p e

r

f

or

me

d

well

, esp ec

i

all

y in rou

tin

g

.

As

b efore, there is a tremendousv ari-

ation in the topic-by-topic resul ts, suggesti ng that a great deal more research

is needed to�nd how to get the b est results in di�erent routing and retriev al

sce narios. W e are encouraged by the progress of our system , as well as of the

overall �eld, in these exp eriments, and are hop eful that in the coming years

we will learn how to combine our promising resul ts in corpus analysis with the

more mature ranking and retriev al mo dels of some of the other systems .R e

fe

re

n

ce

s

[

1

]

PaulS.

Jacobs.

Using statistical metho ds to improve knowledge-base d news

categori zation.

I

EEE Ex

p

e

r

t,

8

(

2

)

:1

3

{2

4, April 1993.

[2]George

R.

Krupk a Paul S. Jacobs andLis aF. Rau. A b o olean approximation

metho d forquery construction and topic assi gnment in trec.In

Se

c

o

n

d

Annu a

l Sy

mp os

ium onDo cument Analysis and Information

R etrieval,

May

1993. 8

This worked surprisingly well in case s where the topic statements were the topic

title was a go o d description (e.g.\W elfar e Reform") and absolutely horribly for

those with v ague titles (e.g. \Find Innov ativeCompanies". W e tried to recover

from these by including more words from the descri ption and narrative, but

then we had to start recogni zing the language of these descr iptions, �ltering out

words like \relev ant", \mention" and so forth.

The fully automatic ad ho c system certainly didn’t do as well as the manual

routing system, but it was still at or ab ove median for more than half of the ad

ho c topics. Considering that this metho d could b e used within the context of

most any legacy retriev al system, the result is worth noting. F urthermore, the

generation ofBo olean queries from natural language descri ptions is an inter-

esting, as well as practical, research problem, b ecause many di�erent retriev al

systems can make some use of Bo olean queries .2

.

3

R

a

n

k

in

g

Our do cument ranking metho d will b e more fully describ ed in the pro ceedings

pap er. In b oth routing and ad ho c, we used a set of word weights, acquired

from the rele v ancejudgements in the routing case and from the corpus data

in the ad ho c case. W e combined the weighted frequency of these terms with

an overall count of the numb er of topic hits p er do cument, normaliz ing for

do cument length, to pro duce a score for each do cument. This was the resul t of

trying many di�erent approaches on the test data, so it was de�nitely a go o d

metho d for our system.However, in comparing our results with those of other systems, our precis ion

curve across v arious recal l p oints is not nearly as go o d as a system that do es

reall y go o d ranking. In routing, we are not sure that ranking is imp ortant, but

it is certainly imp ortant in getting go o d results in TREC. So, we are inclined to

try to combine our retriev al metho d with alternative ranking metho ds to see, for

example, whether more terms are reall y neces sary in order to get b etter ranking

results .

The separation of retriev al and ranking seems to b e a v aluable to ol b oth for

exp erimental resear ch and for identifying di�erent techniques for applications.

It is cle arly a problem with b oth TREC-1 and TREC-2 that the routing task

requires a comparison of do cuments across a large colle ction, when most routing

applications deal with a stream of do cuments individually or in small groups.3

S

u

mm

ar

y GE’s participation in TREC involved the implementation of a numb er of strate-

gies for creating Bo olean queries from the topic descri ptions. A statistic al cor-

pus analyzer help ed to re�ne queries for b oth the routing task, and to generate

them automatically for the ad ho c task. The simple Bo olean retrie v al engine7

T

O

U

LOU

S

E TOP

I

C

5

1

22

8

.5

33

95

01239633

7

JETLINE

RS TOPIC51 217.8171887668145

LUFT

H

ANSA TOPIC51 196.6003672315153M

D

-80 TOPIC51 196.6003672315153

Clearly

, these words all have some reason to b e asso ciated with this topic,

but adding them to the appropriate group in each query (or ignoring them

entirely) is a \manual" pro cess . Thus we have tried, as a simple exp erime nt,

to generate the Bo olean term groupings and expand each term automatically .

In the days b efore the TREC-2 ad ho c test, we tried several di�erent ways of

doing this automatic Bo olean query generation, and chose the one that worked

b est on the sample data.

Interestingl y

, our �rst attempt was to use the common metho ds for �nding

collo cations and word asso ciations in sentences, and these worked horribly for

term expansion. The problem is that this approach �nds more ass o ciations like

\funeral" and \home" than it do es \hostage" and \captive", and the latter,

text-level asso ciations are what’s required to generate go o d queries.

