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#Tuples Schema and Source 

31,281 IMDB (movieName, year) 
http://us.imdb.com 

37,572 VideoFlicks (movieNarne,year genre) 
http://www.video?icks.com 

232 Review (movie Name, newspaper, review) 
http://www.cinemapghpa.us/movie/reviews 

78 MovieLink (movieName, cinemaName, address, phone, 
zipcode) 
http://wwwmovielinkcom 

“r304 

1,163 HooversWeb (companyName, industly, Website) 
http:/www.hoovers.com 

976 Iontech (eompanyName, website, tickertape, industry) 
httpzllwwwjontechcom 

990 Animal 1(commonName, scienti?cName) 
http://endeavor.des.ucdavis.edu/nps 

4,719 Animal 2 (commonName, scienti?cName, Range) 
http://www.nceet.snreumichedu/EndSpp/ES.lists.html 

FIG 3 
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SYSTEM AND METHOD FOR ACCESSING 
HETEROGENEOUS DATABASES 

CROSS-REFERENCES TO RELATED 
APPLICATIONS 

[0001] This application claims the bene?t of US. Provi 
sional Application No. 60/039,576 ?led Feb. 25, 1997. 

FIELD OF THE INVENTION 

[0002] This invention relates to accessing databases, and 
particularly to accessing heterogeneous relational databases. 

BACKGROUND OF THE INVENTION 

[0003] Databases are the principal Way in Which informa 
tion is stored. The most commonly used type of database is 
a relational database, in Which information is stored in tables 
called relations. Relational databases are described inA First 
Course on Database Systems by Ullman and Widom, Pren 
tice Hall, 1997, and inAn Introduction to Database Systems, 
by C. J. Date, Addison Wesley, 1995. 

[0004] Each entry in a relation is typically a character 
string or a number. Generally relations are thought of as sets 
of tuples, a tuple corresponding to a single roW in the table. 
The columns of a relation are called ?elds. 

[0005] Commonly supported operations on relations 
include selection and join. Selection is the extraction of 
tuples that meet certain conditions. TWo relations are joined 
on ?elds F1 and F2 by ?rst taking their Cartesian product 
(the Cartesian product of tWo relations A and B is the set of 
all tuples a1, . . . , am, b1, . . . , bn, Where a1, . . . , am is a 

tuple from A, and b1, . . . , bn is a tuple from B) and then 
selecting all tuples such that F1=F2. This leads to a relation 
With tWo equivalent ?elds, so usually one of these is 
discarded. 

[0006] Joining relations is the principal means, of aggre 
gating information that is spread across several relations. 
For example, FIG. 1 shoWs tWo sample relations Q 101 and 
R 102, and the result of joining Q and R (the “Join” of Q and 
R) 103 on the ?elds named MovieID (the columns indicated 
by 104.) For reasons of ef?ciency, relations are usually 
joined on special ?elds that have been designated as keys, 
and database management systems are implemented so as to 
ef?ciently perform joins on ?elds that are keys. 

[0007] In most databases, each tuple corresponds to an 
assertion about the World. For instance, the tuple<12:30, 11, 
“Queen of Outer Space (ZsaZsa Gabor)”, 137>(the roW 
indicated by 105) in the relation Q 101 of FIG. 1 corre 
sponds to the assertion “the movie named ‘Queen of Outer 
Space’, starring Zsa Zsa Gabor, Will be shoWn at 12:30 on 
channel 11.” 

[0008] KnoWn systems can represent information that is 
uncertain in a database. One knoWn method associates every 
tuple in the database With a real number indicating the 
probability that the corresponding assertion about the World 
is true. For instance, the tuple described above might be 
associated With the probability 0.9 if the preceding program 
Was a major sporting event, such as the World Series. The 
uncertainty represented in this probability includes the pos 
sibility, for example, that the World Series program may 
extend beyond its designated time slot. Extensions to the 
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database operations of join and selection useful for relations 
With uncertain information are also knoWn. One method for 
representing uncertain information in a database is described 
in Probabilistic Datalog—a Logic for Powerful Retrieval 
Methods” by Norbert Fuhr, in Proceedings of the 1995 ACM 
SIGIR Conference on Research in Information Retrieval, 
pages 282-290, NeW York, 1995. Other methods are sur 
veyed in Uncertainty Management in Information Systems, 
edited by Motro and Smelts, KluWer Academic Publishers, 
1997. Database systems that have been extended in this Way 
are called probabilistic databases. 

