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Abstract

Most information extraction (IE) systems treat

separate p oten tial extractions as indep enden t.

Ho w ev er, in man y cases, considering in
uences

b etwe en di�eren t p oten tial extractions could im-

pro v e o v erall accuracy . Statistical metho ds

based on undir e cte d graphical mo dels, suc h as

c onditional r andom �elds (CRFs), ha v e b een

sho wn to b e an e�ectiv e approac h to learning

accurate IE systems. W e presen t a new IE

metho d that emplo ys Relational Mark o v Net-

w orks (a generalization of CRFs), whic h can

represen t arbitrary dep endencies b et w een ex-

tractions. This allo ws for \collectiv e informa-

tion extraction" that exploits the m utual in-


uence b et w een p ossible extractions. Exp eri-

men ts on learning to extract protein names from

biomedical text demonstrate the adv an tages of

this approac h.

1 In tro duction

Information extraction (IE), lo cating references

to sp eci�c t yp es of items in natural-language

do cumen ts, is an imp ortan t task with man y

practical applications. Since IE systems are dif-

�cult and time-consuming to construct, most

recen t researc h has fo cused on empirical tec h-

niques that automatically construct information

extractors b y training on sup ervised corp ora

(Cardie, 1997; Cali�, 1999). One of the curren t

b est empirical approac hes to IE is c onditional

r andom �elds (CRF's) (La�ert y et al., 2001).

CRF's are a restricted class of undir e cte d gr aphi-

c al mo dels (Jordan, 1999) designed for sequence

segmen tation tasks suc h as IE, part-of-sp eec h

(POS) tagging (La�ert y et al., 2001), and shal-

lo w parsing (Sha and P ereira, 2003). In a re-

cen t follo w-up to previously published exp eri-

men ts comparing a large v ariet y of IE-learning

metho ds (including HMM, SVM, MaxEn t, and

rule-based metho ds) on the task of tagging ref-

erences to h uman proteins in Medline abstracts

(Bunescu et al., 2004), CRF's w ere found to sig-

ni�can tly out-p erform comp eting tec hniques.

As t ypically applied, CRF's, lik e almost all IE

metho ds, assume separate extractions are inde-

p enden t and treat eac h p oten tial extraction in

isolation. Ho w ev er, in man y cases, considering

in
uences b etwe en extractions can b e v ery use-

ful. F or example, in our protein-tagging task,

rep eated references to the same protein are com-

mon. If the con text surrounding one o ccurrence

of a phrase is v ery indicativ e of it b eing a pro-

tein, then this should also in
uence the tagging

of another o ccurrence of the same phrase in a

di�eren t con text whic h is not indicativ e of pro-

tein references.

Relational Mark o v Net w orks (RMN's)

(T ask ar et al., 2002) are a generalization of

CRF's that allo w for c ol le ctive classi�c ation

of a set of related en tities b y in tegrating

information from features of individual en tities

as w ell as the relations b et w een them. Results

on classifying connected sets of w eb pages ha v e

v eri�ed the adv an tage of this approac h (T ask ar

et al., 2002). In this pap er, w e presen t an

approac h to c ol le ctive information extr action

using RMN's that sim ultaneously extracts

all of the information from a do cumen t b y

exploiting the textual con ten t and con text of

eac h relev an t substring as w ell as the do cumen t

relationships b et w een them. Exp erimen ts

on h uman protein tagging demonstrate the

adv an tages of collectiv e extraction on sev eral

annotated corp ora of Medline abstracts.

2 The RMN F ramew ork for En tit y

Recognition

Giv en a collection of do cumen ts D , w e asso ciate

with eac h do cumen t d 2 D a set of candidate

en tities d:E , in our case a restricted set of to-

k en sequences from the do cumen t. Eac h en tit y

e 2 d:E is c haracterized b y a prede�ned set of

b o olean features e:F . This set of features is the

same for all candidate en tities, and it can b e



assimilated with the relational database de�ni-

tion of a table. One particular feature is e:l abel

whic h is set to 1 if e is considered a v alid extrac-

tion, and 0 otherwise. In this do cumen t mo del,

lab els are the only hidden features, and the in-

ference pro cedure will try to �nd a most prob-

able assignmen t of v alues to lab els, giv en the

curren t mo del parameters.

