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ABSTRACT

Many modern natural language-processingapplications uti-
lize searh enginesto locate large numbers of Web docu-
ments or to compute statistics over the Web corpus. Yet
Web seard engines are designed and optimized for simple
human queries|they are not well suited to support such ap-
plications. As aresult, these applications are forced to issue
millions of successie queriesresulting in unnecessaryseard
engineload and in slow applications with limited scalability.

In response, this paper introduces the Bindings Engine
(be), which supports queries containing typed variables and
string-processing functions. For example, in response to
the query \powerful hnouni" be will return all the nouns
in its index that immediately follow the word \p owerful”,
sorted by frequency. In responseto the query \Cities such
as ProperNoun(Head(hNounPhraseé))", be will return a list
of proper nouns likely to be city names.

be's novel neightorhood index enablesit to do so with
O(k) random disk seeksand O(k) serial disk reads, where k
is the number of non-variable terms in its query. As aresult,
be can yield seweral orders of magnitude speedup for large-
scale language-processing applications. The main cost is a
modest increasein spaceto store the index. We report on
experiments validating these claims, and analyze how be's
space-time tradeo scaleswith the size of its index and the
number of variable types. Finally, we describe how a be-
based application extracts thousands of facts from the Web
at interactiv e speedsin responseto simple user queries.
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1. INTRODUCTION AND MOTIVATION

Modern Natural Language Processing(NLP) applications
perform computations over large corpora. With increasing
frequency, NLP applications use the Web as their corpus
and rely on queriesto commercial seard enginesto support
these computations [21, 10, 11, 8]. But seard enginesare
designed and optimized to answer people's queries, not as
building blocks for NLP applications. As a result, the ap-
plications are forced to issueliterally millions of queries to
seard engines,which can overload seard engines,and limit
both the speedand scalability of the applications.

In response, Google has created the \Go ogle API" to
shunt programmatic queriesaway from Google.comand has
placed hard quotas on the number of daily queriesa program
can issueto the API. Other seard engineshave also intro-
duced mechanisms to block programmatic queries, forcing
applications to intro duce \courtesy waits" between queries
and to limit the number of queries they issue.

Having a \priv ate" seard engine would enable an NLP
application to issuea much larger number of queries quickly,
but e ciency is still a problem. To support the application,
eath document that matches a query has to be retrieved
from arandom location on a disk. Thus, the number of ran-
dom disk seeksscaleslinearly with the number of documents
retrieved! As index sizesgrow, the number of matching
documents would tend to increaseas well. Moreover, many
NLP applications require the extraction of strings matching
particular syntactic or semartic typesfrom ead page. The
lack of NLP type data in the seard engine's index means
that many pagesare fetched and processedat query time
only to be discarded as irrelevant.

We now consider two speci ¢ NLP applications to illus-
trate the sorts of computations they perform. Consider,
rst,  Turney's widely used PMI-IR algorithm [21].
PMI-IR computes Pointwise Mutual Information (PMI) be-
tween terms by estimating their co-occurrence frequency
based on hit counts returned by a seard engine. Turney
used PMI-IR to classify words as positive or negative by
computing their PMI with positive words (e.g., “excellert’)
subtracted from their PMI with negative words (e.g., “poor’)
[22]. Turney then applied this word classi cation technique
to a large number of adjectives, verbs, and adverbs drawn
from product reviews in order to classify the reviews as pos-
itiv e or negative. In this approach, the number of searc
engine queries scaleslinearly with the number of words clas-

1Of course, it may be possibleto distribute this load across
a large number of machines, but be embodies a much more
e cien t solution.



si ed, which limits the speed and scale of PMI-IR applica-
tions.

As a second example, consider the KnowltAll informa-
tion extraction system [10]. Inspired by Hearst's early work
[13], KnowltAll relies on a set of generic extraction pat-
terns such as \<Class> including <ProperNoun>" to ex-
tract facts from text. KnowltAll instantiates the patterns
with the namesof the predicates of interest (e.g., < Class> is
instantiated to " Ims'), and sendsthe instantiated portion of
the pattern asa seard engine query (e.g., the phrase query
\Ims including”) in order to discover pagescontaining sen-
tences that match its patterns. KnowltAll is designed to
quickly extract large number of facts from the Web but, like
PMI-IR, is limited by the number and rate of seard-engine
queriesit can issue.

In general, statistical NLP systems perform a wide range
of corpora-based computations including training parsers,
building n-gram models, identifying collocations, and more
[16]. Recertly, databaseresearders have alsobegunto make
use of corpus statistics in order to better understand data
and schema semartics (e.g. [12, 15]). We have \b oiled
down" the requirements of this large and diverse body of
applications to a conciseset of desiderata for seard engines
that support NLP applications.

1.1 Desiderata

To satisfy the broad set of computations that NLP appli-
cations perform on corpora, we need a seard engine that
satis es the following desiderata:

Support queries that contain one or more typed vari-
ables (e.g., \p owerful hnouni").

Provide a facility for de ning variable types(e.g., syn-
tactic typessuch as verb or semartic onessuch as ad-
dres9, and for e cien tly assigningtypesto strings at
index-creation time.