[0009] Another Way of storing information is With a text 
database. Here information is stored as a collection of 
documents, also knoWn as a corpus. Each document is 
simply a textual document, typically in English or some 
other human language. One standard method for represent 
ing text in such a database so that it can be easily accessed 
by a computer is to represent each document as a so-called 
document vector. A document vector representation of a 
document is a vector With one component for each term 
appearing in the corpus. A term is typically a single Word, a 
pre?x of a Word, or a phrase containing a small number of 
Words or pre?xes. The value of the component correspond 
ing to a term is Zero if that term does not appear in the 
document, and non-Zero otherWise. 

[0010] Generally the non-Zero values are chosen so that 
Words that are likely to be important have larger Weights. For 
instance, Word that occur many times is a document, or 
Words that are rare in the corpus, have large Weights. A 
similarity function can then be de?ned for document vec 
tors, such that documents With the similar term Weights have 
high similarities, and documents With different term Weights 
have loW similarity. Such a similarity function is called a 
term-based similarity metric. 

[0011] An operation commonly supported by such text 
databases is called ranked retrieval. The user enters a query, 
Which is a textual description of the documents he or she 
desires to be retrieved. This query is then converted into a 
document vector. The database system then presents to the 
user a list of documents in the database, ordered (for 
example) by decreasing similarity to the document vector 
that corresponds to the query. 

[0012] As an example, the RevieW column (the column 
indicated by 107) of relation R 102 in FIG. 1 might be 
instead stored in a text database. The ansWer to the user 
query “embarrassingly bad science ?ction” might be a list 
containing the revieW of “Queen of Outer Space” as its ?rst 
element, and the revieW of “Space Balls” as its second 
element. 

[0013] In general, the user Will only be interested in seeing 
a small number of the documents that are highly similar. 
Techniques are knoWn for ef?ciently generating a reduced 
list of documents, say of siZe K, that contains all or most of 
the K documents that are most similar to the query vector, 
Without generating as an intermediate result a list of all 
documents that have non-Zero similarity to the query. Such 
techniques are described in Chapters 8 and 9 of Automatic 
Text Processing, edited by Gerard Salton, Addison Wesley, 
Reading, Massachusetts, 1989, and in Query Evaluation: 
Strategies and Optimizations by HoWard Turtle and James 
Flood in Information Processing and Management, 3 
1(6):831-850, November 1995. 
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[0014] In some relational database management systems 
(RDBMS) relations are stored in a distributed fashion, i.e., 
different relations are stored on different computers. One 

issue Which arises in distributed databases pertains to joining 
relations stored at different sites. In order for this join to be 
performed, it is necessary for the tWo relations to use 
comparable keys. For instance, consider tWo relations M and 
E, Where each tuple in M encodes a single person’s medical 
history, and each tuple in E encodes data pertaining to a 
single employee of some large company. Joining these 
relations is feasible if M and E both use social security 
numbers as keys. HoWever, if E uses some entirely different 
identi?er (say an employee number), then the join cannot be 
carried out, and there is no knoWn Way of aligning the tuples 
in E With those in M. To take another example, the relations 
Q 101 and R 102 of FIG. 1 could not be joined unless they 
both contained a similar ?eld, such as the MovieID ?eld 

(column 104.) 
[0015] In practice, the presence of incomparable key ?elds 
is often a problem in merging relations that are maintained 
by different organiZations. A collection of relations that are 
maintained separately are called heterogeneous,. The prob 
lem of providing access to a collection of heterogeneous 
relations is called data integration. The process of ?nding 
pairs of keys that are likely to be equivalent key matching is 
called key matching. 

[0016] Techniques are knoWn for coping With some sorts 
of key mismatches that arise in accessing heterogeneous 
databases. One technique is to normaliZe the keys. For 
instance, in the relations Q 101 and R 102 in FIG. 1, suppose 
that numeric MovieID’s are not available, and it is desirable 
to join Q 101 and R 102 on strings that contain the name of 
the movie, speci?cally, the MovieName ?eld (the column 
indicated by 106) of Q 101, and the underlined section of the 
RevieW ?eld (the column indicated by 107) of R 102. One 
might normaliZe these strings by removing all parenthesiZed 
text (Which contains actor’s names in Q 101, and a rating in 
R 102). 
[0017] A data integration system based on normaliZation 
of keys is described in Querying Heterogeneous Information 
Sources Using Source Descriptions, by Alon Y. Levy, Anand 
Rajaraman, and Joann J. Ordille, in {Proceedings of the 
22nd International Conference on Very Large Databases 
(VLDB-96)}, Bombay, India, September 1996. 
[0018] Another knoWn technique for handling key mis 
matches is to use an equality predicate, a function Which, 
When called With arguments Key1 and Key2, indicates if 
Key1 and Key2 should be considered equivalent for the 
purpose of a join. Generally such a function is of limited 
applicability because it is appropriate only for a small 
number of pairs of columns in a speci?c database. The use 
of equality tests is described in the Identi?cation and Reso 
lution of Semantic Heterogeneity in Multidatabase Systems, 
by Douglas Fang, Joachim Hammer, and Dennis McLeod, in 
Multidatabase Systems: An Advanced Solution for Global 
Information Sharing, pages 52-60. IEEE Computer Society 
Press, Los Alamitos, Calif., 1994. Both normaliZation and 
equality predicates are potentially expensive in terms of 
human effort: for every neW type of key ?eld, a neW equality 
predicate or normaliZation procedure must be Written by a 
human programmer. 

