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ABSTRACT

As the Web has evolved into a data-rich repository, with tha-s
dard “page view,” current search engines are increasingige-
quate. While we often search for various data “entitiestj(phone
number, paper PDF, date), today’s engines only take useittijr
to pages. Therefore, we propose the concepntity searcha sig-
nificant departure from traditional document retrievalw&eods our
goal of supporting entity search, in tNéISDM project at UIUC
we build and evaluate our prototype search engine over a 2B W
corpus. Our demonstration shows the feasibility and prerofsa
large-scale system architecture to support entity search.

Categories and Subject Descriptors

H.3.3 [NFORMATION STORAGE AND RETRIEVAL ]: In-
formation Search and Retrieval; H.3/BNFORMATION STOR-
AGE AND RETRIEVAL ]: Online Information Services

General Terms
Design, Experimentation, Measurement, Performance
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1. INTRODUCTION

The immense scale and wide spread has rendered the Web as amput:

ultimate information repository— as not only the sourcegmhwe
find but also the destinations where wwablish our information.
These dual forces have enriched the Web with all kindgaif,
much beyond the conventionphge viewof the Web as a corpus

of HTML pages, or “documents.” Consequently, the Web is now

a rich collection ofdata-rich pages, on the “surface Web” of static

URLSs (e.g, personal or company homepages) as well as the “dee

Web” of database-backed conteresy, flights from aa.com).
While data is proliferating, however, we are currently nalezo
effectively access such datg.finding the customer service num-
ber of amazon) using traditional document retrieval teghes. Of-
ten times, we have to think hard in formulating the right keyss

lWISDMProject (Web Indexing and Search for Dynamic Mining):
http://wisdm.cs.uiuc.edu
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for hitting promising documents. Furthermore, we have fo si
through the returned documents one by one to identifyddia

we are looking for. The lack of an effective search mecharugen
data or entities on the Web motivates us to study entity feamur
WISDMproject at UIUC. We proposed the concept of entity search
in [3]. We now briefly describe the data model and the abstract
problem of entity search.

Data Model: Entity View.

In the standard page view, the Web is viewed as a set of doc-
uments (or pagesp = {di,ds,...,dn}. In contrast, our data
model takes amntity view We consider the Web as primarily a
repository of entities:E = {F1, E»,. .., E,}, where eaclF; is
an entity type €.g.phone, email, etc). Further, each entity tyige
is a set ofentity instanceshat are extracted from the corpus.
literal values of entity type?; that occur in documents iv. We
usee; to denote an entity instance of entity typg. Take phone
entity as an example, by recognizing phone-number pat{emys
in a regular expression of digits) from, we may extractiphone =
{“800-201-7575", “244-2919", “(217) 344-9788",..} where the
# sigh is used to distinguish entity types from keywords.

The Entity Search Problem:

Given:  An entity collectionE = {E1, E,...,En}
over a document collectioP = {d1,dz,...,dn}
Query: 8- a(F1, B2y ..., Em, K1, Ka,...,K))

Output: ¢ = {e1,...,em, K1,...,K;) : sorted byscore(t),

thetuple scoreof ¢ with respect tg3 anda.

e As input an entity search query allows users to specify entity
types, E1, ..., En, in addition to keywordsk, ..., K;. Op-
tionally, in a complete form, a query can also specifgnatching

ppatterna to restrict when an occurrence of entity instances and

keywords is considered a matching tuple, arsd@ring measurg,
to specify how all the matching tuples are ranked.
e As output each matching result istaple t = (e1,...,em,
Ki,..., K;),i.e.aninstantiation of entity instances with keywords.
Note that while the keywords are always the same for all tesul
ples, the specific entity instances in the tuple may differ.
e Theobjectiveis to find, from the space df1 x ... x E,, x K1 X

. x K, the matching tuples in ranked order by how well they
match the queryi.e. how well entity instances and the specified
keywords associate. Tuples are matched by patieand ranked
by measure3, which produces the tuple scaseore(t). O

With the problem of entity search introduced, we now discuss
the important characteristics of entity search.

Requirements of Entity Search:
Entity search has to consider thacertainnature of entity ex-
traction, the main technique that enables our entity vietheiVeb.



Entity search has to assess tlmtextuakelationship between enti-
ties and keywords,e. how they appear together in documents. En-
tity search should leverage the redundance of the Web iryladile

to aggregate informatioholistically from various sources. Entity
search has to rely on testiragsociationbetween entity instances
and keywords for effective scoring. Entity search shoutw dhke
into account th@opularity of documentas supporting evidence of
scoring the matched tuples in them.

While a user is free to specify his own ranking meas@res
system default we take into consideration all the importduatrac-
teristics of entity search in designing our ranking modek Néw
briefly describe our conceptual ranking model. The concsgte
tem architecture, which contains the ranking model, in sujapg
entity search will be presented in Section 2.