Support queries that contain simple string-pro cessing
functions over variable bindings (e.g. \Bo oks such as
ProperNoun(Head(hNounPhrasei))" ).?

Require at most O(k) random disk seeksto correctly
answer queries containing variables, where k is the
number of concrete terms (i.e., not variables) in the
query.

Processqueries that contain only concrete terms just
asecien tly asa standard seard engine.

Minimize the impact on index-construction time and
space.

The main contribution of this paper is the intro duction of
the fully-implemented Bindings Engine (be), which satis-
es ead of the above desiderata by introducing a variabi-
lized query language, an augmerted inverted index called
the neighlor index, and an e cien t algorithm for processing
variabilized queries.

Our second contribution is an asymptotic analysis of be
comparing it with a standard searc engine (see Table 1 in

2The function Head extracts the Head noun in the noun
phrase, and the function ProperNoun is a Boolean-valued
function that determines whether its argument is a proper
noun.

Section 3.3). The analysis shows that the number of random
disk seeksfor a standard seard engineis O(B + k), where k
is the number of variables and B is the number of possible
bindings. But the number of random seeksis only O(k) for
be. Thus, when B is large, which we expect for any siz-
able corpus, be is much faster than a standard engine. Like
a standard engine, the spaceto store be's index increases
linearly with the number of documents indexed.

Our third contribution is a set of experiments aimed at
measuring the performance of be in practice. We found
that on a broad range of queries, be was more than two
orders of magnitude faster than a standard seard engine.
Its query-time e ciency was paid for by a factor of four
increasein index size,and a corresponding increasein index-
construction time.

Our nal contribution is that be enablesinteractive infor-
mation extraction, whereby userscan employ simple queries
to extract large amounts of information from the Web at
interactiv e speeds. For example, a person could query a be-
based application with the word \insects", and receive the
results as shown in Figure 6.

The reminder of this paper is organized asfollows. Section
2 introducesbe's query language, followed by a description
of be's neightor index and its query-processingalgorithm
in Section 3. Section 4 preserts our experimental results,
and Section 5 sketches di eren t applications of be's capa-
bilities. We conclude with related work and directions for
future work.

2. QUERY LANGUAGE

This section introduces be's query language, focusing on
how query variables, types and functions are handled.

A standard seard engine query consists of one or more
words (or terms) with optional logical operators and quo-
tation marks (which indicate a phrase query). be extends
the query language by adding variables, eat of which has
a type. be processesa variable by returning every possible
string in the corpus that can be substituted for the variable
and still satisfy the user's query, and which has a match-
ing type. We call a string that meets these requirements a
binding for the variable in question.

For example, the query \President hNamei Clinton" will
return as many bindings as there are distinct strings of
type Name in the corpus, appearing between occurrencesof
\President” and \Clin ton." SeeFigure 1 for the full query
language.

For each type, a be system must be provided with atype
name and a type recoghizer to nd all instances of appro-
priate strings in the corpus. Reasonabletypes might in-
clude syntactic categories(e.g., noun phrases,adjectives,ad-
verbs), or semartic categories(e.g., names,addressesphone
numbers). Of course,we also allow untyped variables, which
simply match the adjacent term. (For example, the query
\strong htermi" will return all the indexed strings to the
right of the word “strong' in the index). be acceptsan ar-
bitrary set of type recognizers, so the set of types can be
tailored to the intended applications at index construction
time. be's typesare xed oncethe index hasbeencomputed.

A query can alsoinclude functions, which apply to a bind-
ing string and return a processedversion of the string. As
with type recognizers, a set of functions is supplied to the
be system before it can run. be can apply functions at
query time to bindings found in the index. For example, in-
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OP! and
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OP ! near
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P! \PH2"
PH! term PH
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PH ! term V PH
PH ! term V
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V I func(V)

PH2 | V PH

Examples:

\President Bush hVerbi"

\cities such as ProperNoun(Head(hNounPhrasd))"
"< NounPhrase> is the capital of < NounPhrase>"

Figure 1: A grammar for the be query language.
The grammar species that a phrase must consist
of at least one term, and all variables V are non-
consecutiv e. Non-T erminal symbols are in CAPS,
and novel operations appear with a and in bold-
face. "Term' is a whitespace-delimited string found
in the corpus. "Type'is a mem ber of the set of string
typ es determined at index time. The search engine
binds items within angled brac kets to specic strings
in corpus documents. ‘func()' is a binding-pro cessor
function that accepts a single string and returns a
modied version of that string.

stead of creating an indexed type hlNamei asabove, we might
instead create the more general-purpose NounPhrasd ; we
can constrain it to be a name with a function \fullName()",
which returns any human names found inside the binding
for iNounPhrasda. Functions are a convenience for query
processing.

2.1 Discussion

We formulated the query languagein Figure 1 sothat all
variables are non-consecutive, and that all variables have
a neighboring concrete term. This constrains the number
of positions in a document where a successfulvariable as-
signmert can be found, and is important for e cien t query
processing (see Section 3). While it would be possible to
processvariables that do not neighbor concrete terms, the
sheer number of bindings means that such a query is un-
likely to be useful or e cien tly processable. Thus, we have
chosento exclude it from the language.