Eac h do cumen t is asso ciated with an undi-

rected graphical mo del, with no des corresp ond-

ing directly to en tit y features, one no de for eac h

feature of eac h candidate en tit y in the do cu-

men t. The set of edges is created b y matc hing

clique templates against the en tire set of en ti-

ties d:E . A clique template is a pro cedure that

�nds all subsets of en tities satisfying a giv en

constrain t, after whic h, for eac h en tit y subset, it

connects a selected set of feature no des so that

they form a clique.

F ormally , there is a set of clique templates C ,

with eac h template c 2 C sp eci�ed b y:

1. A matc hing op erator M

c

for selecting sub-

sets of en tities.

2. A selected set of features S

c

= h X

c

; Y

c

i for

en tities returned b y the matc hing op erator.

X

c

denotes the observ ed features, while Y

c

refers to the hidden lab els.

3. A clique p oten tial �

c

that giv es the com-

patibilit y of eac h p ossible con�guration of

v alues for the features in S

c

, s.t. �

c

( s ) �

0 ; 8 s 2 S

c

.

Giv en a set, E , of no des, M

c

( E ) � 2

E

con-

sists of subsets of en tities whose feature no des

S

c

are to b e connected in a clique. In previ-

ous applications of RMNs, the selected subsets

of en tities for a giv en template ha v e the same

size; ho w ev er, our clique templates ma y matc h

a v ariable n um b er of en tities. The set S

c

ma y

con tain the same feature from di�eren t en tities.

Usually , for eac h en tit y in the matc hing set, its

lab el is included in S

c

. All these will b e illus-

trated with examples in Sections 4 and 5 where

the clique templates used in our mo del are de-

scrib ed in detail.

Dep ending on the n um b er of hidden lab els in

Y

c

, w e de�ne t w o categories of clique templates:

� Lo cal T emplates are all templates c 2 C

for whic h j Y

c

j = 1. They mo del the correla-

tions b et w een an en tit y's observ ed features

and its lab el.

� Global T emplates are all templates c 2

C for whic h j Y

c

j > 1. They capture in-


uences b et w een m ultiple en tities from the

same do cumen t.

After the graph mo del for a do cumen t d has

b een completed with cliques from all templates,

the probabilit y distribution o v er the random

�eld of hidden en tit y lab els d:Y giv en the ob-

serv ed features d:X is computed as:

P ( d:Y j d:X ) =

1

Z ( d:X )

Y

c 2 C

Y

G 2 M

c

( d:E )

�

C

( G:X

c

; G:Y

c

)

(1)

where Z ( d:X ) is the normalizing partition func-

tion:

Z ( d:X ) =

X

Y

Y

c 2 C

Y

G 2 M

c

( d:E )

�

C

( G:X

c

; G:Y

c

) (2)

The ab o v e distribution presen ts the RMN as

a Mark o v random �eld (MRF) with the clique

templates as a metho d for t ying p oten tial v alues

across di�eren t cliques in the graphical mo del.

3 Candidate En tities and En tit y

F eatures

Lik e most en tit y names, almost all proteins in

our data are base noun phrases or parts of them.

Therefore, suc h substrings are used to deter-

mine candidate en tities. T o a v oid missing op-

tions, w e adopt a v ery broad de�nition of base

noun phrase.

De�nition 1: A b ase noun phr ase is a max-

imal con tiguous sequence of tok ens whose POS

tags are from f "JJ", "VBN", "VBG", "POS",

"NN", "NNS", "NNP", "NNPS", "CD", "{" g ,

and whose last w ord (the head) is tagged either

as a noun, or a n um b er.

Candidate extractions consist of base NPs,

augmen ted with all their con tiguous subse-

quences headed b y a noun or n um b er.

The set of features asso ciated with eac h can-

didate is based on the feature templates in tro-

duced in (Collins, 2002), used there for train-

ing a ranking algorithm on the extractions re-

turned b y a maxim um-en trop y tagger. Man y

of these features use the concept of wor d typ e ,

whic h allo ws a di�eren t form of tok en general-

ization than POS tags. The short typ e of a w ord

is created b y replacing an y maximal con tiguous

sequences of capital letters with 'A', of lo w er-

case letters with 'a', and of digits with '0'. F or

example, the w ord TGF-1 w ould b e mapp ed to

t yp e A-0 .