Ranking Model of Entity Search:

The ranking model of entity search consists of two primaepst
Locally, tuples are instantiated within documents with their local
scores examined by considering the uncertainly of extdaetsi-
ties as well as the contextual relationship between entittances
and keywords in the matching document. Tlggobally, the local
scores of an entity tuple should be aggregated across dotsime
In this step, global statistics, such as the popularity audeents,
the frequency of individual keywords and entity instandesusd
be taken into consideration. Tuples are finally ranked alingrto
the aggregation score derived through these two steps.

2. SYSTEM ARCHITECTURE

In this section, we discuss the architecture of an entitycbea
system, whose components could be divided into two categori
offline processing and online processing.(entity ranking). The
core components are shown in Figure 1.
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Figure 1: System Architecture

2.1 Offline Processing

Entity extraction and indexing are the two main offline psse
ing modules for entity search, as shown in the dashed boxgn Fi
ure 1.

Entity Extraction: Entity extraction, which has been extensively
studied, aims to extract entity instances from documentsar be
either straightforwarde.g.using regular expression for email ad-
dress extraction, or very sophisticatedg. using statistical classi-
fiers for street address identification. As entity extrati®inher-
ently imperfect, which is unavoidable for complicated agtion

tasks, our entity search must essentially deal with unicgytaBy
this offline extraction, we will recognize, for each entitystance
e;, all its occurrencedn the corpus. To facilitate query matching,
we will record the “features” of each occurreneg- These local
occurrence features will facilitate our local scoring taqtify the
strength of local matchings.

e Positione;.pos: the document id and word offset of this instance
occurrencee.g.instance e; may occur atds, 23).

e Entity ID e;.id: the unique id that represents the string value of
an entity instances.g.instance e1 with 1D 123.

e Confidencee;.conf: the estimated probability that shows how
likely this entity instance occurrence is regarded as ataine
of entity type F;, e.9.instance e; with extraction confidence
0.80.

An important aspect in entity extraction is entity disamiztion,
for instance, figuring out that two phone numbers “213-45d5d
“805-213-4545" actually refer to the same phone number.itgnt
disambiguation is beyond the scope of this study. We betiagas
an orthogonal issue to the task of entity search. Howeugimgeon
large scale document analysis where much redundancy ewists
can afford not performing sophisticated entity disambiiguna For
example, the phone number of “805-213-4545" appears fretyue
on the Web and could provide enough evidence for ranking.

Indexing: To support entity as a first-class concept in search, we
index entities in the same way as indexing keywords.

To index the extracted entity instances, the indexer baitds-
verted index of entities, in addition to the traditional Weyd in-
verted index. Given an entity typ8;, theentity inverted indewvill
return a list containing all the information regarding theracted
instances off;. Specifically, theentity inverted indexecords for
each occurrence of entity instaneg the positione;.pos of the
extraction in the documents, the entity instanceeldd, and the
probability of extraction accuracy;.conf, e.g.an occurrence of
phone instance “805-213-4545" a( 23, 123, 0.8). Such infor-
mation is stored in an ordered list according to the docurient
similar to a keyword inverted index. All the occurrences ef/k
words and entity types are recorded in their respectiveriesden-
dices. Therefore, given a query consisting of keywords anitye
types, our system only need to load and process the investsd |
for each keyword and each entity type, respectively.

In addition to entity extraction and indexing, there arecotiasks
that need to done offline before online queries are execkt@tex-
ample, the popularity score of each document should be ctatpu
offline. The individual frequency of keywords and entitytarsces
in a corpus should also be computed in an offline fashion.

2.2 Online Processing

In this subsection, we discuss the two main online procgssin
modules corresponding to the local scoring and global sgasf
our ranking model, as shown in the solid box in Figure 1.

Local Query Processing:

First, we use a pattern matcher to instantiate tuples byhirajc
patterna(K, ..., K, E1, ..., E,). The matcher will retrieve
the inverted lists of all the entity types; and keywordsK;, and
then perform one pass of “sort-merge join” to match tuplelatT
is, the matcher will iterate through all the lists in parklior every
documentd in the intersection, the matcher will check the actual
positions of everyE; instancee; and keywordsk;, to determine
whether patterny is satisfied. If it is, a tuple is instantiated and
its local score is calculated according to the extractianfidence
of its entity instances and the contextual relationshipveen its



entity instances and keywords (more concretely their jfmostin
the document). Then the matched tuple, with its local sdssent
to the global query processing module for aggregation.

In terms of computation, in spirit, it is the same as what seed
to be done in traditional document retrieval. The operatfsart-
merge join”, used in answering almost all the document eedti
queries, is well known to be easy to compute in a very fast mann
due to its linear computational nature.

This local query processing module operates on a document ba
sis, and therefore could be fully parallelized by partitianthe
whole document collection into sub-collections. This qupro-
cessing feature enables supporting entity search in kogke, by
utilizing the power of disturbed computing.