The \solution" we tried was, for a sample of ab out 10 milli on words in the

corpus, to cho ose the top 20 words based on TF/I

DF weights for each do cu-

ment, store the frequency of asso ciation among these terms, and then weight

each pair using the mutual information statistic . This was much b etter than

using sentence-le vel information, although it is still a very straightforward ap-

proach. F or example, the following are the top 10 terms asso ciated with the

word \hostage" (in order):h o

s

t

a

g

es

Leba non

Be i

r

ut

Iran

release

Terry ki dna

ppers

kidnapped

Jihad

Anderson While this is certainl y not the optimal set of terms to use in place of

\hostage", it is a go o d start.

The next problem in automatic query construction is when to use a combi-

nation of terms and when to use a single term. F or example, the term \weather-

related fatalities" is a combination of two word groups (weather and fatalitie s)

while \Iran-contra a�air" is really only one group (Iran-contra), even though it

might app ear that \a�air" is a signi�cant term.

Again we to ok the direct approach, cho osing to combine terms whenever

there was a reasonable p ercentage of overlap b etween their asso ciated terms.6

terms or combinations of terms, and b ecause the Bo olean matcher must match

the simple st expressi ons �rst.

F or the topic description given ab ove, the output of the rule compile r will

include the following tests:

52 TERM AFRICAN

...

2029 TERM MEASURES

...

2134 TERM SANCTION

2135 TERM SANCTIONS

2136 TERM DISINVESTMENT

2138 TERM SULLIVAN

2139 TERM PRINCIPLES

2141 TERM PUNITIVE

2144 TERM BUTHELEZI

2145 TERM PRETORIA

2146 TERM ANTI-APARTHEID

2147 TERM APARTHEID

2149 TERM DE

2150 TERM KLERK

2152 TERM SOUTH

2153 TERM AFRICA

...

2137 OR 2134 2135 2136

2140 AND 2138 2139

2142 AND 2141 2029

2143 OR 2137 2140 2142

2148 OR 2144 2145 2146 2147

2151 AND 2149 2150

2154 OR 2153 52

2155 AND 2152 2154

2156 OR 2148 2151 2155

2157 AND 2143 2156

2158 AND 2156 2143

...

TOPIC052 OR 2157 2158

Each line in the ab ove data gives a unique numb er (or topic designator) to

the test, a test identi�er (either TERM for a simpl e word test, OR, or AND),

and a lis t of simple terms or previous tests. F or example, test 2137 dep ends on

tests 2134, 2135, and 2136, and is true if any of those tests is true, namely

, if

the text includes any of the words sanction, sanctions, or disinvestment . The

tests are automatically ordered so that all tests that are dep endent on other

tests will have higher numb ers than the tests they dep end on; thus all TERM 4

2

Our

A

ppr

oac

h The basic approach in our system is to compile queries into Bo olean tables that

can b e matched at high sp eed against a stream of input text. This approach is

meant for routing, and also to b e compatible with \downstream" analysis such

as what we do in TIPSTER data extraction. In fact, the Bo olean compile r we

use is designed for handling the much more complex expressi ons that our system

uses in data extraction. 2.1

T

he

Bo olean

Matc her The Bo olean tables are e�cie ntly organized so that a C program (which we now

know asN

L

g

r

e

p can match them against incoming texts at a rate of ab out 1

milli on words p er minute. This program sp ends little time on anything other

than marking where words in each do cument match terms in the table. In b oth

routing and retriev al, the total numb er of terms used for a set of 50 topics is

ab out 2000, or ab out 40 unique terms p er topic. All other words are ignored

entirely .

F or example, the following is a query for the topic \South African sanctions":

sanction==

[

(

member sanction sanctions disinvestment)

<Sullivan Principles>

<punitive*2 measures>]

; safrica == [(member Buthelezi Pretoria anti-apartheid apartheid)

<De Klerk> <South (member Africa African)> ] ;

;;; rule 1$sanction * $safrica => (mark-topic 52) ;

This descri ption says that any matching text must haveb oth an indicator of

South Africa ($safrica) and one of sanctions ($sanction), and that the sanction

phrase and South Africa phrase must app ear in the same paragraph in the

do cument.

A sanction phrase can b e any of the simple words sanction, sanctions, or

disinvestment, or any phrase including punitive me asur es with no more than two

intervening words (like punitive e c onomic me asur es). A South Africa phrase can

also b e either one of a group of simple words, or a phrase, like DeKler k, South

Afric a, or South Afric an.