Consequen tly , eac h tok en p osition i in a can-

didate extraction pro vides three t yp es of infor-

mation: the w ord itself w

i

, its POS tag t

i

, and

its short t yp e s

i

. The full set of features t yp es

is listed in T able 1, where w e consider a generic



candidate extraction as a sequence of n +1 w ords

w

0

w

1

:::w

n

.

Description F eature T emplate

Head W ord w

( n )

T ext w

(0)

w

(1)

::: w

( n )

Short T yp e s

(0)

s

(1)

::: s

( n )

Bigram Left w

( � 1)

w

(0)

w

( � 1)

s

(0)

(4 bigrams) s

( � 1)

w

(0)

s

( � 1)

s

(0)

Bigram Righ t w

( n )

w

( n +1)

w

( n )

s

( n +1)

(4 bigrams) s

( n )

w

( n +1)

s

( n )

s

( n +1)

T rigram Left w

( � 2)

w

( � 1)

w

(0)

:::

(8 trigrams) s

( � 2)

s

( � 1)

s

(0)

T rigram Righ t w

( n )

w

( n +1)

w

( n +2)

:::

(8 trigrams) s

( n )

s

( n +1)

s

( n +2)

POS Left t

( � 1)

POS Righ t t

( n +1)

Pre�x s

(0)

s

(0)

s

(1)

:::

(n+1 pre�xes) s

(0)

s

(1)

::: s

( n +1)

Su�x s

( n )

s

( n � 1)

s

( n )

:::

(n+1 su�xes) s

(0)

s

(1)

::: s

( n +1)

T able 1: F eature T emplates.

4 Lo cal Clique T emplates

Eac h feature template instan tiates n umerous

features. F or example, the candidate extraction

HD A C1 enzyme has the head w ord HD=enzyme ,

the short t yp e ST=A0 a , the pre�xes PF=A0

and PF=A0 a , and the su�xes SF=a and

SF=A0 a . All other features dep end on the

left or righ t con text of the en tit y . F eature v al-

ues that o ccur less than three times are �ltered

out. If, after �ltering, w e are left with h dis-

tinct b o olean features ( f

i

= v

j

), w e create h lo cal

(clique) templates LT

1

; LT

2

; :::; LT

h

. Eac h tem-

plate's matc hing op erator is set to matc h an y

single-en tit y set. The collection of features S

i

corresp onding to template LT

i

applied to the

singleton en tit y set f e g is S

i

= h X

i

, Y

i

i = hf

e. f

i

= v

j

g , f e.lab el gi . The 2-no de cliques created

b y all h templates around one en tit y are illus-

trated in Figure 1.

...
ee

elabel

ef  =v1 f  =v f  =v2 hi 1 2i hi

Figure 1: RMN generated b y lo cal templates.

Eac h en tit y has the lab el no de connected to

its o wn set of h binary feature no des. This leads

to an excessiv e n um b er of no des in the mo del,

most of whic h ha v e the v alue zero. T o reduce

the n um b er of no des, w e could remo v e the ob-

serv ed no des from the graph, whic h then results

in man y one-no de clique p oten tials (corresp ond-

ing to the observ ed features) b eing asso ciated

with the same lab el no de. Because these clique

p oten tials ma y no longer b e distinguished in the

RMN graph, in order to ha v e all of them as

explicit as p ossible in the graphical mo del, w e

transform the relational Mark o v net w ork in to

its equiv alen t factor gr aph represen tation. F ac-

tor graphs (Ksc hisc hang et al., 2001) are bipar-

tite graphs that express ho w a global function

of man y v ariables (the probabilit y P ( d:Y j d:X )

in Equation 1) factors in to a pro duct of lo-

cal functions (the p oten tials �

C

( G:X

c

; G:Y

c

) in

Equation 1). F actor graphs subsume man y

di�eren t t yp es of graphical mo dels, including

Ba y esian net w orks and Mark o v random �elds.

