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1 In tro duction

Extracting seman tic relationships b et w een en tities men tioned in text do cu-

men ts is an imp ortan t task in natural language pro cessing. The v arious t yp es

of relationships that are disco v ered b et w een men tions of en tities can pro vide

useful structured information to a text mining system [1]. T raditionally , the

task sp eci�es a prede�ned set of en tit y t yp es and relation t yp es that are

deemed to b e relev an t to a p oten tial user and that are lik ely to o ccur in a

particular text collection. F or example, information extraction from newspa-

p er articles is usually concerned with iden tifying men tions of p eople, orga-

nizations, lo cations, and extracting useful relations b et w een them. Relev an t

relation t yp es range from so cial relationships, to roles that p eople hold inside

an organization, to relations b et w een organizations, to ph ysical lo cations of

p eople and organizations. Scien ti�c publications in the biomedical domain of-

fer a t yp e of narrativ e that is v ery di�eren t from the newspap er discourse.

A signi�can t e�ort is curren tly sp en t on automatically extracting relev an t

pieces of information from Medline, an online collection of biomedical ab-

stracts. Proteins, genes and cells are examples of relev an t en tities in this task,

whereas sub cellular lo calizations and protein-protein in teractions are t w o of

the relation t yp es that ha v e receiv ed signi�can t atten tion recen tly . The in-

heren t di�cult y of the relation extraction task is further comp ounded in the

biomedical domain b y the relativ e scarcit y of to ols able to analyze the corre-

sp onding t yp e of narrativ e. Most existing natural language pro cessing to ols,

suc h as tok enizers, sen tence segmen ters, part-of-sp eec h (POS) taggers, shallo w

or full parsers are trained on newspap er corp ora, and consequen tly they inccur

a loss in accuracy when applied to biomedical literature. Therefore, informa-

tion extraction systems dev elop ed for biological corp ora need to b e robust to

POS or parsing errors, or to giv e reasonable p erformance using shallo w er but

more reliable information, suc h as c h unking instead of full parsing.
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In this c hapter, w e presen t t w o recen t approac hes to relation extraction that

di�er in terms of the kind of linguistic information they use:

1. In the �rst metho d (Section 2), eac h p oten tial relation is represen ted im-

plicitly as a v ector of features, where eac h feature corresp onds to a wor d

se quenc e anc hored at the t w o en tities forming the relationship. A rela-

tion extraction system is trained based on the subsequence k ernel from

[2]. This k ernel is further generalized so that w ords can b e replaced with

w ord classes, th us enabling the use of information coming from POS tag-

ging, named en tit y recognition, c h unking or W ordnet [3 ].

2. In the second approac h (Section 3), the represen tation is cen tered on

the shortest dep endency p ath b et w een the t w o en tities in the dep en-

dency graph of the sen tence. Because syn tactic analysis is essen tial in this

metho d, its applicabilit y is limited to domains where syn tactic parsing

giv es reasonable accuracy .

En tit y recognition, a prerequisite for relation extraction, is usually cast as a

sequence tagging problem, in whic h w ords are tagged as b eing either outside

an y en tit y , or inside a particular t yp e of en tit y . Most approac hes to en tit y

tagging are therefore based on probabilistic mo dels for lab eling sequences,

suc h as Hidden Mark o v Mo dels [4], Maxim um En trop y Mark o v Mo dels [5], or

Conditional Random Fields [6], and obtain a reasonably high accuracy . In the

t w o information extraction metho ds presen ted in this c hapter, w e assume that

the en tit y recognition task w as done and fo cus only on the relation extraction

part.

2 Subsequence Kernels for Relation Extraction

One of the �rst approac hes to extracting in teractions b et w een proteins from

biomedical abstracts is that of Blasc hk e et al. , describ ed in [7, 8 ]. Their system

is based on a set of man ually dev elop ed rules, where eac h rule (or frame) is

a sequence of w ords (or POS tags) and t w o protein-name tok ens. Bet w een

ev ery t w o adjacen t w ords is a n um b er indicating the maxim um n um b er of

in terv ening w ords allo w ed when matc hing the rule to a sen tence. An example

rule is \ inter action of (3) < P > (3) with (3) < P > ", where ' < P > ' is used to

denote a protein name. A sen tence matc hes the rule if and only if it satis�es

the w ord constrain ts in the giv en order and resp ects the resp ectiv e w ord gaps.

In [9 ] the authors describ ed a new metho d ELCS (Extraction using Longest

Common Subsequences) that automatically learns suc h rules. ELCS' rule rep-

resen tation is similar to that in [7 , 8 ], except that it curren tly do es not use POS

tags, but allo ws disjunctions of w ords. An example rule learned b y this sys-

tem is \ - (7) inter action (0) [b etwe en j of ] (5) < P > (9) < P > (17) . ". W ords

in square brac k ets separated b y ` j ' indicate disjunctiv e lexical constrain ts, i.e.

one of the giv en w ords m ust matc h the sen tence at that p osition. The n um b ers

in paren theses b et w een adjacen t constrain ts indicate the maxim um n um b er

of unconstrained w ords allo w ed b et w een the t w o.
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2.1 Capturing Relation P atterns with a String Kernel