Aug. 9, 2001 

[0019] It is often the case that the keys to be matched are 
strings that name certain real-World entities. (In our 
example, for instance, they are the names of movies.) 
Techniques are knoWn for examining pairs of names and 
assessing the probability that they refer to the same entity. 
Once this has been done, then a human can make a decision 
about What pairs of names should be considered equal for all 
subsequent queries that require key matching. Such tech 
niques are described in Record Linkage Techniques—1985, 
edited by B. Kilss and W. Alvey, Statistics of Income 
Division, Internal Revenue Service Publication 1299-2-96, 
available from {http://WWW.bts.gov/fcsm/methodology/}, 
1985, as Well as in the Merge/purge Problem for Large 
Databases, by M. HernandeZ and S. Stolfo, in Proceedings 
of the 1995 ACM SIGMOD, May 1995, and Heuristic Joins 
to Integrate Structured Heterogeneous Data, by Scott Huff 
man and David Steier, in Working Notes of the AAAI Spring 
Symposium on Information Gathering In Heterogeneous 
Distributed Environments, Palo Alto, California, March 
1995, AAAI Press. 

[0020] Many of these techniques require information 
about the types of objects that are being named. For instance, 
Soundex is often used to match surnames. An exception to 
this is the use of the Smith-Waterman edit distance, Which 
provides a general similarity metric for any pairs of strings. 
The use of the Smith-Waterman edit distance metric key 
matching is described in an E?icient Domain-independent 
Algorithm for Detecting Approximately Duplicate Database 
Records by A. Monge and C. Elkan, in The proceedings of 
the SIGMOD 1997 Workshop on Data Mining and KnoWl 
edge Discovery, May 1997. 

[0021] It is also knoWn hoW to use term-based similarity 
functions, closely related to IR similarity metrics, for key 
matching. Use of term-based similarity metrics for key 
matching, as an alternative to Smith-Waterman, is described 
in the Field-matching Problem: Algorithm and Applications 
by A. Monge and C. Elkan in Proceedings of the Second 
International Conference on Knowledge Discovery and Data 
Mining, August 1996. 

[0022] In summary, knoWn methods require that data from 
heterogeneous sources be preprocessed in some manner. In 
particular, the data ?elds that Will be used as keys must be 
normaliZed, using a domain-speci?c procedure, or a domain 
speci?c equality test must be Written, or a determination as 
to Which keys are in fact matches must be made by a user, 
perhaps guided by some previously computed assessment of 
the probability that each pair of keys matches. 

[0023] All of these knoWn procedures are require human 
intervention, potentially for each pair of data sources. Fur 
thermore, all of these procedures are prone to error. Errors 
in the process of determining Which keys match Will lead to 
incorrect ansWers to queries to the resulting database. 

[0024] What is needed is a Way of accessing data from 
many heterogeneous sources Without any preprocessing 
steps that must be guided by a human. Furthermore, When 
pairs of keys from different sources are assumed to match, 
the end user should be alerted to these assumptions, and 
provided With some estimate of the likelihood that the 
assumptions are correct, or other information With Which the 
end user can assess the quality of the result. 
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SUMMARY OF THE INVENTION 

[0025] An embodiment of the present invention accesses 
information stored in heterogeneous databases by using 
probabilistic database analysis techniques to ansWer data 
base queries. The embodiment uses uncertain information 
about possible key matches obtained by using general 
purpose similarity metrics to assess the probability that pairs 
of keys from different databases match. This advantageously 
alloWs a user to access heterogeneous sources of information 

Without requiring any preprocessing steps that must be 
guided by a human. Furthermore, When pairs of keys from 
different sources are assumed to match, the user is apprised 
of these assumptions, and provided With some estimate of 
the likelihood that the assumptions are correct. This likeli 
hood information can help the user to assess the quality of 
the ansWer to the user’s query. 