The sum/max-pro duct algorithm used for infer-

ence in factor graphs generalizes a wide v ariet y

of algorithms including the forw ard/bac kw ard

algorithm, the Viterbi algorithm, and P earl's

b elief propagation algorithm (P earl, 1988). T o

obtain the factor graph for a giv en Mark o v ran-

dom �eld, w e cop y all fe atur e no des from the

MRF, and create a p otential no de for eac h in-

stan tiated clique p oten tial. Eac h p oten tial no de

is then link ed to all no des from the asso ciated

clique. Ho w ev er in this case, instead of creating

a p oten tial no de for eac h feature-v alue pair as

in the initial MRF mo del, w e create a p oten tial

no de only for the binary features that are 1 for

the giv en en tit y . Corresp ondingly , the table as-

so ciated with the p oten tial will b e reduced from

4 to 2 v alues. As an example, Figure 2 sho ws

that part of the factor graph whic h is generated

around the en tit y lab el for HD A C1 enzyme (with

feature no des �gured as empt y circles and p o-

ten tial no des �gured as blac k squares).

elabel

f HD=enzyme

f PF=A0

f PF=A0_a

f SF=a

f SF=A0_a

...

Figure 2: F actor Graph for lo cal templates.



Note that the factor graph ab o v e has an

equiv alen t RMN graph consisting of a one-no de

clique only , on whic h it is hard to visualize the

v arious p oten tials in v olv ed. There are cases

where di�eren t factor graphs ma y yield the

same underlying RMN graph, whic h mak es the

factor graph represen tation preferable.

5 Global Clique T emplates

Global clique templates enable us to mo del h y-

p othesized in
uences b et w een en tities from the

same do cumen t. They connect the lab el no des

of t w o or more en tities, whic h, in the factor

graph, translates in to p oten tial no des connected

to at least t w o lab el no des. In our exp erimen ts

w e use three global templates:

Ov erlap T emplate (OT): No t w o en tit y

names o v erlap in the text i.e if the span of one

en tit y is [ s

1

; e

1

] and the span of another en tit y

is [ s

2

; e

2

], and s

1

� s

2

, then e

1

< s

2

.

Rep eat T emplate (R T): If m ultiple en ti-

ties in the same do cumen t are rep etitions of the

same name, their lab els tend to ha v e the same

v alue (i.e. most of them are protein names, or

most of them are not protein names). Later

w e discuss situations in whic h rep etitions of the

same protein name are not tagged as proteins,

and design an approac h to handle this.

Acron ym T emplate (A T): It is common

con v en tion that a protein is �rst in tro duced

b y its long name, immediately follo w ed b y its

short-form (acron ym) in paren theses.

5.1 The Ov erlap T emplate

The de�nition of a c andidate extr action from

Section 3 leads to man y o v erlapping en tities.

F or example, 'glutathione S - transferase' is a base

NP , and it generates �v e candidate extractions:

'glutathione' , 'glutathione S' , 'glutathione S - trans-

ferase' , 'S - transferase' , and 'transferase' . If 'glu-

tathione S - transferase' has lab el-v alue 1, b e-

cause the other four en tities o v erlap with it,

they should all ha v e lab el-v alue 0.

This t yp e of constrain t is enforced b y the

o v erlap template whose M op erator matc hes

an y t w o o v erlapping candidate en tities, and

whic h connects their lab el no des (sp eci�ed in S )

through a p oten tial no de with a p oten tial func-

tion � that allo ws at most one of them to ha v e

lab el-v alue 1, as illustrated in T able 2. Con tin-

uing with the previous example, b ecause 'glu-

tathione S' and 'S - transferase' are t w o o v erlap-

ping en tities, the factor graph mo del will con-

tain an o v erlap p oten tial no de connected to the

lab el no des of these t w o en tities.

An alternativ e solution for the o v erlap tem-

plate is to create a p oten tial no de for eac h tok en

p osition that is co v ered b y at least t w o candi-

date en tities in the do cumen t, and connect it

to their lab el no des. The di�erence in this case

is that the p oten tial no de will b e connected to

a v ariable n um b er of en tit y lab el no des. Ho w-

ev er this second approac h has the adv an tage of

creating few er p oten tial no des in the do cumen t

factor graph, whic h results in faster inference.