Both Blasc hk e and ELCS do relation extraction based on a limited set of

matc hing rules, where a rule is simply a sparse (gapp y) subsequence of

w ords or POS tags anc hored on the t w o protein-name tok ens. Therefore,

the t w o metho ds share a common limitation: either through man ual selec-

tion (Blasc hk e), or as a result of a greedy learning pro cedure (ELCS), they

end up using only a subset of all p ossible anc hored sparse subsequences. Ide-

ally , all suc h anc hored sparse subsequences w ould b e used as features, with

w eigh ts re
ecting their relativ e accuracy . Ho w ev er explicitly creating for eac h

sen tence a v ector with a p osition for eac h suc h feature is infeasible, due to the

high dimensionalit y of the feature space. Here, w e exploit dual learning al-

gorithms that pro cess examples only via computing their dot-pro ducts, suc h

as in Supp ort V ector Mac hines (SVMs) [10 , 11 ]. An SVM learner tries to

�nd a h yp erplane that separates p ositiv e from negativ e examples and at the

same time maximizes the separation (margin) b et w een them. This t yp e of

max-margin separator has b een sho wn b oth theoretically and empirically to

resist o v er�tting and to pro vide go o d generalization p erformance on unseen

examples.

Computing the dot-pro duct (i.e. the k ernel) b et w een the features v ectors as-

so ciated with t w o relation examples amoun ts to calculating the n um b er of

common anc hored subsequences b et w een the t w o sen tences. This is done e�-

cien tly b y mo difying the dynamic programming algorithm used in the string

k ernel from [2] to accoun t only for common sparse subsequences constrained

to con tain the t w o protein-name tok ens. The feature space is further prunned

do wn b y utilizing the follo wing prop ert y of natural language statemen ts: when

a sen tence asserts a relationship b et w een t w o en tit y men tions, it generally do es

this using one of the follo wing four patterns:

� [FB] F ore{ B et w een: w ords b efore and b et w een the t w o en tit y men tions

are sim ultaneously used to express the relationship. Examples: `in teraction of

h P

1

i with h P

2

i `, `activ ation of h P

1

i b y h P

2

i `.

� [B] B et w een: only w ords b et w een the t w o en tities are essen tial for assert-

ing the relationship. Examples: ` h P

1

i in teracts with h P

2

i `, ` h P

1

i is activ ated

b y h P

2

i `.

� [BA] B et w een{ A fter: w ords b et w een and after the t w o en tit y men tions

are sim ultaneously used to express the relationship. Examples: ` h P

1

i { h P

2

i

complex`, ` h P

1

i and h P

2

i in teract`.

� [M] M o di�er: the t w o en tit y men tions ha v e no w ords b et w een them. Ex-

amples: U.S. tr o ops (a R ole:St aff relation), Serbian gener al ( R ole:Citizen ).

While the �rst three patterns are su�cien t to capture most cases of in-

teractions b et w een proteins, the last pattern is needed to accoun t for v arious

relationships expressed through noun-noun or adjectiv e-noun comp ounds in

the newspap er corp ora.

Another observ ation is that all these patterns use at most 4 w ords to

express the relationship (not coun ting the t w o en tit y names). Consequen tly ,
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when computing the relation k ernel, w e restrict the coun ting of common an-

c hored subsequences only to those ha ving one of the four t yp es describ ed

ab o v e, with a maxim um w ord-length of 4. This t yp e of feature selection leads

not only to a faster k ernel computation, but also to less o v er�tting, whic h

results in increased accuracy .

The patterns en umerated ab o v e are completely lexicalized and conse-

quen tly their p erformance is limited b y data sparsit y . This can b e alleviated b y

categorizing w ords in to classes with v arying degrees of generalit y , and then al-

lo wing patterns to use b oth w ords and their classes. Examples of w ord classes

are POS tags and generalizations o v er POS tags suc h as Noun, Activ e V erb

or P assiv e V erb. The en tit y t yp e can also b e used, if the w ord is part of a

kno wn named en tit y . Also, if the sen tence is segmen ted in to syn tactic c h unks

suc h as noun phrases (NP) or v erb phrases (VP), the system ma y c ho ose to

consider only the head w ord from eac h c h unk, together with the t yp e of the

c h unk as another w ord class. Con ten t w ords suc h as nouns and v erbs can also

b e related to their synsets via W ordNet. P atterns then will consist of sparse

subsequences of w ords, POS tags, generalized POS tags, en tit y and c h unk

t yp es, or W ordNet synsets. F or example, `Noun of h P

1

i b y h P

2

i ` is an FB

pattern based on w ords and general POS tags.

2.2 A Generalized Subsequence Kernel

Let �

1

; �

2

; :::; �

k

b e some disjoin t feature spaces. F ollo wing the example in

Section 2.1, �

1

could b e the set of w ords, �

2

the set of POS tags, etc. Let

�

�

= �

1

� �

2

� ::: � �

k

b e the set of all p ossible feature v ectors, where a

feature v ector w ould b e asso ciated with eac h p osition in a sen tence. Giv en t w o

feature v ectors x; y 2 �

�

, let c ( x; y ) denote the n um b er of common features

b et w een x and y . The next notation follo ws that in tro duced in [2 ]. Th us, let

s; t b e t w o sequences o v er the �nite set �

�

, and let j s j denote the length of

s = s

1

:::s

j s j

. The sequence s [ i : j ] is the con tiguous subsequence s

i

:::s

j

of s . Let

i = ( i

1

; :::; i

j i j

) b e a sequence of j i j indices in s , in ascending order. W e de�ne

the length l ( i ) of the index se quenc e i in s as i

j i j

� i

1

+ 1. Similarly , j is a

sequence of j j j indices in t .