One common question is how variabilized queries di er

from the NEAR operator. NEAR takestwo terms as argu-
ments. If the two terms appear within w words of each other
in a documernt, then the documernt is returned by the seard
engine. Thus, NEAR can nd matching documents while
allowing certain positions in the text to remain unspeci ed.
We might think of a word in the document text that occurs
between NEAR terms as a kind of \wildcard match".

be's variabilized queries are more powerful than NEAR
for seweral reasons. First, variabilized queries enforce order-
ing constraints betweenthe terms in the query, while NEAR
only enforcesproximit y.® Second,a NEAR query cannot re-
cover the actual valuesof its \wildcards". It only determines
whether two terms are proximate. In contrast, a key aspect
of variabilized queriesis to return the bindings matching the
variables in the query. Finally, be's variabilized queries can
constrain matching variable bindings by type whereas the
NEAR operator has no notion of type.

We now describe how variabilized queriesare implemented
to minimize the number of disk accesseper query.

3. INDEX AND QUERY PROCESSING

The inverted index allows standard queries to be pro-
cessedvery e cien tly, even with billions of indexed docu-
ments [3]. For every term in the corpus, an inverted index
builds alist of every document and position where that term
can be found. This enablesvery fast document- nding at
query time.

In this section, we describe why the standard inverted
index is insu cien t for executing the variabilized queriesin-
troduced earlier. We also introduce neighbor indexing, a
novel addition to the inverted index that can e cien tly exe-
cute these new queries and still retain the advantages of the
inverted index.

3.1 Standard Implementation

Many language-basedapplications have beenforced into a
very ine cien t implementation of be's variabilized queries.
Suah systemsoperate roughly asfollows on the query (\cities
such as NounPhraséd"):

1. Perform a traditional seard engine query to nd all
URLs containing the non-variable terms (e.g., \cities
such as")

2. For eac such URL:

(a) obtain the document contents,

(b) nd the searched-for terms (\cities such as") in
the document text,

(c) run the noun phraserecognizerto determine wheth-
er text following \cities such as" satis es the type
requirement,

(d) and if so, return the string

We can divide the algorithm into two stages: obtaining
the list of URLs, and then processingthem to nd the
hNounPhrase bindings.

The rst stageis alookup using a standard inverted index.
As described in [3], processinga query consists of retrieving
a sorted documernt list for each query term, and then step-
ping through them in parallel to nd the intersection set.

30f course, if only proximity is desired, then the NEAR
operator can be added to the be query language.
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Figure 2: Detailed structure for a single term's list
the bold line, consist of document information

information  for every (document, position ) pair.
(documen t, position ) in question.
righ t of that position.

in the be index.
present in a standard

This additional
The neigh bor set consists of the typed strings immediately
Reading from left to right, the neigh bor index structure

The top two levels, enclosed within
inverted index. The be index adds
structure  holds all the neigh bors for the
to the left and
adds: 1) an oset to the end

of the blo ck, so irrelev ant instances can be easily skipp ed over; 2) the number of neigh bors at that lo cation;

3) a series of \neigh bor/string" pairs. The \neigh bor" value identies the type and whether
is the available binding at that

or righ t. The \string"

For phrase queries we also examine positions within ead
documert, to ensurethe words appear sequeriially .

Becausethe systemreadsead document list straight from
start to nish, ead list can be arranged on disk as a single
stream. Thus the system will require no time-consuming
random disk seeksto step through a single term's list. Disk
prefetching will also be more helpful. It might be possible
for large seard installations to keep a substantial portion
of the index in memory, in which casethe system can avoid
even sequertial disk reads.

The second stage of the standard algorithm is very slow
becausefetching each documert is likely to result in a ran-
dom disk seekto read the text. Naturally, this disk access
is slow regardlessof whether it happenson a locally-cached
copy or on a remote document server.

3.2 Neighbor Indexing

In this section we intro duce the neighlor index, an aug-
mented inverted index structure that retains the advantages
of the standard inverted index while allowing accessto rel-
evant parts of the corpus text. It is depicted in Figure 2.

The neighbor index retains the structure of an inverted

it's to the left

lo cation.

index. For each term in the corpus, the index keepsa list
of documents in which the term appears. For each of those
documerts, the index keepsa list of positions where the term
occurs. However, the neighbor index maintains additional
data at every position. Each position keepsa list of eac
adjacent documernt text string that satis es one of the target
types Each one of these strings we call a neightor. Thus,
at eacdh document position there is a left-hand and a right-
hand neighbor for eacth type. As mentioned above, the set of
typesis determined by a set of type recognizers, applied to
the corpus during index construction. Certain types, such
as htermi, may be present at every position in the corpus.
Other types, such as lNounPhrasd, only start or end at
certain placesin the corpus. A given position's neighbors
may include all, some, or none of the typesavailable.

Here is the algorithm used for processinga be query q:
First, break the query q into clauses, separated by logical
operators. Each clause ¢ now consists of a set of elemerts
€o; €1;:::eg which are either concrete terms or variables.

The heart of the algorithm is the evaluation of eac clause,
which proceedsas follows:



1. For eadh g that is a concrete term, create a pointer to
the corresponding term lists I;, initialized to the rst
document in ead list. We refer to the current head
document of list |; as headdodl;).