These queries or topic descriptions can b e quite complex, and the metho d

has b een designed to handle many queries simultaneously

, so the rule compiler is

designed to pro duce express ions that can b e e�ci ently applied within a large set

of queries . This is imp ortant b ecause many queries can share the same simple 3

relev ant texts retrieved has b een shown to b e lower than 10%, and a high p er-

centage of material that is retrieved can b e irrele v ant. Also, it can b e very

di�cult for searchers to comp ose \queries " that combine the words that are ef-

fective in lo cating relev ant material without �nding large quatities of irrele v ant

information as well.

GE’s involvement in TREC represents a relatively low level of e�ort aimed

at bringing together natural language text pro cess ing, data extraction, and sta-

tistical corpus analysis metho ds. Our pro ject aims at innov ative approaches to

extracting information from text, b est exempli�ed in our participation in the

MUC and TIPSTER extraction ev aluations and in op erational text manage-

ment systems in GE. In TREC-1, we attempted to show the b ene�t of natural

language interpretation by using Bo olean approximation to sel ection p ortions of

text that could b e further interpreted. The main result of this was that natural

language seeme d to have very little to o�er as a precisi on �ltering metho d, b e-

cause routing and retriev al problems stem largel y from having the wrong terms

in the queries [2]. Thus, in TREC-2, we have stuck with the Bo olean engine,

concentrating on the use of corpus analysis to improve the queries.

Our resul ts in TREC-2, as in TREC-1, were quite go o d relative to other

systems . The manual routing system , which comprised over 99% of our e�ort,

pro duced at 11 p oint average of .3308, with an average of 45 relev ant do cuments

in the top 100. The residual e�ort went into a fully automatic ad ho c metho d,

which pro duced at 11 p oint average of .2183 and an average of 37 relev ant do cu-

ments in the top 100. As in TREC-1, p erformance v aried dramaticall y by topic.

The routing system showed the b est results on 8 of 50 topics.Y et it was b elow

median on 17 topics. This not only suggests areas for further improvement,

but also punctuates a v ariety of query and corpus e�ects on p erformance (for

example, the Bo olean approach still do es worst on certain topics where there

are very few relev ant do cuments).

While it is very hard to measure progress b etween TREC-1 and TREC-2

b ecause none of the numb ers are directly comparable, the di�erence b etween

our .2078 routing average in TREC-1 and .3308 in TREC-2 is large enough that

we are quite pleased with the rate of progress and con�dent that we are nowhere

near the p eak that can b e achieved with manual, Bo olean routing. In addition,

the automatic ad ho c metho d that we tried, while showing pitiful p erformance

on some of the more convoluted topic descriptions , had a b etter average than

our manual ad ho c system last year.

Thus, there is a great deal to b e gained using corpus analysis to automate or

assi st in query generation, even within the context of straightforward retriev al

metho ds. In addition to having promise for \legacy" op erational systems , these

results suggest that natural language metho ds, fo cused on corpus analysis and

query generation, probably can help in improving p erformance . 2

G

E

i

n

T

RE

C

-

2

: Re

s

u

l

ts

o

f

A

Bo olean App ro

xi

mationMet

ho

d for Routing and Retriev al�

P a

u

l

S

.

Ja

c

o

b

s

G

E

R

esea

rc

h an

d

De

velop

men

t

Center

Schenectad y

,

N

Y

1

2

3

01

(

51

8

) 387

- 5314 Abs tractThis rep ort descr ib es a few exp eriments aimed at pro ducing high accuracy rout-

ing and retriev al with a simple Bo olean engine. There are several motiv ations

b ehind this work, including a tie-in of Bo olean term combinations to our extrac-

tion metho ds, the existence and p ersis tence of many \legac y" Bo olean systems,

and the recognition that many information retriev al problems stem from bad

queries rather than bad retriev al. The results show very high accuracy

, and

signi�cant progress , using a Bo olean engine for routing based on queries that

are manually generated with the help of corpus data. In addition, the resul ts

of a straightforward implementation of a fully automatic ad ho c metho d show

some promise of b eing able to do go o d automatic query construction within the

context of a Bo olean system.1

In troduct

ion F ull-text search is currently the simples t and most commonly-used metho d for

lo cating information in large volumes of free text. Because users are accustomed

to describing what they are lo oking for with sp eci�c words, and those words are

often found in the texts, searching the text for sele cted words or word combi-

nations is a natural and easy-to-imple ment metho d for information retriev al.

However, it can b e very inaccurate. In some exp erime nts, the p ercentage of

�

T

h

i

s

r

ese

ar

chwas sp

o

nsore

d in part

b

y theAd

v anced

ResearchPro

ject Agency

. The

views and concl usions contained in this do cument are those of the authors and should not b e

interpreted as representing the o�cial p olicies, either expressed or implied, of the Adv anced

Research Pro ject Agency or theU

S

Government. 1