Let �

[

= �

1

[ �

2

[ ::: [ �

k

b e the set of all p ossible features. W e sa y

that the sequence u 2 �

�

[

is a (sparse) subsequence of s if there is a sequence

of j u j indices i suc h that u

k

2 s

i

k

, for all k = 1 ; :::; j u j . Equiv alen tly , w e write

u � s [ i ] as a shorthand for the comp onen t-wise ` 2 ` relationship b et w een u

and s [ i ].

Finally , let K

n

( s; t; � ) (Equation 1) b e the n um b er of w eigh ted sparse

subsequences u of length n common to s and t (i.e. u � s [ i ], u � t [ j ]), where

the w eigh t of u is �

l ( i )+ l ( j )

, for some � � 1.

K

n

( s; t; � ) =

X

u 2 �

n

[

X

i : u � s [ i ]

X

j : u � t [ j ]

�

l ( i )+ l ( j )

(1)
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Let i and j b e t w o index sequences of length n . By de�nition, for ev ery k

b et w een 1 and n , c ( s

i

k

; t

j

k

) returns the n um b er of common features b et w een

s and t at p ositions i

k

and j

k

. If c ( s

i

k

; t

j

k

) = 0 for some k , there are no

common feature sequences of length n b et w een s [ i ] and t [ j ]. On the other

hand, if c ( s

i

k

; t

j

k

) = 0 is greater than 1, this means that there is more than

one common feature that can b e used at p osition k to obtain a common feature

sequence of length n . Consequen tly , the n um b er of common feature sequences

of length n b et w een s [ i ] and t [ j ], i.e. the size of the set f u 2 �

n

[

j u � s [ i ] ; u �

t [ j ] g , is giv en b y

Q

n

k =1

c ( s

i

k

; t

j

k

). Therefore, K

n

( s; t; � ) can b e rewritten as in

Equation 2:

K

n

( s; t; � ) =

X

i : j i j = n

X

j : j j j = n

n

Y

k =1

c ( s

i

k

; t

j

k

) �

l ( i )+ l ( j )

(2)

W e use � as a deca ying factor that p enalizes longer subsequences. F or

sparse subsequences, this means that wider gaps will b e p enalized more, whic h

is exactly the desired b eha vior for our patterns. Through them, w e try to cap-

ture head-mo di�er dep endencies that are imp ortan t for relation extraction;

for lac k of reliable dep endency information, the larger the w ord gap is b e-

t w een t w o w ords, the less con�den t w e are in the existence of a head-mo di�er

relationship b et w een them.

T o enable an e�cien t computation of K

n

, w e use the auxiliary function

K

0

n

with a similar de�nition as K

n

, the only di�erence b eing that it coun ts

the length from the b eginning of the particular subsequence u to the end of

the strings s and t , as illustrated in Equation 3:

K

0

n

( s; t; � ) =

X

u 2 �

n

[

X

i : u � s [ i ]

X

j : u � t [ j ]

�

j s j + j t j� i

1

� j

1

+2

(3)

An equiv alen t form ula for K

0

n

( s; t; � ) is obtained b y c hanging the exp onen t of

� from Equation 2 to j s j + j t j � i

1

� j

1

+ 2.

Based on all de�nitions ab o v e, K

n

is computed in O ( k n j s jj t j ) time, b y

mo difying the recursiv e computation from [2] with the new factor c ( x; y ), as

sho wn in Figure 1. In this �gure, the sequence sx is the result of app ending

x to s (with ty de�ned in a similar w a y). T o a v oid clutter, the parameter �

is not sho wn in the argumen t list of K and K

0

, unless it is instan tiated to a

sp eci�c constan t.

2.3 Computing the Relation Kernel

As describ ed at the b eginning of Section 2, the input consists of a set of

sen tences, where eac h sen tence con tains exactly t w o en tities (protein names

in the case of in teraction extraction). In Figure 2 w e sho w the segmen ts that

will b e used for computing the relation k ernel b et w een t w o example sen tences

s and t . In sen tence s for instance, x

1

and x

2

are the t w o en tities, s

f

is the
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K

0

0

( s; t ) = 1 ; f or al l s; t

K

00

i

( sx; ty ) = �K

00

i

( sx; t ) + �

2

K

0

i � 1

( s; t ) � c ( x; y )

K

0

i

( sx; t ) = �K

0

i

( s; t ) + K

00

i

( sx; t )

K

n

( s; t ) = 0 ; if min ( j s j ; j t j ) < n

K

n

( sx; t ) = K

n

( s; t ) +

X

j

�

2

K

0

n � 1

( s; t [1 : j � 1]) � c ( x; t [ j ])

Fig. 1. Computation of subsequence k ernel.

sen tence segmen t b efore x

1

, s

b

is the segmen t b et w een x

1

and x

2

, and s

a

is

the sen tence segmen t after x

2

. F or con v enience, w e also include the auxiliary

segmen t s

0

b

= x

1

s

b

x

2

, whose span is computed as l ( s

0

b

) = l ( s

b

) + 2 (in all

length computations, w e consider x

1

and x

2

as con tributing one unit only).

sf

ft ta

sa

1 2y y

t

t'

b

b

1 2x x

s

s'b

b

s  =

t  =

Fig. 2. Sen tence segmen ts.