2. Increment the |; pointer where headdodl;) is lowest,
until headdodlo) = headdodl:) = ::headdoqlq) or
until one pointer advancesto the end of the list. We
thus advance all term list pointers to a document in
which all non-variable elemerts e appear, or there are
no such remaining documents. If one of the lists is
exhausted, processingof this clauseis complete.

(@) We can now refer to the head position of list |;
as headpogql;i). For all concrete terms, advance
term list pointer |; with lowest headpogli) until
headpoglo) < headpoqli) < ::headpoglg). If
some term list pointer reaches the end of posi-
tions, then exit loop and continue to next docu-
ment.

(b) There may be someelemerts g that are variables,
not concrete terms. For ead of these, at least
oneof e 1 ore.1 isguaranteed to be a concrete
term.

If & 1 is concrete, note that headpogli 1) is at
the start of a neighbor block for e 1 that will
contain information about indexed strings to the
right of headpogli 1). Examine the right-hand
neighbor for the desired ty peof(e;).

If e+ is concrete, then headpogli+1) is at the
start of a neighbor block for .1 that contains
information about indexed strings to the left of
headpogli+1 ). Examine the left-hand neighbor
for the desired ty peof ().

Find bindings for all variables e; in this way.

(c) In an above step, we chedked that headpoglo) <
headpoql1) < ::headpogly) for elemerts with
concrete terms. We now ched adjacency as well.
For any two adjacent concrete terms with indices
i and j, ched that headpogli)+ 1= headpoql;).
For adjacert elemert indices i, j, and k, wherei
and k are concreteterms and j is a variable, check
that headpoql;) + lengthof () = headpoqly).
For a variable element e that does not fall be-
tween two concrete variables, simply ched that
lengthof (&) is non-zero.

(d) If the above adjacency test succeedsthen record
all query variable bindings, and continue. If any
of the adjacency tests fail, then simply contin ue.

As with the inverted index, a term's list is processedfrom
start to nish, and canbe kept on disk asa contiguous piece.
The relevant string for a variable binding is included directly
in the index. So,there is no needfor the disk to seekto fetch
the source documernnt.

A neighbor index avoids the needto return to the original
corpus, but it can consume a large amount of disk space.
Depending on the variable typesavailable, corpus text may
be folded into the index seweral times. To consene space,
we perform simple dictionary-lo okup compressionof strings
in the index.

Query Time | Index Space
be | O(k) ON T)
Standard engine | O(k + B) O(N)

Table 1: Query Time and Index Space for the two
metho ds of implemen ting the be query language.
Query Time is expressed as a function of the number
of disk seeks. k is the number of concrete terms in
the query , whic h we exp ect will never grow beyond
a small number. B is the number of bindings found
when pro cessing a query , whic h will grow with the
size of the corpus. T is the number of indexed typ es,
and N is the number of documen ts indexed. Since
typical values for B are in the thousands and typical
values for k are smaller than 4, be is much faster
than a standard engine. Since typical values for T
are small, the space cost is manageable.

The neighbor index readsvariable bindings o disk sorted
rst by the source document ID, and secondarily by posi-
tion within that document. This ordering is critical for pro-
cessingintersections between separate term lists. However,
document ID ordering is probably unhelpful for most appli-
cations. So after be nds all the available bindings, it sorts
them before returning the query results.

be has a generalfacility for de ning sorting functions over
bindings. Our be implementation can sort bindings in as-
cending alphanumeric order or by frequency of appearance
(e.g., soLos Angeles will be sorted higher than Annandale,
VA). However, there are many other reasonablesort orders.
For example, bindings could be sorted according to a weight
that indicates how \trust worthy" the source documert is.
be allows sorting by any arbitrary criterion.

Finally, to support statistical NLP applications such as
PMI-IR, be can assaiate a \hit count" with ead binding
it returns. The hit count records the number of times that
the particular binding appeared in be's index. This is an
important capability as discussedin Section 5.

3.3 Asymptotic Analysis

This section provides an asymptotic analysis of be's be-
havior as compared to the \Standard Implementation” that
is in usetoday. Query Time is expressedasa function of the
number of random disk seeks, as these dominate all other
processingtimes. Index Spaceis simply the number of bytes
neededto store the index (not including the corpus).

Table 1 shows that be requires only O(k) random disk
seeksto processqueries with an arbitrary number of vari-
ableswhereasa standard enginetakesO(k + B). Thus, be's
performance is the sameasthat of a standard seard engine
for queries containing only concrete terms. For variabilized
queries, where we expect B to be large, be is much faster.
be embodies a time-space tradeo . The size of its index is
O(N T) where N is the number of documerts in the index
and T is the number of variable types. In contrast, the size
of the standard inverted index is O(N).

In typical Web applications, we expect N to bein the bil-
lions and T to be smaller than 10. Moreover, we expect the
index size to increasesub-linearly in T becauseelemerts of
ead typeonly occur for a fraction of the terms in the index.
Note that atomic parts of speed such as noun and verb are
mutually exclusive, so tagging terms with any number of



such typescan at most double the index. Finally, semartic
types such as zip code are rare and will only add a small
spaceoverhead.