[0026] Data from heterogeneous databases is collected 
and stored in relations. In one embodiment, the data items in 
these relations that Will be used as keys are represented as 
teXt. A query is received by a database system. This query 
can pertain to any subset of the relations collected from the 
heterogeneous databases mentioned above. The query may 
also specify data items from these relations that must or 
should refer to the same entity. 

[0027] Aset of ansWer tuples is computed by the database 
system. These tuples are those that are determined in accor 
dance With the present invention to most likely to satisfy the 
user’s query. A tuple is vieWed as likely to satisfy the query 
if those data items that should refer to the same entity 
(according to the query) are judged to have a high probabil 
ity of referring to the same entity. The probability that tWo 
data items refer to the same entity is determined using 
problem-independent similarity metrics that advantageously 
do not require active human intervention to formulate for 
any particular problem. 

[0028] In computing the join of tWo relations, each of siZe 
N, N2 pairs of keys must be considered. Hence, for moder 
ately large N, it is impractical to compute a similarity metric 
(and store the result) for each pair. An embodiment of the 
present invention advantageously solves this problem by 
computing similarities betWeen pairs of keys at the time a 
query is considered, and computing similarities betWeen 
only those pairs of keys that likely to be highly similar. 

[0029] In some cases, many pairs of keys Will be Weakly 
similar, and hence Will have some small probability of 
referring to the same entity. Thus, the ansWer to a query 
could consist of a small number of tuples With a high 
probability of being correct ansWers, and a huge number of 
tuples With a small but non-Zero probability of being correct 
ansWers. KnoWn probabilistic database methods Would dis 
advantageously generate all ansWer tuples With non-Zero 
probability, Which often Would be an impractically large set. 
The present invention advantageously solves this problem 
by computing and returning to the user only a relatively 
small set of tuples that are most likely to be correct ansWers, 
rather than all tuples that could possibly be correct ansWers. 

[0030] In one embodiment of the present invention, the 
ansWer tuples are returned to the user in the order of their 
computed likelihood of being correct ansWers, i.e., the tuples 
judged to be most likely to be correct are presented ?rst, and 
the tuples judged less likely to be correct are presented later. 
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[0031] In accordance With one embodiment of the present 
invention, queries concerning information stored in a set of 
collections are ansWered. Each collection includes a struc 

tured entity. Each structured entity in turn includes a ?eld. 

[0032] In accordance With an embodiment of the present 
invention, a query is received that speci?es a subset of the 
set of collections and a logical constraint betWeen ?elds that 
includes a requirement that a ?rst ?eld match a second ?eld. 
The probability that the ?rst ?eld matches the second ?eld 
based upon the contents of the ?elds is automatically deter 
mined. A collection of lists is generated in response to the 
query, Where each list includes members of the subset of 
collections speci?ed in the query. Each list also has an 
estimate of the probability that the members of the list 
satis?es the logical constraint speci?ed in the query. 

[0033] The present invention advantageously combines 
probabilistic database techniques With probabilistic assess 
ments of similarity to provide a means for automatically and 
ef?ciently accessing heterogeneous data sources Without the 
need for human intervention in identifying similar keys. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0034] FIG. 1 shoWs an prior art eXample of tWo relations 
Q and R and a join of relations Q and R. 

[0035] FIG. 2 shoWs an embodiment of a system and 
apparatus in accordance With the present invention. 

[0036] FIG. 3 shoWs a-table of relations upon Which 
experiments Were performed to determine properties of the 
present invention. 

DETAILED DESCRIPTION 

[0037] An embodiment of an apparatus and system in 
accordance With the present invention is shoWn in FIG. 2. A 
search server 201, user 202, amd database server A 203, 
database server B 204 and database server C 205 are coupled 
to netWork 206. Heterogeneous databases U 207, V 208 and 
W 209 are coupled to database serverA203. Heterogeneous 
databases X 210 and Y 211 are coupled to database server B 
204. Heterogeneous database Z 212 is coupled to database 
server C 213. User 202 submits a query to search server 101. 
Search server 101 conducts a search of heterogeneous 
databases U 207, V 208, W 209, X 210, Y 211 and Z 212 in 
an automatic fashion in accordance With the method of the 
present invention. 