The relation k ernel computes the n um b er of common patterns b et w een

t w o sen tences s and t , where the set of patterns is restricted to the four

t yp es in tro duced in Section 2.1. Therefore, the k ernel r K ( s; t ) is expressed as

the sum of four sub-k ernels: f bK ( s; t ) coun ting the n um b er of common fore{

b et w een patterns, bK ( s; t ) for b et w een patterns, baK ( s; t ) for b et w een{after

patterns, and mK ( s; t ) for mo di�er patterns, as in Figure 3. The sym b ol 1 is

used there as a shorthand for the indicator function, whic h is 1 if the argumen t

is true, and 0 otherwise.

The �rst three sub-k ernels include in their computation the coun ting of

common subsequences b et w een s

0

b

and t

0

b

. In order to sp eed up the compu-

tation, all these common coun ts are calculated separately in bK

i

, whic h is

de�ned as the n um b er of common subsequences of length i b et w een s

0

b

and t

0

b

,

anc hored at x

1

/ x

2

and y

1

/ y

2

resp ectiv ely (i.e. constrained to start at x

1

in s

0

b
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r K ( s; t ) = f bK ( s; t ) + bK ( s; t ) + baK ( s; t ) + mK ( s; t )

bK

i

( s; t ) = K

i

( s

b

; t

b

; 1) � c ( x

1

; y

1

) � c ( x

2

; y

2

) � �

l ( s

0

b

)+ l ( t

0

b

)

f bK ( s; t ) =

X

i;j

bK

i

( s; t ) � K

0

j

( s

f

; t

f

) ; 1 � i ; 1 � j ; i + j < fb

max

bK ( s; t ) =

X

i

bK

i

( s; t ) ; 1 � i � b

max

baK ( s; t ) =

X

i;j

bK

i

( s; t ) � K

0

j

( s

�

a

; t

�

a

) ; 1 � i ; 1 � j ; i + j < ba

max

mK ( s; t ) = 1 ( s

b

= ; ) � 1 ( t

b

= ; ) � c ( x

1

; y

1

) � c ( x

2

; y

2

) � �

2+2

;

Fig. 3. Computation of relation k ernel.

and y

1

in t

0

b

, and to end at x

2

in s

0

b

and y

2

in t

0

b

). Then f bK simply coun ts

the n um b er of subsequences that matc h j p ositions b efore the �rst en tit y and

i p ositions b et w een the en tities, constrained to ha v e length less than a con-

stan t f b

max

. T o obtain a similar form ula for baK w e simply use the rev ersed

(mirror) v ersion of segmen ts s

a

and t

a

(e.g. s

�

a

and t

�

a

). In Section 2.1 w e

observ ed that all three subsequence patterns use at most 4 w ords to express a

relation, therefore the constan ts f b

max

, b

max

and ba

max

are set to 4. Kernels

K and K

0

are computed using the pro cedure describ ed in Section 2.2.

3 A Dep endency-P ath Kernel for Relation Extraction

The pattern examples from Section 2.1 sho w the t w o en tit y men tions, together

with the set of w ords that are relev an t for their relationship. A closer analysis

of these examples rev eals that all relev an t w ords form a shortest path b et w een

the t w o en tities in a graph structure where edges corresp ond to relations b e-

t w een a w ord (head) and its dep enden ts. F or example, Figure 4 sho ws the full

dep endency graphs for t w o sen tences from the A CE (Automated Con ten t Ex-

traction) newspap er corpus [12 ], in whic h w ords are represen ted as no des and

w ord-w ord dep endencies are represen ted as directed edges. A subset of these

w ord-w ord dep endencies capture the predicate-argumen t relations presen t in

the sen tence. Argumen ts are connected to their target predicates either di-

rectly through an arc p oin ting to the predicate ('tro ops ! raided'), or indi-

rectly through a prep osition or in�nitiv e particle ('w arning  to  stop').

Other t yp es of w ord-w ord dep endencies accoun t for mo di�er-head relation-

ships presen t in adjectiv e-noun comp ounds ('sev eral ! stations'), noun-noun

comp ounds ('pumping ! stations'), or adv erb-v erb constructions ('recen tly

! raided').
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S1 =

=S2

Protesters stations workers

Troops churches ministers

seized   several   pumping , holding   127   Shell hostage .

recently   have   raided , warning to   stop   preaching .

Fig. 4. Sen tences as dep endency graphs.

T able 1. Shortest P ath represen tation of relations.

Relation Instance Shortest P ath in Undirected Dep endency Graph

S

1

:protesters A T stations protesters ! seized  stations

S

1

:w ork ers A T stations w ork ers ! holding  protesters ! seized  stations

S

2

:tro ops A T c h urc hes tro ops ! raided  c h urc hes

S

2

:ministers A T c h urc hes ministers ! w arning  tro ops ! raided  c h urc hes

W ord-w ord dep endencies are t ypically categorized in t w o classes as follo ws:

� [Lo cal Dep endencies] These corresp ond to lo cal predicate-argumen t (or

head-mo di�er) constructions suc h as 'tro ops ! raided', or 'pumping !

stations' in Figure 4.