The be neighbor index shows its strength in the query
time analysis. The only seeksneededare to nd the term
lists of the k concretequery terms. In contrast, the Standard
Implementation rst seeksk times to perform its inverted
index lookup, and then fetches a document from disk for
each of B bindings.*

be doesincur higher storage coststhan the standard meth-
od. Both the standard method's inverted index and the
neighbor index will grow linearly in size with the number
of indexed documents. However, be will also grow with the
number of indexed types; eac additional type increasesthe
spaceto index a single documernt.

3.4 Implementation

The be seard engine draws heavily upon code from the
Lucene and Nutch open source projects. Lucene is a pro-
gram that producesinverted seard indices over documerts.
Nutch is a seard engine (including page database, crawler,
scorer, and other componerts) that usesLucene as its in-
dexer. Like be, Lucene and Nutch are written in Java.

Our type recognizer usesan optimized version of the Brill
tagger [6] to assign part-of-speed tags, and identi es noun
phrasesusing regular expressionsbased on those tags.

4. EXPERIMENT AL RESULTS

This section experimentally evaluates both the bene ts
and costs of the be seard engine. Much of be's sourcecode
comes from the Nutch project, but a separate, unchanged
Nutch instance also serves as a benchmark standard search
engine for our experiments. The \Nutc h" experiments de-
scribed below refer to the Standard Implementation from
Section 3.1 using this traditional Nutch index.

All of our Nutch and be experiments were carried out on a
corpus of 50 million web pagesdownloaded in late August of
2004. We ran all query processingand indexing on a cluster
of 20 dual-Xeon machines, each with two local 140 Gb disks
and 4 Gb of RAM. We used the corpus to compute both a
be index and a regular Nutch index.

Using a local Nutch instance instead of a commercial Web
seard engine allows us to control for network latency, ma-
chine con guration, and the corpus size. We set all con g-
uration valuesto be exactly the same for both Nutch and
be.

Finally, we ran a test of a full- edged information extrac-
tion system that usesbestyle queries, comparing the Stan-
dard Implementation using the Google API versusbe.

4.1 Benet at Query Time

We recorded the query processing time for 150 dier-
ent queries using both be and Nutch. We generated these
queries by taking various patterns (e.g, \X sudch as
hNounPhrasd," \hNounPhrase is a X") and instantiating
eath with a set of classes(e.g. \cities", \countries", and
\Ims"). For eact query, we measured the time necessary
to nd all bindings in the corpus. Both be and Nutch queries

4In fact, there can be multiple bindings per document, so
it is sometimes possibleto use a single seekfor multiple B.
But we assumethat bindings are evenly distributed over the
corpus, so in general the number of seeksgrows with B.
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Figure 3: Pro cessing times for 150 queries, using
the be search engine and the Standard Implemen ta-
tion on Nutc h. Both use the same corpus size and
are hosted locally. While Nutc h pro cessing times
range from 10.7 to 4044.4 seconds, be times range
from only 0.03 to 20.1 seconds. The straigh t line is
the linear trend for all Nutc h extraction times. be's
speedup ranges from a factor of 202 to a factor of
369.

were distributed evenly over all 20 machines in our cluster.
We waited for eat system to return all answersto a query
before submitting the next.

Figure 3 plots the number of times the query phrase ap-
pearsin the corpus versusthe time required for processing
the query. It shows a very large improvemert for be. A sin-
gle query took between 0.3 and 20.1 secondswith be, while
Nutch took between 10.7 and 4044.4 seconds® Processing
time is a function of the number of times the query appears
in the corpus. be's speedup ranges from a factor of 202
to a factor of 369 for the queries in our experiments. The
speedup would be correspondingly greater for queries that
returned additional matches due to a larger index. Thus,
for a bhillion-page index, we would expect speedupsof three
to almost four orders of magnitude.

In the Nutch case,we did not include any time spent in
post-retrieval processingto recognize particular types. Yet
one of the bene ts of be is moving type recognition to index-
ing time. Thus, the measuremerns in Figure 3 understate
the benet of be. The inclusion of type recognition time
would increasethe Nutch query processingtime by an aver-
age of 16.2%, making the be speedup even greater.

In addition to testing Nutch and be with the queries
above, we ran a full- edged information extraction test us-
ing the KnowltAll systemintro duced in [10]. KnowltAll is a
natural \consumer" of be's power becauseit is designedto
be a high throughput extraction system, but it routinely ex-
hausts the 100,000daily queriesallotted to it by the Google
API. We created two versionsof KnowltAll | onethat uses
the Standard Implementation on the Google API, and one
that usesbe.

SAll our measuremerts are in secondsof real time.