�

O T

e

1

:l abel = 0 e

1

:l abel = 1

e

2

:l abel = 0 1 1

e

2

:l abel = 1 1 0

T able 2: Ov erlap P oten tial.

5.2 The Rep eat T emplate

W e could sp ecify the p oten tial for the rep eat

template in a similar 2-b y-2 table, this time

lea ving the table en tries to b e learned, giv en

that it is not a hard constrain t. Ho w ev er w e

can do b etter b y noting that the v ast ma jorit y

of cases where a rep eated protein name is not

also tagged as a protein happ ens when it is part

of a larger phrase that is tagged. F or exam-

ple, 'HD A C1 enzyme' is a protein name, there-

fore 'HD A C1' is not tagged in this phrase, ev en

though it ma y ha v e b een tagged previously in

the abstract where it w as not follo w ed b y 'en-

zyme' . W e need a p oten tial that allo ws t w o en-

tities with the same text to ha v e di�eren t lab els

if the en tit y with lab el-v alue 0 is inside another

en tit y with lab el-v alue 1. But a candidate en-

tit y ma y b e inside more than one \including"

en tit y , and the n um b er of including en tities ma y

v ary from one candidate extraction to another.

Using the example from Section 5.1, the candi-

date en tit y 'glutathione' is included in t w o other

en tities: 'glutathione S' and 'glutathione S - trans-

ferase' .

In order to instan tiate p oten tials o v er v ari-

able n um b er of lab el no des, w e in tro duce a log-

ical OR clique template that matc hes a v ari-

able n um b er of en tities. When this template

matc hes a subset of en tities e

1

; e

2

; :::; e

n

, it will

create an auxiliary OR en tit y e

or

, with a single

feature e

or

:l abel . The p oten tial function is set

so that it assigns a non-zero p oten tial only when

e

or

:l abel = e

1

:l abel _ e

2

:l abel _ ::: _ e

n

:l abel . The

cliques are only created as needed, e.g. when the

auxiliary OR v ariable is required b y rep eat and

acron ym clique templates.

Figure 3 sho ws the factor graph for a sam-



ple instan tiation of the rep eat template using

the OR template. Here, u and v represen t t w o

same-text en tities, u

1

, u

2

, ... u

n

are all en ti-

ties that include u , and v

1

, v

2

, ..., v

m

are en ti-

ties that include v . T o a v oid clutter, all en tities

in this and subsequen t factor graphs stand for

their corresp onding lab el features. The p oten-

tial function can either b e preset to prohibit un-

lik ely lab el con�gurations, or it can b e learned

to represen t an appropriate soft constrain t. In

our exp erimen ts, it w as learned since this ga v e

sligh tly b etter p erformance.

F ollo wing the previous example, supp ose that

the phrase 'glutathione' o ccurs inside t w o base

NPs in the same do cumen t, 'glutathione S - trans-

ferase' and 'glutathione an tio xidan t system' . Then

the �rst o ccurrence of 'glutathione' will b e asso-

ciated with the en tit y u , and corresp ondingly

its including en tities will b e u

1

= 'glutathione S'

and u

2

= 'glutathione S - transferase' . Similarly ,

the second o ccurrence of 'glutathione' will b e as-

so ciated with the en tit y v , while the including

en tities will b e v

1

= 'glutathione an tio xidan t' and

v

2

= 'glutathione an tio xidan t system' .

1 u2u v1 2v

f f
u u v v

or or

or or

RT
f

un vm
... ...

Figure 3: Rep eat F actor Graph.

5.3 The Acron ym T emplate

One approac h to the acron ym template w ould

b e to use an extan t algorithm for iden tifying

acron yms and their long forms in a do cumen t,

and then de�ne a p oten tial function that w ould

fa v or lab el con�gurations in whic h b oth the

acron ym and its de�nition ha v e the same lab el.