� [Non-lo cal Dep endencies] Long-distance dep endencies arise due to v ar-

ious linguistic constructions suc h as co ordination, extraction, raising and

con trol. In Figure 4, among non-lo cal dep endencies are 'tro ops ! w arn-

ing', or 'ministers ! preac hing'.

A Con text F ree Grammar (CF G) parser can b e used to extract lo cal de-

p endencies, whic h for eac h sen tence form a dep endency tree. Mildly con text

sensitiv e formalisms suc h as Com binatory Categorial Grammar (CCG) [13]

mo del w ord-w ord dep endencies more directly and can b e used to extract b oth

lo cal and long-distance dep endencies, giving rise to a directed acyclic graph,

as illustrated in Figure 4.

3.1 The Shortest P ath Hyp othesis

If e

1

and e

2

are t w o en tities men tioned in the same sen tence suc h that they

are observ ed to b e in a relationship R , then the con tribution of the sen tence
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dep endency graph to establishing the relationship R ( e

1

; e

2

) is almost exclu-

siv ely concen trated in the shortest path b et w een e

1

and e

2

in the undirected

v ersion of the dep endency graph.

If en tities e

1

and e

2

are argumen ts of the same predicate, then the shortest

path b et w een them will pass through the predicate, whic h ma y b e connected

directly to the t w o en tities, or indirectly through prep ositions. If e

1

and e

2

b elong to di�eren t predicate-argumen t structures that share a common argu-

men t, then the shortest path will pass through this argumen t. This is the case

with the shortest path b et w een 'stations' and 'w ork ers' in Figure 4, passing

through 'protesters', whic h is an argumen t common to b oth predicates 'hold-

ing' and 'seized'. In T able 1, w e sho w the paths corresp onding to the four

relation instances enco ded in the A CE corpus for the t w o sen tences from Fig-

ure 4. All these paths supp ort the Loca ted relationship. F or the �rst path, it

is reasonable to infer that if a Person en tit y (e.g. 'protesters') is doing some

action (e.g. 'seized') to a F a cility en tit y (e.g. 'station'), then the Person

en tit y is Loca ted at that F a cility en tit y . The second path captures the

fact that the same Person en tit y (e.g. 'protesters') is doing t w o actions (e.g.

'holding' and 'seized') , one action to a Person en tit y (e.g. 'w ork ers'), and

the other action to a F a cility en tit y (e.g. 'station'). A reasonable inference

in this case is that the 'w ork ers' are Loca ted at the 'station'.

In Figure 5, w e sho w three more examples of the Loca ted ( A t ) rela-

tionship as dep endency paths created from one or t w o predicate-argumen t

structures. The second example is an in teresting case, as it illustrates ho w

annotation decisions are accommo dated in our approac h. Using a reasoning

similar with that from the previous paragraph, it is reasonable to infer that

'tro ops' are Loca ted in 'v ans', and that 'v ans' are Loca ted in 'cit y'. Ho w-

ev er, b ecause 'v ans' is not an A CE mark able, it cannot participate in an

annotated relationship. Therefore, 'tro ops' is annotated as b eing Loca ted

in 'cit y', whic h mak es sense due to the transitivit y of the relation Loca ted .

In our approac h, this leads to shortest paths that pass through t w o or more

predicate-argumen t structures.

The last relation example is a case where there exist m ultiple shortest paths

in the dep endency graph b et w een the same t w o en tities { there are actually

t w o di�eren t paths, with eac h path replicated in to three similar paths due to

co ordination. Our curren t approac h considers only one of the shortest paths,

nev ertheless it seems reasonable to in v estigate using all of them as m ultiple

sources of evidence for relation extraction.

There ma y b e cases where e

1

and e

2

b elong to predicate-argumen t struc-

tures that ha v e no argumen t in common. Ho w ev er, b ecause the dep endency

graph is alw a ys connected, w e are guaran teed to �nd a shortest path b et w een

the t w o en tities. In general, w e shall �nd a shortest sequence of predicate-

argumen t structures with target predicates P

1

; P

2

; :::; P

n

suc h that e

1

is an

argumen t of P

1

, e

2

is an argumen t of P

n

, and an y t w o consecutiv e predicates

P

i

and P

i +1

share a common argumen t (where b y \argumen t" w e mean b oth

argumen ts and complemen ts).
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(1) He had no regrets for his actions in Brc k o .

his ! actions  in  Brc k o

(2) U.S. tro ops to da y acted for the �rst time to capture an alleged

Bosnian w ar criminal, rushing from unmark ed v ans park ed in the

northern Serb-dominated cit y of Bijeljina.

tro ops ! rushing  from  v ans ! park ed  in  cit y

(3) Jelisic created an atmosphere of terror at the camp b y killing,

abusing and threatening the detainees .

detainees ! killing  Jelisic ! created  at  camp

detainees ! abusing  Jelisic ! created  at  camp

detainees ! threatning  Jelisic ! created  at  camp

detainees ! killing ! b y ! created  at  camp

detainees ! abusing ! b y ! created  at  camp

detainees ! threatening ! b y ! created  at  camp

Fig. 5. Relation examples.

