Numberof times A IS seenin X
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Feature VVectors

2 A setof functionshy : :: hy de ne afeature vector

©(x) = y(x); ha(X) 2 hg(X)]
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Component3: W

2 \\ is aparameter vector 2 R

2 © andW togethemapacandidatdo areal-valuedscore
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hl; O; 2; 0: 0; 15, 5i
+ © ¢W
hl;0;2;0;0; 15 5 ¢hl:9;; 0:3;0:2;1:3;0; 1.0; ; 2:31 = 5:8



Putting it all Together

2 X Is setof sentencesy Is setof possibleoutputs(e.g.trees)
2 Needto learnafunctionF : X | 'Y
2 GEN,©,W dene
X) = arg max ©(x;y) tW
(x) = argmax O(x;)

Choosethe highestscoring tr eeasthe most plausible structur e

2 Givenexampleg(X;; Vi), how to setW ?
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Examplesof Global Linear Models

Parse Reranking, e.g., [Ratnaparkhi,Reynar and Roukos, 1994]
[Johnsoret. al, 1999] [Collins 2000] [Riezleret. al, 2004] [Shen,Sarkar
andJoshi,2003] [CharniakandJohnson2005]

Conditionalrandom elds for taggingproblems
[Lafferty, McCallum,andPereira2001;ShaandPereira2003]

Speechrecognition:estimatingadiscriminatve n-grammodel
[Roark,SaraclarmndCollins, 2004]

Dependeng parsingMcDonald, PereiraRibaros andHajic, 2005]

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

Alignmentsin MT [Taskar Lacoste-JulienandKlein, 2005]
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Mar gins

2 Given parametervalues\W , the mamgin on parsey
for i'th trainingexampleis

Miy = ©(Xi;yi) €W i ©(xi;y) ¢W

Thisis the differ encein score betweenthe correct
parse,and parsey



Sheannounce@ programto promotesafetyin trucksandvans

+ GEN

+O¢W +OCW  +OCW +OC¢W +O¢W +0OC¢W
13.6 12.6 12.1 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):

— 1.0 1.5 10.3 4.2 2.5



Sheannounce@ programto promotesafetyin trucksandvans

+ GEN

+O¢W +OCW  +OCW +OC¢W +O¢W +0OC¢W
13.6 14.8 12.1 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):

— -1.2 1.5 10.3 4.2 2.5



Support Vector Machines: The Lar ge Mar gin Solution

Minimize
W jj
undertheconstraints

(Note: a solutiondoesnt alwaysexist)

KW k2= " W2



Support Vector Machines: The Lar ge Mar gin Solution

Minimize

w2
underthe constraints
Statisticaljusti®cation:

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

2 |If kV\;kz Is small, with high probability W will have low errorratew.r.t.

P(x;y)
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Training an SVM: Dual Variables

2 For the perceptronSVMs, andconditionalrandom elds, the
nal parametewaluescanbeexpresseds:

W :>_< ®y [O(Xi;Yi) i ©(Xi;Y)]
LY

where®,., aredual variables
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+ GEN
+ + + + + +
©, ©, ©4 ©4 ©s ©¢
Dual variables ®. :
0.1 0.3 0.5 0.05 0.04 0.01

Assumingrst parses correct,contributionto W is

0:1[©,j ©4]+ 03[0, ©5]+ 0:6[©1] O3]+ :::



Training an SVM

Inputs: Trainingset(x;;y;) fori = 1:::n
Initialization: Set®,.y toinitial values,

Calculatew = iy By [O(Xi3Yi) i ©(Xi;Y)]

P
Note: musthare®y, >0, ,®, =1



Training an SVM: The Algorithm

(1) Calculate Mar gins:
8 y; Miy = ©(Xi; i) CW | ©(X;;y) ¢W

(2) Update Dual Variables:
8i;y, ®, A :::
(More onthisin amoment...)