One suc h algorithm is describ ed in (Sc h w artz

and Hearst, 2003), ac hieving a precision of 96%

at a recall rate of 82%. Ho w ev er, b ecause

this algorithm w ould miss a signi�can t n um b er

of acron yms, w e ha v e decided to implemen t a

softer v ersion as follo ws: detect all situations in

whic h a single w ord is enclosed b et w een paren-

theses, suc h that the w ord length is at least 2

and it b egins with a letter. Let v denote the

corresp onding en tit y . Let u

1

, u

2

, ..., u

n

b e all

en tities that end exactly b efore the op en paren-

thesis. If this is a situation in whic h v is an

acron ym, then one of the en tities u

i

is its cor-

resp onding long form. Consequen tly , w e use

a logical OR template to in tro duce the auxil-

iary v ariable u

or

, and connect it to v 's no de la-

b el through an acron ym p oten tial, as illustrated

in Figure 4. F or example, consider the phrase

'the an tio xidan t sup ero xide dism utase - 1 ( SOD1 )' ,

where b oth 'sup ero xide dism utase - 1' and 'SOD1'

are tagged as proteins. 'SOD1' satis�es our cri-

teria for acron yms, th us it will b e asso ciated

with the en tit y v in Figure 4. The candidate

long forms are u

1

= 'an tio xidan t sup ero xide dis-

m utase - 1' , u

2

= 'sup ero xide dism utase - 1' , and

u

3

= 'dism utase - 1' .

1 u2u

f
u v

or

or

un

...

f AT

Figure 4: Acron ym F actor Graph.

6 Inference in F actor Graphs

Giv en the clique p oten tials, the inference step

for the factor graph asso ciated with a do cumen t

in v olv es computing the most probable assign-

men t of v alues to the hidden lab els of all candi-

date en tities:

Y

�

= ar g max

Y

P ( d:Y j d:X ) (3)

where P ( d:Y j d:X ) is de�ned as in Equation 1.

A brute-force approac h is excluded, since the

n um b er of p ossible lab el con�gurations is ex-

p onen tial in the n um b er of candidate en tities.

The sum-pro duct algorithm (Ksc hisc hang et al.,

2001) is a message-passing algorithm that can

b e used for computing the marginal distribution

o v er the lab el v ariables in factor graphs with-

out cycles, and with a minor c hange (replacing

the sum op erator used for marginalization with

a max op erator) it can also b e used for deriv-

ing the most probable lab el assignmen t. In our

case, in order to get an acyclic graph, w e w ould

ha v e to use lo cal templates only . Ho w ev er, it

has b een observ ed that the algorithm often con-

v erges in general factor graphs, and when it con-



v erges, it giv es a go o d appro ximation to the cor-

rect marginals. The algorithm w orks b y altering

the b elief at eac h lab el no de b y rep eatedly pass-

ing messages b et w een the no de and all p oten tial

no des connected to it (Ksc hisc hang et al., 2001).

As man y of the lab el no des are indirectly con-

nected through p oten tial no des instan tiated b y

global templates, their b elief v alues will propa-

gate in the graph and m utually in
uence eac h

other, leading in the end to a collectiv e lab eling

decision.

The time complexit y of computing messages

from a p oten tial no de to a lab el no de is exp o-

nen tial in the n um b er of lab el no des attac hed to

the p oten tial. Since this \fan-in" can b e large

for OR p oten tial no des, this step required opti-

mization. F ortunately , due to the sp ecial form

of the OR p oten tial, and the normalization b e-

fore eac h message-passing step, w e w ere able to

dev elop a linear-time algorithm for this sp ecial

case. Details are omitted due to limited space.

7 Learning P oten tials in F actor

Graphs

F ollo wing a maxim um lik eliho o d estimation, w e

shall use the log-linear represen tation of p oten-

tials:

�

C

( G:X

c

; G:Y

c

) = exp f w

c

f

c

( G:X

c

; G:Y

c

) g (4)

where f

c

is a v ector of binary features, one for

eac h con�guration of v alues for X

c

and Y

c

.

Let w b e the concatenated v ector of all p o-

ten tial parameters w

c

. One approac h to �nding

the maxim um-lik eliho o d solution for w is to use

a gradien t-based metho d, whic h requires com-

puting the gradien t of the log-lik eliho o d with

resp ect to p oten tial parameters w

c

. It can b e

sho wn that this gradien t is equal with the dif-

ference b et w een the empirical coun ts of f

c

and

their exp ectation under the curren t set of pa-

rameters w . This exp ectation is exp ensiv e to

compute, since it requires summing o v er all p os-

sible con�gurations of candidate en tit y lab els

from a giv en do cumen t. T o circum v en t this

complexit y , w e use Collins' v oted p erceptron ap-

proac h (Collins, 2002), whic h appro ximates the

full exp ectation of f

c

with the f

c

coun ts for the

most lik ely lab eling under the curren t parame-

ters, w . In all our exp erimen ts, the p erceptron

w as run for 50 ep o c hs, with a learning rate set

at 0.01.