3.2 Learning with Dep endency P aths

The shortest path b et w een t w o en tities in a dep endency graph o�ers a v ery

condensed represen tation of the information needed to assess their relation-

ship. A dep endency path is represen ted as a sequence of w ords in tersp ersed

with arro ws that indicate the orien tation of eac h dep endency , as illustrated

in T able 1. These paths ho w ev er are completely lexicalized and consequen tly

their p erformance will b e limited b y data sparsit y . The solution is to allo w

paths to use b oth w ords and their w ord classes, similar with the approac h

tak en for the subsequence patterns in Section 2.1.

The set of features can then b e de�ned as a Cartesian pro duct o v er w ords

and w ord classes, as illustrated in Figure 6 for the dep endency path b et w een

'protesters' and 'station' in sen tence S

1

. In this represen tation, sparse or con-

tiguous subsequences of no des along the lexicalized dep endency path (i.e. path

fragmen ts) are included as features simply b y replacing the rest of the no des

with their corresp onding generalizations.

Examples of features generated b y Figure 6 are \protesters ! seized  

stations", \Noun ! V erb  Noun", \ Person ! seized  F a cility ", or

\ Person ! V erb  F a cility ". The total n um b er of features generated b y

this dep endency path is 4 � 1 � 3 � 1 � 4.

F or v erbs and nouns (and their resp ectiv e w ord classes) o ccurring along a

dep endency path w e also use an additional su�x '(-)' to indicate a negativ e

p olarit y item. In the case of v erbs, this su�x is used when the v erb (or an

attac hed auxiliary) is mo di�ed b y a negativ e p olarit y adv erb suc h as 'not' or
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2

6

4

protesters

NNS

Noun

Person

3

7

5

� [ ! ] �

"

seized

VBD

V erb

#

� [  ] �

2

6

4

stations

NNS

Noun

F a cility

3

7

5

Fig. 6. F eature generation from dep endency path.

'nev er'. Nouns get the negativ e su�x whenev er they are mo di�ed b y negativ e

determiners suc h as 'no', 'neither' or 'nor'. F or example, the phrase \He nev er

w en t to P aris" is asso ciated with the dep endency path \He ! w en t(-)  to

 P aris".

As in Section 2, w e use k ernel SVMs in order to a v oid w orking explicitely

with high-dimensional dep endency path feature v ectors. Computing the dot-

pro duct (i.e. k ernel) b et w een t w o relation examples amoun ts to calculating

the n um b er of common features (i.e. paths) b et w een the t w o examples. If x

= x

1

x

2

:::x

m

and y = y

1

y

2

:::y

n

are t w o relation examples, where x

i

denotes

the set of w ord classes corresp onding to p osition i (as in Figure 6), then the

n um b er of common features b et w een x and y is computed as in Equation 4.

K ( x ; y ) = 1 ( m = n ) �

n

Y

i =1

c ( x

i

; y

i

) (4)

where c ( x

i

; y

i

) = j x

i

\ y

i

j is the n um b er of common w ord classes b et w een x

i

and y

i

.

This is a simple k ernel, whose computation tak es O ( n ) time. If the t w o

paths ha v e di�eren t lengths, they corresp ond to di�eren t w a ys of expressing

a relationship { for instance, they ma y pass through a di�eren t n um b er of

predicate argumen t structures. Consequen tly , the k ernel is de�ned to b e 0 in

this case. Otherwise, it is the pro duct of the n um b er of common w ord classes

at eac h p osition in the t w o paths. As an example, let us consider t w o instances

of the Loca ted relationship, and their corresp onding dep endency paths:

1. ' his actions in Brc k o ' ( his ! actions  in  Brc k o ).

2. ' his arriv al in Beijing ' ( his ! arriv al  in  Beijing ).

Their represen tation as a sequence of sets of w ord classes is giv en b y:

1. x = [ x

1

x

2

x

3

x

4

x

5

x

6

x

7

], where x

1

= f his, PRP , Person g , x

2

= f!g ,

x

3

= f actions, NNS, Noun g , x

4

= f g , x

5

= f in, IN g , x

6

= f g , x

7

=

f Brc k o, NNP , Noun, Loca tion g

2. y = [ y

1

y

2

y

3

y

4

y

5

y

6

y

7

], where y

1

= f his, PRP , Person g , y

2

= f!g ,

y

3

= f arriv al, NN, Noun g , y

4

= f g , y

5

= f in, IN g , y

6

= f g , y

7

=

f Beijing, NNP , Noun, Loca tion g

Based on the form ula from Equation 4, the k ernel is computed as K ( x ; y ) =

3 � 1 � 1 � 1 � 2 � 1 � 3 = 18.
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4 Exp erimen tal Ev aluation

The t w o relation k ernels describ ed ab o v e are ev aluated on the task of extract-

ing relations from t w o corp ora with di�eren t t yp es of narrativ e, whic h are

describ ed in more detail in the follo wing sections. In b oth cases, w e assume

that the en tities and their lab els are kno wn. All prepro cessing steps { sen tence

segmen tation, tok enization, POS tagging and c h unking { w ere p erformed us-

ing the Op enNLP

1

pac k age. If a sen tence con tains n en tities ( n � 2), it is

replicated in to

�

n

2

�

sen tences, eac h con taining only t w o en tities. If the t w o en-

tities are kno wn to b e in a relationship, then the replicated sen tence is added

to the set of corresp onding p ositiv e sen tences, otherwise it is added to the set

of negativ e sen tences. During testing, a sen tence ha ving n en tities ( n � 2) is

again replicated in to

�

n

2

�

sen tences in a similar w a y .