Num. Extractions Google | be
10,000 | 5,976 secs| 95 secs(63x speedup)
50,000 | 29,880secs| 95 secs(314x speedup)
150,000 | 89,641secs| N/A

Table 2: Time needed to nd Kno witAll fact ex-
tractions (a mixture of city, actor, and Im titles)
using the Standard Implemen tation on the Google
API versus be. The be column is constant at 95 sec-
onds of real time because be always returns every
single binding that matc hes its query .
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Figure 4: Comparison of storage requiremen ts for
a 50M page index. The Nutc h index is a standard
inverted index with document and position infor-
mation. The be index includes types hermi for ev-
ery word in the corpus, and hNounPhr asei whenev er
such structures are present in the text. The tradi-
tional index plus uncompressed text is presented as
a point of reference.

be's impact on KnowltAll's speed is shovn in Table 2.
We seethat when relying on Google, KnowltAll's process-
ing time is dominated by the large number of queries re-
quired, and the \courtesy waits" in between queries. Fur-
thermore, KnowltAll's processingtime increases(roughly)
linearly with the number of extractions it nds. In contrast,
when KnowltAll usesbe it is from 63to 314times faster, and
that speedup increasesas the number of extractions grows.
be was not able to return 150,000 extractions due to the
limited be index sizein our experiments (50 million pages).
However, asthe analysis in Section 1 shows, we expect that
the speedupwill increaselinearly with larger be index sizes.

4.2 Costs

The be engine trades massive speedup at query time for
an increasein the time and spacecostsincurred at indexing
time. This section measuresthese costs, and argues that
they are manageable.

Figure 4 shows that roughly 80 Gb are necessaryto hold
the Nutch index for the 50 million Web pagesin our corpus,
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Figure 5: Time necessary to compute the Nutc h in-
dex vs. time to compute the beindex. In both cases,
we distributed the index computation over the same
cluster of 20 mac hines.

and another 180 Gb are necessaryto store the compressed
Nutch corpus. Both are necessaryfor Nutch, becausewe
needto nd the documents relevant to a query, and then
examine other non-query text from those documents. Stor-
ing the corpus locally obviates re-downloading pages. Thus,
the total storage necessaryto run Nutch is 260 Gb. The
space necessaryto hold the corresponding be index is 847
Gb | roughly a factor of three more. be doesnot require
a copy of the corpus becauseany document text that might
be useful as a binding has already been incorporated into
the neighbor index. However, the compressedcorpus can
still be useful for traditional seard tasks, such as generat-
ing query-sensitive document summaries, sowe include it in
the be column in Figure 4.

The measuremeris reported in Figure 4 are for the types
htermi and hNounPhrasd. Adding two additional types
would, in the worst case, double the amount of space re-
quired by be. In fact, the expected increase in space is
smaller for two reasons. First, a substantial fraction of the
spacecost for be is the conventional inverted index compo-
nent, which is xed as we add new types. Second, a hew
type such as hverbi or hadjectivei would causebe to store
smaller objects than hNoun Phrasd and rarer objects than
htermi. Thus, we believe the addition of these typeswould
result in lessthan a 30% increasein storage requirements in
practice.

For comparison's sake, we also presert the uncompressed
corpus size. The predicted size of a be index depends on
many factors, such as how many types are indexed, how
frequently ead type appears, and the e ectiv enessof the
dictionary-lo okup compression scheme. However, it should
scaleroughly with the amount of corpus text. (e.g., our ex-
ample includes the type term, which adds at least one entry
to the be index for every term in the corpus.) In essence,
we think of the neighbor index as a method for rearranging
corpus text sothat it is amenableto the extraction of bind-



Figure 6: Most-frequen tly-seen extractions

ings for query variables. Thus, it is not surprising that its
sizeis roughly that of the corpus.

Figure 5 showsthe time neededto compute the index. The
time is broken down into two componerts: the time to run
type recognizers, and the time to build the index. Again,
we included the types htermi and hNounPhrasd. Recog-
nizer time includes the time to run Brill's tagger and ched
for regular expressionsover those tags. Dierent type rec-
ognizers may take varying amounts of time to execute, but
since each recognizer makes a single pass over the corpus,
total recognizer overhead at index time should be linear in
the number of documernts.

Overall, our measuremerns provide evidence for the fol-
lowing conclusion: if designing a seard engine to support
information extraction, be o ers the potential for substan-
tial speedup at query time in exchange for a modest over-
head in space and index-construction time. Moreover, as
argued in Section 5, we believe that this conclusion holds
for a broad set of NLP applications.

5. APPLICATIONS

The previous section shoved how an information extrac-
tion systemsuch asKnowltAll can leveragebe. This section
sketches additional applications to illustrate the broad ap-
plicabilit y of be's capabilities.

5.1 Interactive Information Extraction

We have con gured abe application to support interactiv e
information extraction in responseto simple user queries.
For example, in responseto the user query \insects", the
application returns the results shown in Figure 6. The ap-
plication generatesthis list by using the query term to in-
stantiate a set of generic extraction phrase queries such as
\insects such as iNounPhrasd". In e ect, the application
is doing a kind of query expansion to enable naive usersto

for query \insects".
number of times it was retriev ed over several BE extraction

The score for each extraction is the the

phrases.

extract information. In an eort to nd high-quality ex-
tractions, we sort the list by the hit count for each binding,
summed over all the queries.

This kind of querying is not limited to single terms. For
example, the binary-relation query \cities, capital" vyields
the extractions shown in Figure 7. The application generates
the list asfollows: rst, \cities" is usedto generatea compre-
hensive list of cities, as we did with \insects". Second,the
query term \capital" is usedto instantiate a set of generic
extraction patterns, e.g., \hNounPhraseé is the capital of
hNounPhrasa"”. Third, be is queried with the instantiated
patterns. Finally, the application receivesthe set of binding
pairs, removing any pairs where the the rst hNounPhrase
is not a highly-scored member of the \cities" list. We then
choose the most-frequently-seen \capital” binding for ead
city, and sort the overall list by the number of times that
binding was found.