(3) Update Parameters: W = " y & [OXirYi) i O(Xi;Y)]

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



Updating the Dual Variables

~ '5i;
8i;y; @&, A ;e

p
" y@ye iy

where
S5iy=0 fory =y
5iy =1j Mjy fory 8y
Intuition:
2 If My > 1, ®., decreases
2 If My < 1, ®.y INCreases
2 if My = 1, ®, staysthesame

2 Thelearningrate” > 0 controlsthe magnitudeof theupdates



0 fory =,
1i My, fory6y,

8l y; ®O A ®Iy W S iy

+ © ¢CW + © ¢W + © ¢W + © ¢W
13.6 13.0 14.8 3.3

Mar gins: — 0.6 -1.2 10.3



8i: v: ®o A p®.z@§ . where g:z z (1)i v }‘g;z; z:
+© W +© W +© W +© W
13.6 13.0 14.8 3.3
Mar gins: — 0.6 -1.2 10.3
Valuesfor 5 ;. : 0.0 0.4 2.2 -9.3
Valuesfor e i : 1.0 1.49 9.03 0.00001

(with ~ = 1)



s A T 80, B
+© W +© W +© W +© ¢W
13.6 13.0 14.8 3.3
Mar gins: — 0.6 -1.2 10.3
Valuesfor 5 ;. 0.0 0.4 2.2 -9.3
Valuesfor e i : 1.0 1.49 9.03 0.00001
(with ~ = 1)
Old dual values®.,: 0.1 0.3 0.5 0.1
New dual values@, : 0.02 0.088 0.89 0.0



Training an SVM: The Algorithm

(1) Calculate Mar gins:
8 y; Miy = ©O(Xi; i) CW | ©(x;;y) ¢W

(2) Update Dual Variables:

8i;y; @, A p &y ¢

®.ye' Ly
where
5iy =0 fory =y
5i;y: 1| Mi;y fory6 Yi

(3) Update Parameters: W = i y @ [O(XisYi) i O(Xi; Y]

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



Theory

Algorithm convergesto the minimum of

X 1. .,
- max(1i Miy), + SIW]
where

(
. | _ (@i Myy) 1@ My)>0
(Li Miy)e =g otherwise

Thisis thehingeloss penalizesraluesfor M;, thatare< 1

Note,asbefore:

Miy = ©(Xi;yi) ¢W | ©(Xi;y) CW
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+ GEN

+O¢W +OCW  +OCW +OC¢W +O¢W +0OC¢W
13.6 12.6 12.1 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):

— 1.0 1.5 10.3 4.2 2.5

In this casemax,(1j M;y)+ = 0



Sheannounce@ programto promotesafetyin trucksandvans

+ GEN

+O¢W +OCW  +OCW +OC¢W +O¢W +0OC¢W
13.6 12.2 12.1 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):

— 1.4 1.5 10.3 4.2 2.5

In this casemax,(1j M;y)+ = 0



Sheannounce@ programto promotesafetyin trucksandvans

+ GEN

+O¢W +OCW  +OCW +OC¢W +O¢W +0OC¢W
13.6 13.0 12.1 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):

— 0.6 1.5 10.3 4.2 2.5

In this casemax, (1 M;y)+ = 0:4
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+ GEN

+OCW +OCW  +OCW +OCW +OCW +O¢W
13.6 13.0 14.8 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):

— 0.6 -1.2 10.3 4.2 2.5

In this casemax,(1i Miy): = 2:2



Theory

2 Algorithm corvergesto the minimum of

X 1. .,
max(li Miy),  + SIW )

- {z } |—{z—}
Penalizesnaginslessthanl Penalizedargeparametewalues




Theory

2 Algorithm corvergesto the minimum of

X 1. .,
max(li Miy),  + SIW )

- {z } |—{z—}
Penalizesnaginslessthanl Penalizedargeparametewalues

2 Note: it' strivial to modify thealgorithmto minimize
X 1. .5
C max(li Miy), + SIWjj

forsomeC > 0

2 AsC! 1 wegetclosertothelargemaigin solution



Optimizing Other LossFunctions

2 Supposdor eachincorrectparsetree,we have a“loss”
I—i;y
E.g.,Liy Is numberof parsingerrorsin y for sentence;

2 New updates:

_ ®;y e, (Liy i Miy)

8I; Y, ®I?y - F y®;ye'(|—i;yi Miy )

2 Algorithm corvergesto the minimumof
X 1
| man(Li;y i Miy), + >
|

(Lossfunctionfrom [Taskar Guestrin Koller, 2003)

W3
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+ GEN
5 TN s, e T N e

+OCW +OCW  +OCW +OCW +OCW +O¢W
13.6 13.0 14.8 3.3 9.4 11.1

Mar gins (assuming rst parseis correct):
— 0.6 -1.2 10.3 4.2 2.5

Valuesfor L, :
0 5.0 1.0 2.3 1.7 2.5

In this casemaxy(Liy i Miy)+ = 44



Accuracy

94.8

94.5

94.2

93.9

93.6

93.3

93.0

92.7

Accuracy on a Parse Reranking Task
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2 1, 36; 000trainingexamples,1 million treestotal
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Local Representations:What to do when GEN islarge