The dep endency graph that is input to the shortest path dep endecy k ernel

is obtained from t w o di�eren t parsers:

� The CCG parser in tro duced in [14 ]

2

outputs a list of functor-argumen t

dep endencies, from whic h head-mo di�er dep endencies are obtained using

a straigh tforw ard pro cedure (for more details, see [15 ]).

� Head-mo di�er dep endencies can b e easily extracted from the full parse

output of Collins' CF G parser [16 ], in whic h ev ery non-terminal no de is

annotated with head information.

The relation k ernels are used in conjunction with SVM learning in order to

�nd a decision h yp erplane that b est separates the p ositiv e examples from neg-

ativ e examples. W e mo di�ed the LibSVM

3

pac k age b y plugging in the k ernels

describ ed ab o v e. The factor � in the subsequence k ernel is set to 0 : 75. The

p erformance is measured using pr e cision (p ercen tage of correctly extracted

relations out of the total n um b er of relations extracted), r e c al l (p ercen tage of

correctly extracted relations out of the total n um b er of relations annotated in

the corpus), and F-me asur e (the harmonic mean of pr e cision and r e c al l ).

4.1 In teraction Extraction from AIMed

W e did comparativ e exp erimen ts on the AIMed corpus, whic h has b een pre-

viously used for training the protein in teraction extraction systems in [9]. It

consists of 225 Medline abstracts, of whic h 200 are kno wn to describ e in-

teractions b et w een h uman proteins, while the other 25 do not refer to an y

in teraction. There are 4084 protein references and around 1000 tagged in ter-

actions in this dataset.

The follo wing systems are ev aluated on the task of retrieving protein in-

teractions from AIMed (assuming gold standard proteins):

1

URL: h ttp://op ennlp.sourceforge.net

2

URL:h ttp://www.ircs.up enn.edu/~juliahr/P arser/

3

URL:h ttp://www.csie.n tu.edu.t w/~cjlin/libsvm/
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� [Man ual] : W e rep ort the p erformance of the rule-based system of [7, 8 ].

� [ELCS] : W e rep ort the 10-fold cross-v alidated results from [9] as a

Precision-Recall (PR) graph.

� [SSK] : The subseqeuence k ernel is trained and tested on the same splits

as ELCS. In order to ha v e a fair comparison with the other t w o systems, whic h

use only lexical information, w e do not use an y w ord classes here.

� [SPK] : This is the shortest path dep endency k ernel, using the head-

mo di�er dep endencies extracted b y Collins' syn tactic parser. The k ernel is

trained and tested on the same 10 splits as ELCS and SSK.

The Precision-Recall curv es that sho w the trade-o� b et w een these metrics

are obtained b y v arying a threshold on the minim um acceptable extraction

con�dence, based on the probabilit y estimates from LibSVM. The results,

summarized in Figure 7(a), sho w that the subsequence k ernel outp erforms

the other three systems, with a substan tial gain. The syn tactic parser, whic h

is originally trained on a newspap er corpus, builds less accurate dep endency

structures for the biomedical text. This is re
ected in a signi�can tly reduced

accuracy for the dep endency k ernel.
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Fig. 7. Precision-Recall curv es for protein in teraction extractors.
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4.2 Relation Extraction from A CE

The t w o k ernels are also ev aluated on the task of extracting top-lev el relations

from the A CE corpus [12 ], the v ersion used for the Septem b er 2002 ev aluation.

The training part of this dataset consists of 422 do cumen ts, with a separate set

of 97 do cumen ts reserv ed for testing. This v ersion of the A CE corpus con tains

three t yp es of annotations: coreference, named en tities and relations. There

are �v e t yp es of en tities { Person , Or ganiza tion , F a cility , Loca tion ,

and Geo-Political Entity { whic h can participate in �v e general, top-

lev el relations: R ole , P ar t , Loca ted , Near , and Social . In total, there

are 7,646 in tra-sen ten tial relations, of whic h 6,156 are in the training data

and 1,490 in the test data.

A recen t approac h to extracting relations is describ ed in [17]. The authors

use a generalized v ersion of the tree k ernel from [18 ] to compute a k ernel

o v er relation examples, where a relation example consists of the smallest de-

p endency tree con taining the t w o en tities of the relation. Precision and recall

v alues are rep orted for the task of extracting the 5 top-lev el relations in the

A CE corpus under t w o di�eren t scenarios:

{ [S1] This is the classic setting: one m ulti-class SVM is learned to dis-

criminate among the 5 top-lev el classes, plus one more class for the no-relation

cases.

{ [S2] One binary SVM is trained for r elation dete ction , meaning that

all p ositiv e relation instances are com bined in to one class. The thresholded

output of this binary classi�er is used as training data for a second m ulti-class

SVM, trained for r elation classi�c ation .