[0038] As shoWn in FIG. 2, search server 201 includes 
processor 213 and memory 214 that stores search instruc 
tions 215 adapted to be eXecuted on processor 213. In one 
embodiment of the present invention, processor 213 is a 
general purpose microprocessor, such as the Pentium II 
processor manufactured by the Intel Corporation of Santa 
Clara, Calif. In another embodiment, processor 213 is an 
Application Speci?c Integrated Circuit (ASIC) that embod 
ies at least part of the search instructions 215, While the rest 
are stored at memory 214. In various embodiments of the 
present invention, memory 214 is a hard disk, read-only 
memory (ROM), random access memory (RAM), ?ash 
memory, or any combination thereof. Memory 214 is meant 
to encompass any medium capable of storing digital data. As 
shoWn in FIG. 2, memory 214 is coupled to processor 213. 
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[0039] One embodiment of the present invention is a 
medium that stores search instructions. As used herein, the 
phrase “adapted to be executed” is meant to encompass 
instructions stored in a compressed and/or encrypted format, 
as Well as instructions that have to be compiled or installed 

by an installer before being executed by processor 213. 

[0040] In one embodiment, the search server further com 
prises a port 216 adapted to be coupled to a netWork 206. 
The port is coupled to memory 214 and processor 213. 

[0041] In one embodiment, netWork 206 is the Internet. In 
another embodiment, it is a Local Area Network In 
yet another embodiment, it is a Wide Area Network (WAN 
In accordance With the present invention, netWork 206 is 
meant to encompass any sWitched means by Which one 

computer communicates With another. 

[0042] In one embodiment, the user is a personal com 
puter. In one embodiment, database servers A 203, B 204 
and C 205 are computers, adapted to act as interfaces 
betWeen a netWork 206 and databases. In one embodiment 

the database servers 203, 204 and 205 are server computers. 

In another embodiment, they act as peer computers. 

[0043] As discussed above, many databases contain many 
?elds in Which the individual constants correspond to enti 
ties in the real World. Examples of such name domains 
include course numbers, personal names, company names, 
movie names, and place names. In general, the mapping 
from name constants to real entities can differ in subtle Ways 
from database to database, making it dif?cult to determine if 
tWo constants are co-referent ({i.e.}, refer to the same 
entity). 

[0044] For instance, in tWo Web databases listing educa 
tional softWare companies, one ?nds the name constants 
“Microsoft” and “Microsoft Kids.” Do these denote the 
same company, or not? In another pair of Web sources, the 
names “Kestrel” and “American Kestrel” appear. LikeWise, 
it is unclear as to Whether these denote the same type of bird. 
Other examples of this problem include “MIT” and “MIT 
Media Labs”; and “A&T Bell Labs,”“AT&T Labs”, “AT&T 
Labs—Research,”“AT&T Research,”“Bell Labs,” and “Bell 
Telephone Labs.” 

[0045] As can be seen from the above examples, deter 
mining if tWo name constants are co-referent is far from 
trivial in many real-World data sources. Frequently it 
requires detailed knoWledge of the World, the purpose of the 
user’s query, or both. These generally necessitate human 
intervention in preprocessing or otherWise handling a user 
query. 

[0046] Unfortunately, ansWering most database queries 
require understanding Which names in a database are coref 
erent. TWo phrases are coreferent if each refers to the same 
or approximately the same external entity. An external entity 
is an entity in the real World to Which a phrase refers. For 
example, Microsoft and Microsoft, Inc. are tWo phrases that 
are coreferent in the sense that they refer to the same 
company. As used herein, the term “phrase” means any 
fragment of text doWn to a single character, e.g., a Word, a 
collection of Words, a letter, several letters, a number, a 
punctuation mark or set of punctuation marks, etc. 
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[0047] This requirement of understanding Which names in 
a database are coreferent poses certain problems. For 
example, to join tWo databases on Company_name ?elds, 
Where the values of the company names are Microsoft and 
Microsoft Kids, one must knoW in advance if these tWo 
names are meant to refer to the same company. This suggests 
extending database systems to represent the names explicitly 
so as to compute the probability that tWo names are coref 
erent. This in turn requires that the database includes an 
appropriate Way of representing text (phrases). 

[0048] One Widely used method for representing text 
brie?y described above is the vector space model. Assume 
a vocabulary T of terms, each Which Will be treated as 
atomic, i.e., unbreakable. Terms can include Words, phrases, 
or Word stems, Which are morphologically derived Word 
pre?xes. Afragment of text is represented as DocumentVec 
tor, Which is a vector of real numbers v ERITI, each compo 
nent of Which corresponds to a term "EXT. The component of 
v Which corresponds to "BET is denoted vt. 