2 SupposeGEN (x) Is all parsesfor x under a contect-free
grammar

2 \We now have anexponentialnumberof parses

2 Wehave anexponentiahumberof dualvariables®., , magins
M, , featurevectors©(x;;y), errortermsL;, etc.



Local Representations

A tree:
S
NP VP
N /\
D N v NP
| | N
the man gy D N
| |
the dog
Its contet-free productions:
S! NPVP 1, 2, 5
MNP! DN 1, 1, 2
hvP ! V NP, 3, 3, 5
MNP ! DN, 4, 4, 5

A part isahrule , start-point, mid-point, end-pointi tuple



Assumption 1: Local Feature-\Vector Representations

2 If x Isasentence; is apart,then
A(X; T)

IS alocal featue-vector

2 For ary parsetreey, wede ne

X
O©O(X;y) = A(X; )

r2y



L ocal Feature VVectors

/\/\

D N vy NP

| | | P
the man g5y D N

| |
the dog

©(xy) =
A(themansav thedoghS ! NP VP, 1,2,5i)
+ A(themansav thedog NP ! D N, 1,1, 2i)
+ A(themansav thedog VP | V NP, 3, 3, 5i)
+ A(themansav thedog NP ! D N, 4, 4,5i)

Can nd argmax, W ¢©(X;y) usingCKY



Assumption 2: Local Err or Functions

2 For any examplel, assumé;.. is “cost” of proposingruler in
parsetreefor X;

2 For example:l;, = 1if ruler is notin the correctparsey;, O
otherwise

2
De ne X
I—i;y — Ii;r
r2y



Local Err or Functions

(Xiyy) = S

Liy =

I(IbhS ! NP VP, 1,2,5)
+I(i; NP ! D N1,1,2i)
+I(;AivP !V NP, 3,3,5)
+I(i; NP ! D N, 4,4,5i)



The EG Algorithm under Local Assumptions

Theupdates:
®_y e’ (Liy i Miy)

a1, y; ®|(?y - y®;ye'(|-i;yi Miy )

But now, we have
X .
I—i;y i |\/Ii;y - (Ii;r + W ¢Ai;r) i W ¢©(Xi;yi)
r2y

We canrepresen®., variablescompactly

P

R
r2zy
®'y = Pe P
’ ye r2yl']'i;r

Theupdatesareimplementedasp, A iy + " (lir + W ¢A,)



L ocal Dual Variables

(Xiyy) = S

ui, S ' NP VP, 1,2,50)
+U(i; NP! D N, 1,1,2)
+u(i; ivP !V NP, 3,3,5)
+U(i; NP ! D N, 4,4,51)

Thereareanexponentialnumberof ®,, variables,
but therearea polynomialnumberof u(i; rule) variables
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How did we Derive the Algorithm?

2 \Wewantto nd theW thatminimizes:

X 1. . .5
-max(li Miy), SIWI

I'_ {z } o {z }
Penalizesnaginslessthanl Penalizedargeparametewalues




The Dual Optimization Problemfor the SVM

ChooseR).y valuesto maximize

X 1 ,
Q(®) = By | éka
1y 8y
where X
W= @& [o(iy)i ©kxiy)
1LY
Constraints:
8I; 8%’(? ®y , O
8l; ®y =1

y



The Dual Optimization Problemfor the SVM

We wantto maximizeQ(®)

It canbeshown that

0 fory =y,
1i My, fory6y

I
ol
<
g1 O
.
11

Gradientascent:
®NA‘®N+,5HY

Exponentiatedsradient:

-
@y A poye "
> y Bye >

L . .. P
(Motivation: ®., 'sremainpositve, , ®, = 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 oroblemsin gametheory
etc. etc. (sunwy articleby Arora, HazanandKale)

2 Analysis of the algorithm builds on work by Warmuth and
collaboratorsn onlinelearning



Convergenceon a Parse Reranking Task
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Iterations

2 1, 36; 000trainingexamples,1 million treestotal
2 1,500 000sparsdeatures
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2

Contrib utions

A simplealgorithmfor nding the SVM solution

Relieson closeconnectiondetweenmmamins, dual variables,
dualproblemfor the SVM

Experimentshav goodperformancen rerankingtasks

Thealgorithmhasa cornvenientcompactorm for context-free
grammarwith local feature—ectors