This kind of interactiv e extraction is similar to Web-based
Question-answering systems such as Mulder [14] and Ask-
MSR [7]. The key dierence is the much larger volume of
information that be returns in responseto simple keyword
queries. Large-scaleinformation extraction system already
exist on the Web (e.g., Froogle) but they are domain speci c,
and the extraction occurs o -line which limits the set of
queries that such systems can support.

The key di erence betweenthis be application and domain-
independert information extraction systemssudc as Know-
ItAll is that be enablesextraction at interactiv e speeds|
the averagetime to expand and respond to a user query is
between 1 and 45 seconds. With additional optimization,
we believe we can reduce that time to 5 secondsor less.

5.2 PMI-IR

Turney's PMI-IR scores[21] are widely usedfor such tasks
as nding words' semantic orientation, synonym- nding, and



Figure 7: Most-frequen tly-seen extractions

picking the most-frequen tly-seen binding for its \capital"
The query does not require the second extracted object to be a

of times the capital relation was extracted.

country . Hence, the Chinese provincial capital \Nanjing"

antonym- nding. KnowltAll alsousesthem for assessinghe
quality of extracted information [10].

It is often useful to compute a very large number of PMI-
IR scores. For example, we may want to assessa PMI-IR
scorefor every possible extraction from a given corpus.

To compute a PMI-IR score for the \cities such as" ex-
traction phrase, we needto solve

numH its (\ cities such as X %9
numH its (\ X 99

for each of the n values for X. For a single extraction
phrase, this will require 2n hit count queries from a tradi-
tional searcd engine. Yet, with a small amount of additional
work, be can compute the same values with just a single
query.

We can compute the numerators for every X in the cor-
pus by issuing a be query, then counting how many times
ead unique value is returned. Since be has pre-de ned the
string types of interest at index-construction time, it can
also compute a denominator list for every type. This is sim-
ply a list of every unique typed string (say, hlNoun Phrase)
found in the neighbor index, followed by the number of times
the string appears. The denominator list may be large,
and like the neighbor index grows with both the number
of corpus documents and the number of types. However, it
can never be larger than a fraction of the neighborhood in-
dex itself, which includes left- and right-hand copiesof each
typed string. Also, the denominator list is likely to be more
amenable to compressionmethods such as front-coding.

During PMI-IR query processing,the be engine takesits
standard results to compile an alphanumerically-sorted list
of all bindings, along with a hit count for eadh. It then

for the query \cities,

capital".
slot. The score for each extraction

We show each city only once,
is the number

can appear in result 3.

intersects this list with the denominator list, generating a
new PMI-IR scoreevery time a string can be found in both
lists. This can execute as quickly as a single linear pass
through the denominator list.

Most of the work in constructing the denominator list is a
side-e ect of constructing the neighborhood index. When-
ever a type recognizer nds a string, we add it to a special
denominator list le aswell asthe neighborhood index. Af-
ter the neighborhood index is complete, the denominator
list le is sorted alphanumerically. We then count adjacent
identical items, merging them and adding the count value.

6. FUTURE WORK

Our plans for be cernter around making it more suitable
for an interactiv e-speed information extraction system. We
plan to study extraction ranking schemesin more depth,
seewhether we can use extractions to improve a traditional
seard engine,and nally to improve query execution speed.

Ranking a simple list of documernts is a well-studied prob-
lem for seard engines. But ranking the results of an extrac-
tion query is a new and unexamined problem. Consider the
list of city and state pairs from Figure 7. Competing cri-
teria include con dence in the extraction, con dence in the
extraction's source web pages, and content-speci ¢ sorting
demands (e.g., by population or geograply).

In addition, we might usethe be system to improve stan-
dard seard engine result ranking. Bindings that are not
requestedby the query but are presert in the index can pro-
vide cluesasto adocumernt's content. For example, bindings
of type NounPhrase might be useful for clustering search
results into subsets.

Sincewe expect our systemto perform more phrase queries



than the average seardh engine, we will want to optimize
these queries whenewer possible. We might index pairs of
seard terms instead of single terms, in an e ort to cut down
the average list length. Another possibility is some use of
the nextword index, which is described in further detail in
Section 7 [5].

7. RELATED WORK

There has been substantial work in query languages for
structured data, but noneare wholly appropriate for a search
engine. WebSQL and Squeal are database systemsthat cre-
ate special schema for querying the set of web objects [17,
20]. Unlik e traditional databases, both consider the web
as a fast-changing object that cannot be stored entirely lo-
cally (possibly requiring the database system to go to the
web to service a query). Like traditional databases, they
can processarbitrary SQL-like queries that are de ned us-
ing their schema. Such queries are not limited to just the
text, sothey are generally more expressive than be's queries.
(Though since text is not treated in a special way, there is
certainly no idea of a text type.) However, even if these
database-driven systemso er generaltext indexing support,
they will still suer from the same poor performance as a
general-purposeseard engine.