[0049] A number of schemes have been proposed for 
assigning Weights to terms, as discussed above. An embodi 
ment of the present invention uses the TF-IDF Weighting 
scheme With unit length normaliZation. Assuming that the 
document represented by v is a member of a document 
collection C, de?ne "t to have the value Zero if t is not 
present in the document represented by v, and otherWise the 
value At=(log(TFV)Q+1)~log(IDFQ, Where the “term fre 
quency” is the number of times that term t occurs in the 
document represented by v, and the inverse document fre 
quency IDFt is 

ICI 
ICII, 

[0050] Where Ct is the subset of documents in C that 
contain the term t. This vector is then normaliZed to unit 
length, leading to the folloWing Weight for vt: 

[0051] The “similarity” of tWo document vectors v and W 
is given by the formula: sim (v, W)= 

[0052] Which is usually interpreted as the cosine of the 
angle betWeen v and W. Since every document vector v has 
unit length, sim (v, W) is alWays betWeen Zero and one. 

[0053] Although these vectors are conceptually very long, 
they are also very sparse: if a document contains only k 
terms, then all but k components of its vector representation 
Will have Zero Weight. Methods for ef?ciently manipulating 
these sparse vectors are knoWn. The vector space represen 
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tation for documents is described in Automatic Text Pro 
cessing, edited by Gerard Salton, Addison Welsley, Reading, 
Mass., 1989. 

[0054] The general idea behind this scheme is that the 
magnitude of the component vt is related to the “importance” 
of the term t in the document represented by v. In accordance 
With the present invention, tWo documents are similar When 
they share many “important” terms. The TF-IDF Weighting 
scheme assigns higher Weights to terms that occur infre 
quently in the collection C. The Weighting scheme also gives 
higher Weights to terms that occur frequently in a document. 
HoWever, in this context, this heuristic is probably not that 
important, since names are usually short enough so that each 
term occurs only once. In a collection of company names, 
for instance, common terms like “Inc.” and “Ltd.” Would 
have loW Weights. Uniquely appearing terms like “Lucent” 
and “Microsoft” Would have high Weights. And terms of 
intermediate frequency like Acme and American Would have 
intermediate Weights. 

[0055] The present invention operates on data is stored in 
relations, Where the primitive elements of each relation are 
document vectors, rather than atoms. This data model is 
called SUR, Which stands for Simple Texts In Relations. The 
term “simple” indicates that no additional structure is 
assumed for the texts. 

[0056] More precisely, an extensional database (EDB) 
consists of a term vocabulary T and set of relations {p1, . . 
. pn}. Associated With each relation p is a set of tuples called 
tuples(p). Every tuple (v1, . . . , vk) e tuples (p) has exactly 
k components, and each of these components vi is a docu 
ment vector. It is also assumed that a score is associated With 
every tuple in p. This score Will alWays be betWeen Zero and 

one, and Will be denoted score ((vl, . . . , vk) e tuples In most applications, the score of every tuple in a base 

relation Will be one; hoWever, in certain embodiments, 
non-unit scores can occur. This alloWs materialiZed vieWs to 
be stored. 

[0057] An embodiment of a language for accessing these 
relations in accordance With the present invention is called 
WHIRL, Which stands for Word-based Heterogeneous Infor 
mation Retrieval Logic. A conjunctive WHIRL query is 
Written B1 A. . . /\Bk, Where each Bi is a literal. There are tWo 
types of literals. An EDB literal is Written p(X1, . . . , Xk) 

Where p is the name of an EDB relation, and the Xi’s are 
variables. A similarity literal is Written X~Y, Where X and Y 
are variables. Intuitively, this can be interpreted as a require 
ment that documents X and Y be similar. If X appears in a 
similarity literal in a query Q, then X also appears in some 
EDB literal in Q. 

[0058] To take another example, consider tWo relations R 
and S, Where tuples of R contain a company name and a brief 
description of the industry associated With that company, 
and tuples of S contain a company name and the location of 
the World Wide Web homepage for that company. The join 
of the relations R and S might be approximated by the query: 

Q1: r(Company1,Industry) As 
(Company2,WebSite) ACompany1~Company2 

[0059] This is different from an equijoin of R and S, Which 
could be Written: 

r(Company,Industry) /\s(Company,WebSite). 
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[0060] To ?nd Web sites for companies in the telecom 
munications industry one might use the query: 

Q2: r(Company1,Industry) /\s(Company2,WebSite)/\ 
Company1~Company2 /\const1(IO)/\Industry~IO 

[0061] Where the relation {constl} contains a single docu 
ment describing the industry of interest, such as “telecom 
munications equipment and/or services”. 