The subsequence k ernel (SSK) is trained under the �rst scenario, to rec-

ognize the same 5 top-lev el relation t yp es. While for protein in teraction ex-

traction only the lexicalized v ersion of the k ernel w as used, here w e utilize

more features, corresp onding to the follo wing feature spaces: �

1

is the w ord

v o cabulary , �

2

is the set of POS tags, �

3

is the set of generic POS tags, and

�

4

con tains the 5 en tit y t yp es. Ch unking information is used as follo ws: all

(sparse) subsequences are created exclusiv ely from the c h unk heads, where a

head is de�ned as the last w ord in a c h unk. The same criterion is used for

computing the length of a subsequence { all w ords other than head w ords are

ignored. This is based on the observ ation that in general w ords other than the

c h unk head do not con tribute to establishing a relationship b et w een t w o en ti-

ties outside of that c h unk. One exception is when b oth en tities in the example

sen tence are con tained in the same c h unk. This happ ens v ery often due to

noun-noun ('U.S. tro ops') or adjectiv e-noun ('Serbian general') comp ounds.

In these cases, the c h unk is allo w ed to con tribute b oth en tit y heads.

The shortest-path dep endency k ernel (SPK) is trained under b oth scenar-

ios. The dep endencies are extracted using either Ho c k enmaier's CCG parser

(SPK-CCG) [14 ], or Collins' CF G parser (SPK-CF G) [16 ].

T able 2 summarizes the p erformance of the t w o relation k ernels on the

A CE corpus. F or comparison, w e also sho w the results presen ted in [17 ] for
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their b est p erforming k ernel K4 (a sum b et w een a bag-of-w ords k ernel and a

tree dep endency k ernel) under b oth scenarios.

T able 2. Extraction P erformance on A CE.

(Scenario) Metho d Precision Recall F-measure

(S1) K4 70.3 26.3 38.0

(S1) SSK 73.9 35.2 47.7

(S1) SPK-CCG 67.5 37.2 48.0

(S1) SPK-CF G 71.1 39.2 50.5

(S2) K4 67.1 35.0 45.8

(S2) SPK-CCG 63.7 41.4 50.2

(S2) SPK-CF G 65.5 43.8 52.5

The shortest-path dep endency k ernels outp erform the dep endency k ernel

from [17 ] in b oth scenarios, with a more substan tial gain for SP-CF G. An

error analysis rev ealed that Collins' parser w as b etter at capturing lo cal de-

p endencies, hence the increased accuracy of SP-CF G. Another adv an tage of

shortest-path dep endency k ernels is that their training and testing are v ery

fast { this is due to represen ting the sen tence as a c hain of dep endencies on

whic h a fast k ernel can b e computed. All the four SP k ernels from T able 2 tak e

b et w een 2 and 3 hours to train and test on a 2.6GHz P en tium IV mac hine.

As exp ected, the newspap er articles from A CE are less prone to parsing

errors than the biomedical articles from AIMed. Consequen tly , the extracted

dep endency structures are more accurate, leading to an impro v ed accuracy

for the dep endency k ernel.

T o a v oid n umerical problems, the dep endency paths are constrained to

pass through at most 10 w ords (as observ ed in the training data) b y setting

the k ernel to 0 for longer paths. The alternativ e solution of normalizing the

k ernel leads to a sligh t decrease in accuracy . The fact that longer paths ha v e

larger k ernel scores in the unnormalized v ersion do es not p ose a problem

b ecause, b y de�nition, paths of di�eren t lengths corresp ond to disjoin t sets

of features. Consequen tly , the SVM algorithm will induce lo w er w eigh ts for

features o ccurring in longer paths, resulting in a linear separator that w orks

irresp ectiv e of the size of the dep endency paths.

5 F uture W ork

There are cases when w ords that do not b elong to the shortest dep endency

path do in
uence the extraction decision. In Section 3.2, w e sho w ed ho w neg-

ativ e p olarit y items are in tegrated in the mo del through annotations of w ords

along the dep endency paths. Mo dalit y is another phenomenon that is in-
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uencing relation extraction, and w e plan to incorp orate it using the same

annotation approac h.

The t w o relation extraction metho ds are v ery similar: the subsequence pat-

terns in one k ernel corresp ond to dep endency paths in the second k ernel. More

exactly , pairs of w ords from a subsequence pattern corresp ond to pairs of con-

secutiv e w ords (i.e. edges) on the dep endency path. The lac k of dep endency

information in the subsequence k ernel leads to allo wing gaps b et w een w ords,

with the corresp onding exp onen tial p enalt y factor � . Giv en the observ ed sim-

ilarit y b et w een the t w o metho ds, it seems reasonable to use them b oth in

an in tegrated mo del. This mo del w ould use high-con�dence head-mo di�er de-

p endencies, falling bac k on pairs of w ords with gaps, when the dep endency

information is unreliable.

6 Conclusion

Mining kno wledge from text do cumen ts can b ene�t from using the struc-

tured information that comes from en tit y recognition and relation extraction.

Ho w ev er, accurately extracting relationships b et w een relev an t en tities is de-

p enden t on the gran ularit y and reliabilit y of the required linguistic analysis.

In this c hapter, w e presen ted t w o relation extraction k ernels that di�er in

terms of the amoun t of linguistic information they use. Exp erimen tal ev alua-

tions on t w o corp ora with di�eren t t yp es of discourse sho w that they compare

fa v orably to previous extraction approac hes.
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