8 Exp erimen tal Results

W e ha v e tested the RMN approac h on t w o

datasets that ha v e b een hand-tagged for h u-

man protein names. The �rst dataset is Y ap ex

1

whic h consists of 200 Medline abstracts. Of

these, 147 ha v e b een randomly selected b y p os-

ing a query con taining the (Mesh) terms pr otein

binding , inter action , and mole cular to Medline,

while the rest of 53 ha v e b een extracted ran-

domly from the GENIA corpus (Collier et al.,

1999). It con tains a total of 3713 protein refer-

ences. The second dataset is Aimed

2

whic h has

b een previously used for training the protein in-

teraction extraction systems in (Bunescu et al.,

2004). 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 pro-

tein references in this dataset. W e compared

the p erformance of three systems: L T-RMN is

the RMN approac h using lo cal templates and

the o v erlap template, GL T-RMN is the full

RMN approac h, using b oth lo cal and global

templates, and CRF , whic h uses a CRF for la-

b eling tok en sequences. W e used the CRF im-

plemen tation from (McCallum, 2002) with the

set of tags and features used b y the Maxim um-

En trop y tagger describ ed in (Bunescu et al.,

2004). All Medline abstracts w ere tok enized

and then POS tagged using Brill's tagger (Brill,

1995). Eac h extracted protein name in the test

data w as compared to the h uman-tagged data,

with the p ositions tak en in to accoun t. Tw o ex-

tractions are considered a matc h if they consist

of the same c haracter sequence in the same p o-

sition in the text. Results are sho wn in T ables 3

and 4 whic h giv e a v erage precision, recall, and

F-measure using 10-fold cross v alidation.

Metho d Precision Recall F-measure

L T-RMN 70.79 53.81 61.14

GL T-RMN 69.71 65.76 67.68

CRF 72.45 58.64 64.81

T able 3: Extraction P erformance on Y ap ex.

Metho d Precision Recall F-measure

L T-RMN 81.33 72.79 76.82

GL T-RMN 82.79 80.04 81.39

CRF 85.37 75.90 80.36

T able 4: Extraction P erformance on Aimed.

These tables sho w that, in terms of F-

measure, the use of global templates for mo d-

1

URL: www.sics.se/h umle/pro jects/prothalt/

2

URL: ftp.cs.utexas.edu/mo oney/bio-data/



eling in
uences b et w een p ossible en tities from

the same do cumen t signi�can tly impro v es ex-

traction p erformance o v er the lo cal approac h

(a one-tailed paired t-test for statistical signi�-

cance results in a p v alue less than 0 : 01 on b oth

datasets). There is also a small impro v emen t

o v er CRF's, with the results b eing statistically

signi�can t only for the Y ap ex dataset, corre-

sp onding to a p v alue of 0 : 02. W e h yp othesize

that further impro v emen ts to the L T-RMN ap-

proac h w ould push the GL T-RMN p erformance

ev en higher. The tagging sc heme used b y CRFs,

in whic h eac h tok en is assigned a tag, is essen-

tially di�eren t from the RMN approac h, where

candidate extractions are either rejected or ac-

cepted. In the tagging approac h used b y CRFs,

extracted en tities are a v ailable only after tag-

ging is complete, thereb y making it di�cult to

accoun t for in
uences b et w een them during tag-

ging.

Figures 5 and 6 sho w the precision-recall

curv es for the t w o datasets. These w ere ob-

tained b y v arying a threshold on the extrac-

tion con�dence, whic h is the p osterior probabil-

it y that its lab el is 1 as computed b y the sum-

pro duct algorithm.
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Figure 5: Precision Recall Curv es on Y ap ex.
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Figure 6: Precision Recall Curv es on Aimed.