[0062] The semantics of WHIRL are de?ned in part by 
extending the notion of score to single literals, and then to 
conjunctions. The semantics of WHIRL are best described in 
terms of substitutions. A substitution 0 is a mapping from 
variables to document vectors. A substitution is denoted as 
0={X1=vi, . . . , Xn=vn}, Where each Xi is mapped to the 
vector vi. The variables Xi in the substitution are said to be 
“bound” by 0. If Q is a WHIRL query (or a literal or 
variable) then Q0 denotes the result of applying that map 
ping to Q, i.e., the result of taking Q and replacing every 
variable Xi appearing in Q With the corresponding document 
vector vi. A substitution 0 is “ground for Q” if Q0 contains 
no variables. 

[0063] Suppose B is a literal, and 0 is a substitution such 
that B0 is ground. If B is an EDB literal p(X1, . . . ,Xk), then 

score(B0)=score((X10, . . . ,Xk0) ep) if (X10, . . . ,Xk0) e in 
tuples(p), and score(B0)=0 otherWise. If B is a similarity 
literal X~Y, then score (B0)=sim (X0, Y0). 
[0064] If Q=B1 A. . . /\Bk is a query and Q0 is ground, then 
de?ne score (Q0)=IIi=1n score(B,0). In other Words, con 
junctive queries are scored by combining the scores of 
literals as if they Were independent probabilities. 

[0065] Recall that the ansWer to a conventional conjunc 
tive query is the set of ground substitutions that make the 
query “true,” i.e., provable against the EDB. In WHIRL, the 
notion of provability has been replaced With the “soft” 
notion of score: substitutions With a high score are intended 
to be better ansWers than those With a loW score. It seems 
reasonable to assume that users Will be most interested in 
seeing the high-scoring substitutions, and Will be less inter 
ested in the loW-scoring substitutions. This is formaliZed as 
folloWs: Given an EDB, the “full ansWer set” SQ for a 
conjunctive query Q is de?ned to be the set of all 0 such that 
Q0 is ground and has a non-Zero score. An r-ansWer RQ for 
a conjunctive query Q is de?ned to be an ordered list of 
substitutions 01, . . .,0i from the full ansWer set such that: 

[0066] for all 0i eRQ and oeSQARQ; score (Q 
0i)§score(Qo); and 

eRQ Where i<j, score 

[0068] In other Words, RQ contains r highest-scoring sub 
stitutions, ordered by non-increasing score. 

[0069] It is assumed that the output of a query -ansWering 
algorithm given the query Q Will not be a full ansWer set, but 
rather an r-ansWer for Q, Where r is a parameter ?xed by the 
user. To understand the notion of an r-ansWer, observe that 
in typical situations the full ansWer set for WHIRL queries 
Will be very large. For example, the full ansWer set for the 
query Q1 given as an example above Would include all pairs 
of company names Companyl, Company2 that both contain 
the term “Inc.” This set might be very large. Indeed, if it is 
assumed that a ?xed fraction 
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[0070] of company names contain the term “Inc.”, and that 
R and S each contain a random selection of n company 
names, then one Would expect the siZe of the full ansWer set 
to contain 

[0071] substitutions simply due to the matches on the term 
“Inc.” Further, the full ansWer set for the join of m relations 
of this sort Would be of siZe at least 

[0072] To further illustrate this point, I computed the 
pairWise similarities of tWo lists R and S of company names 
With R containing 1163 names, S containing 976 names. 
These lists are the relations Hoovers Web 301 and Iontech 
302 shoWn in FIG. 3. Although the intersection of R and S 
appears to contain only about 112 companies, over 314,000 
name pairs had non-Zero similarity. In this case, the number 
of non-Zero similarities can be greatly reduced by discarding 
a feW very frequent terms like “Inc.” HoWever, even after 
this preprocessing, there are more than 19,000 non-Zero 
pairWise similarities, Which is more than 170 times the 
number of correct pairings. This is due to a large number of 
moderately frequently terms (like “American” and “Air 
lines”) that cannot be safely discarded. Thus, it is in general 
impractical to compute full ansWer sets for complex queries 
and present them to a user. This leads to the assumption of 
an r-ansWer, Which advantageously simpli?es the results 
provided in accordance With the present invention. 

[0073] The scoring scheme given above for conjunctive 
queries can be fairly easily extended to certain more expres 
sive languages in accordance With the present invention. 
BeloW, I consider such an extension, Which corresponds to 
projections of unions of conjunctive queries. 

[0074] A “basic WHIRL clause” is Written p(X1, 
. . . ,XQeQ, Where Q is a conjunctive WHIRL query that 
contains all of the Xi’s. A“basic WHIRL view 1)” is a set of 
basic WHIRL clauses With heads that have the same predi 
cate symbol p and arity k. Notice that by this de?nition, all 
the literals in a clause body are either EDB literals or 
similarity literals. In other Words, the vieW is ?at, involving 
only extensionally de?ned predicates. 