The LAPIS system contains a sophisticated algebra for
de ning text regionsin a document [18]. Usersde ne text
regions according to their physical relationship to other to-
kens or regions in the text stream. In addition, there are
named \patterns" which function very loosely like our
arbitrary text types. (Though be text typescan be clas-
sied by arbitrary code.) The LAPIS and be query lan-
guagesare not directly comparable, but there is a wide set
of text-adjacency queriesthat LAPIS can process,while be
cannot.

While LAPIS' query languageis powerful, its runtime per-
formance is likely to be quite poor at scale. The LAPIS
system was designed for and tested on small sets of docu-
ments, on the scale of a few hundred. It has no inverted
index structure, and so must investigate every document in
order to processa query. The query performanceis therefore
likely to be even worse than the Standard Implementation,
which e cien tly nds the relevant document set.

Agrawal and Srikant conducted an interesting study of
how to make documents with numerical data more amenable
to seard engine-style queries [2]. The central idea is that
a seard query that contains a numerical quantity should
elicit documents containing quantities that are numerically
similar (but textually distant). The system requires some
preprocessing of the corpus beyond the standard inverted
index, along with a few extensionsto the query algorithm.
However, the task is still one of basicdocument nding. Un-
like be, the enginedoesnot return text regionsfrom the doc-
uments, so executing be-style querieswould involve fetching
ead individual document's text.

The Linguist's Seard Engine (http://Ise.umiacs.umd.edu/)
from Resnik is a tool for searding large corpusesof parse
trees [1]. Like be, it computes an index in advanceto allow
for fast query processing. Unfortunately , there is not yet
much published detail on its precise query syntax or index-
ing mechanism.

The most related work is in the area of index design. Cho
and Rajagopalan build a multigram index over a corpus to
support fast regular expression matching [9]. The multi-

gram index is an inverted index that includes postings for
certain non-English character sequences.The query proces-
sor nds the relevant sequencesfrom a regular expression
query, and usesthe inverted index to nd documents where
they appear. The resulting, much smaller, document set is
then examined with a full-p ower regular expressionparser.

Regular expressionscan expressa humber of strings that
the be language cannot, but be typescan be generated from
type recognizersthat can be far more complex than regular
expressions. For the querieswe expect to execute, the multi-
gram index seemslikely to do well in nding just the set of
relevant documents. However, with a standard inverted in-
dex, the original documents again still needto be fetched,
so performance will be similar to that of the Standard Im-
plementation.

The GuruQA Systemis a seard enginefor answering nat-
ural language questions [19]. GuruQA rst annotates its
corpus with extra \words" called QA-T okens. Each QA-
Token indicates the location of a phrase that might be use-
ful for answering a certain kind of question. For example,
QA-T okensmight indicate placesin the corpus where years,
times, person names, etc., appear. GuruQA then computes
an inverted index over this annotated corpus, running over
the original text aswell asthe set of QA-T okens.

When processing a user query, GuruQA examines the
question to nd what kind of answer the user is probably
looking for. By seardiing for a QA-T oken of a certain type,
it can then quickly nd all occurrencesof, say, dates.

The GuruQA \query language" is just natural language,
soit is not directly comparable to that of be. And unlikethe
neighbor index when treating linguistic types,the GuruQA
index doesnot retain the actual text value for QA-T okens.
GuruQA's query processormust still fetch the original texts,
and incur the performance hit that entails. (Of course, Gu-
ruQA is not designedto nd all relevant documernts, like be
does.)

A series of articles describes the nextword index [5, 23,
4], a structure designedto speed up phrase queries and to
enable someamount of \phrase browsing." It is an inverted
index where eact term list contains a list of the successor
words found in the corpus. Each successomword is followed
by position information.

However, the nextword index lacks both expressive power
and performance when compared to be's neighbor index.
Given a query phrase, a nextword index can nd just the
right-hand single-word string. In contrast, a neighbor in-
dex can nd strings of multiple words at positions to the
left, right, and within the query phrase boundaries; further,
those strings can be typed. A nextword index processes
multi-w ord query phrasesin two serialized stages of index
lookups; be's neighbor index can processmulti-w ord queries
without any such serialization, and is thus fully paralleliz-
able. Assuming all index lookups run at equal speed, query
time for be would thus be a factor two smaller on multi-
word queries as compared with an engine that utilizes the
nextword index.

8. CONCLUSIONS

The Bindings Engine (be) consists of a generalized query
language (containing typed variables and functions), the
neighbor index, and an e cien t query processingalgorithm.
Utilizing be, we reported on a set of experiments that pro-
vide evidence for the following conclusions. First, be yields



two to three orders of magnitude speedup when support-
ing information extraction. Second, this speedup comesat
the cost of only a modest increase in space and in index-
construction time. Moreover, Section 3.3 analyzed how be's

performance scaleswith ead of the relevant parameters,
and showed that it hasthe potential for enormous speedups

on billion-page indices with only a constant factor spacein-
creasefor a xed set of variable types.

Finally, be can support a broad range of novel language-
processingapplications. As one example, we have sketched

a be application that extracts large amounts of information

from the Web in responseto simple user queries, and does

so at interactiv e speeds.
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