W e also explored using a global template that

captured the tendency for candidate en tities

whose phrases are co ordinated to ha v e the same

lab el. This tec hnique did not impro v e p erfor-

mance since detecting whether t w o NPs are co-

ordinated is di�cult, and the metho ds w e tried

in tro duced to o man y false co ordinations.

In order to ev aluate the applicabilit y of our

metho d to other t yp es of narrativ e, w e also

tried it on the CoNLL 2003 English corpus

(Tjong Kim Sang and De Meulder, 2003) whic h

con tains four t yp es of named en tities: p ersons

(PER), lo cations (LOC), organizations (OR G),

and other (MISC). Consequen tly the n um b er of

lab el v alues increased from t w o to �v e (with a

lab el-v alue of 0 to indicate none of the four cat-

egories). F or the global approac h w e used the

same o v erlap template and a mo di�ed v ersion

of the rep eat template in whic h the OR p oten-

tial w as replaced with a di�eren t t yp e of p oten-

tial (SEL) that allo ws at most one of the in-

cluding en tities to ha v e a non-zero lab el-v alue.

The SEL v ariable (replacing the OR v ariable)

is forced to ha v e lab el-v alue 0 if all including

en tities ha v e lab el-v alue 0, otherwise it selects

the one lab el-v alue that is not 0. The resulting

rep eat template, b esides handling exact rep e-

titions, is also able to capture correlations b e-

t w een en tit y t yp es, when one en tit y rep etition

is included in another en tit y with a p oten tially

di�eren t t yp e. F or example, it is common in

this corpus to ha v e coun try names rep eated in-

side organization names in the same do cumen t,

as is \Japan" in \Bank of Japan", or \Japan

Aluminium F ederation".

The o v erall results are sho wn in T able 5,

with the global approac h exhibiting impro v e-

men t o v er the lo cal approac h, alb eit less pro-

nounced than in the biomedical domain. No

dictionaries w ere used in these exp erimen ts, and

no custom feature selection w as p erformed { the

feature templates w ere the same as those used

in the biomedical extraction.

Metho d Precision Recall F-measure

L T-RMN 82.15 78.13 80.09

GL T-RMN 83.17 81.44 82.30

CRF 81.57 80.08 80.82

T able 5: Extraction P erformance on CoNLL.

9 Related W ork

There ha v e b een some previous attempts to use

global information from rep etitions, acron yms,

and abbreviations during extraction. In (Chieu

and Ng, 2003), a set of global features are used



to impro v e a Maxim um-En trop y tagger; ho w-

ev er, these features do not fully capture the m u-

tual in
uence b et w een the lab els of acron yms

and their long forms, or b et w een en tit y rep eti-

tions. In particular, they only allo w earlier ex-

tractions in a do cumen t to in
uence later ones

and not vice-v ersa. The RMN approac h handles

these and p oten tially other m utual in
uences

b et w een en tities in a more complete, probabilis-

tically sound manner.

10 Conclusions and F uture W ork

W e ha v e presen ted an approac h to collec-

tiv e information extraction that uses Relational

Mark o v Net w orks to reason ab out the m utual

in
uences b et w een m ultiple extractions. A new

t yp e of clique template { the logical OR tem-

plate { w as in tro duced, allo wing a v ariable n um-

b er of relev an t en tities to b e used b y other clique

templates. Soft correlations b et w een rep etitions

and acron yms and their long form in the same

do cumen t ha v e b een captured b y global clique

templates, allo wing for lo cal extraction deci-

sions to propagate and m utually in
uence eac h

other.

Regarding future w ork, a ric her set of features

for the lo cal templates w ould lik ely impro v e p er-

formance. Curren tly , L T-RMN's accuracy is

still signi�can tly less than CRF's, whic h lim-

its the p erformance of the full system. Another

limitation is the appro ximate inference used b y

b oth RMN metho ds. The n um b er of factor

graphs for whic h the sum-pro duct algorithm did

not con v erge w as non-negligible, and our ap-

proac h stopp ed after a �x n um b er of iterations.

Besides exploring impro v emen ts to lo op y b elief

propagation that increase computational cost

(Y edidia et al., 2000), w e in tend to examine al-

ternativ e appro ximate-inference metho ds.
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