Global Query Processing:

The global query processing module, upon getting a usetiyyen
search query, sends the query to distributed local quergegs
ing nodes. It then waits for the local processing nodes tdywre
matched tuples with their local scores. After receivingtiadl tu-
ples with their local scores, it will perform global aggréga, by
considering factors such as the popularity of pages, tripiéecy
of individual keywords and entity instances, etc in the aggtion
process. The goal is to derive a final score for each distim¢ti-
ple that truly captures the association between entityimcss and
keywords in the tuple. Finally the tuples are ordered byrthiebal
score and output to the user. For concise presentation gespo
only entity instances of each tuple need to be shown, as the ke
words for every tuple are the same.

Standard network protocol could be used for the commuricati
between the global processing unit and the local processiitg.

It is worth noticing that almost all the expensive computasi, the
10 intensive ones that access indices, are done locally.gldiml
processing workload is light, given all the information eadily
available and simple aggregation could be performed veigkiyu

3. DEMONSTRATION

Toward our goal of supporting indexing and search overiestit
on the Web, we have built our prototype system for entityctealt
is implemented in C++ on Red Hat Linux with gcc 3.2.2. More
specifically, we built our entity search system by morphihg t
Lemur Toolkit (version 2.2), an information retrieval engi[1].
We implemented our own local query processing model andadjlob
query processing module under this Lemur framework.

To verify our design of the system architecture for suppaorti
entity search on large-scale, we decide to use the Web, tineats
information source, as our corpus. Our corpus is directhgioled
from the Stanford WebBase Projéatollected as a result of general
crawl in Aug, 2006. The total corpus size (uncompressedpisral
2TB, containing 48974 websites and 93 million pages.

In order to process such large-scale data set, we ran oudinde
and query processing modules on a cluster of 34 nodes, edch wi
Celeron 2.80GHz CPU, 1 GB memory and 160 GB disk. We evenly
distribute the whole corpus across these nodes, which nezais
node is in charge of around 60GB data.

On this corpus, we tested two general entity types: phone and
email, extracted based on a set of regular expression rytesnd
8.8 million distinctive phone entity instances and arourfl ril-
lion distinctive email entity instances are extracted. \Wease to
use the UIMA [2] framework as our underlying entity extracti
layer, as it allows flexible plugin of various extraction qooments.

The extracted entities are indexed using the modified indafxe
the Lemur Toolkit [1]. More specifically, the entity indexescords,

2http://www-diglib.stanford.edu/testbed/doc2/WebBase/

Query Telephone Rank
Citibank Customer Service¢ 800-967-2400 1
New York DMV 800-342-5368 2
Amazon Customer Service 800-201-7575 1
Utah IRS 801-297-2200 1
Query Email Rank
Bill Gates bgates@microsoft.com | 4
Oprah Winfrey oprah@aol.com 2
Elvis Presley elvis@icomm.com 5
Arnold Schwarzenegger | governor@governor.ca.gov

Table 1: Telephone Number and Email Address Queries
for each occurrences of an entity instance, its entity ID extdac-
tion confidence, in addition to its position information.

The results of example queriesg.finding the customer service
number of Amazon, are shown in Table 1, where the first column
lists keywords used in the query, the second column listedhect
answer for each query (manually verified) and the third caollisis
the rank of the correct answer in the result returned by aking
model. As we can see, our entity search system is highlyteféec
returning right answers within top 5 places in most cases.

Our entity search system is both space efficient, in termbeof t
overhead created by indexing entities in addition to keglspand
time efficient, in terms of query processing time. First df al-
dexing email and phone entities only incurs less than 0.18tabv
space overhead in the indices. The size of the inverted inflex
email and phone is comparable to the size of a stopword’stewe
index. This overhead is proportional to the number of ertipes
supported. However, we believe the space overhead willirema
insignificant, since useful “data” is only a small propontiof the
corpus where syntactic “sugar” abounds.

Second, The highly parallel nature of query processing lenab
high efficiency. Most queries are returned within secondbe T
query response time is inversely proportional to the nurobelus-
ter nodes. Given more cluster nodes, we can further divideon-
pus into smaller chucks and therefore get higher query effasi.

In our demonstration, we will show a few example scenarios of
using the system. We now use a concrete example to illugtrate
interaction with our system. First, users fill in their quémyour
query interface, by specifying keywords and the entity syfreey
are looking for, plus optional pattern information. Fortarsce, the
query could be “amazon customer servifighone” with ordered
window pattern. Our system will then perform the rankingoalg
rithm for instantiation and ranking of results. Finally,anked list
of tuples (in this example, a list of phone numbers) are netdr
to the user. Users can directly see what he is asking for ftam t
returned tuples (each with its supporting URLS), and mozebas
the freedom to check the pages using the supporting URLscbf ea
tuple (the documents where the tuple is identified) for fertveri-
fication. We plan to generate snippet using the surroundingext
of a tuple for each of its supporting URLS to alleviate or awvibie
need for checking supporting documents in the future.
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