[0075] NoW, consider a ground instance a=p(x1, . . . ,xk) of 
the head of some vieW clause. The “support of a” (relative 
to the vieW U and a given EDB) is de?ned to be the 
folloWing set of triples: 

[0076] support (a)={(AeQ,0,3): (A+Q)euand A0=a and 
score (Q0)=s and s>0} The score of (x1, . . . ,xQ in p is 
de?ned as folloWs: 
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sc0re((x1, , xk) E p) = l — n (l — S) Equation(l) 

[0077] To understand this formula, note that it is some 
sense a dual of multiplication: if e1 and e2 are independent 
probabilistic events With probability p1 and p2respectively, 
then the probability of (e1/\e2) is p1~p2, and the probability 
of (e1/\e2) is 1—(1—p1)(1-p2). The “materialiZation of the 
view 1)” is de?ned to be a relation With name p Which 

contains all tuples (x1, . . . ,xk) such that score((x1, 

[0078] Unfortunately, While this de?nition is natural, there 
is a dif?culty With using it in practice. In a conventional 
setting, it is easy to materialiZe a vieW of this sort, given a 
mechanism for solving a conjunctive query. In WHIRL, one 
Would prefer to assume only a mechanism for computing 
r-ansWers to conjunctive queries. HoWever, since Equation 
(1) involves a support set of unbounded siZe, it appears that 
r-ansWers are not enough to even score a single ground 
instance a. 

[0079] Fortunately, hoWever, loW-scoring substitutions 
have only a minimal impact on the score of a. Speci?cally, 
if (C,0,s) is such that s is close to Zero, then the correspond 
ing factor of (1-s) in the score for a is close to one. One can 
thus approximate the score of Equation (1) using a smaller 
set of high-scoring substitutions, such as those found in an 
r-ansWer for moderately large r. 

[0080] In particular, let U contain the clauses AleQl, . . . , 

AneQn, let RQl, . . . ,RQn be r-ansWers for the Qi’s, and let 
R=UiRQi. NoW de?ne the “r-support for a from R” to be the 
set: 

[0081] Also de?ne the r-score for a from R by replacing 
support (a) in Equation (1) With the r-support set for a. 
Finally, de?ne the “r-materialiZation of U from R” to contain 
all tuples With non-Zero r-score, With the score of x1, . . . ,xk 

in p being its r-score from R. 

[0082] Clearly, the r-materialiZation of a vieW can be 
constructed using only an r-ansWer for each clause body 
involved in the vieW. As r is increased, the r-ansWers Will 
include more and more high-scoring substitutions, and the 
r-materialiZation Will become a better and better approxi 
mation to the full materialiZed vieW. Thus, given an ef?cient 
mechanism for computing r-ansWers for conjunctive vieWs, 
one can efficiently approximate the ansWers to more com 

plex queries. 

[0083] One embodiment of WHIRL implements the 
operations of ?nding the r-ansWer to a query and the 
r-materialiZation of a vieW. As noted above, r-materialiZa 
tion of a vieW can be implemented easily given a routine for 
constructing r-ansWers. First, hoWever, I Will give a short 
overvieW of the main ideas used in the process. 

[0084] In an embodiment of WHIRL, ?nding an r-ansWer 
is vieWed as an optimiZation problem. In particular, the 
query processing algorithm uses a general method called A* 
search to ?nd the highest-scoring r substitutions for a query. 
The A* search method is described in Principles ofArti?cial 
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Intelligence, by Nils Nilsson, Morgan Kaufmann, 1987. 
Viewing query processing as search is natural, given that the 
goal is to ?nd a small number of good substitutions, rather 
than all satisfying substitutions. The search method of one 
embodiment also generaliZes certain techniques used in IR 
ranked retrieval. HoWever, using search in query processing 
is unusual for database systems, Which more typically use 
search only in optimiZing a query. 

[0085] To understand the use of search, consider ?nding 
an r-ansWer to the WHIRL query insiderTip(X)/\publicly 

Traded(Y)/\X~Y, Where the relation publicly Traded is very 
large, but the relation insiderTip is very small. In processing 
the corresponding equijoin insiderTip(X)/\publicly 
Traded(Y)/\X=Y With a knoWn database system, one Would 
?rst construct a query plan. 

[0086] For example, one might ?rst ?nd all bindings for X, 
and then use an index to ?nd all values Y in the ?rst column 
of publicly Traded that are equivalent to some X. It is 
tempting to extend such a query plan to WHIRL, by simply 
changing the second step to ?nd all values Y that are similar 
to some X. HoWever, this natural extension can be quite 
inef?cient. Imagine that insiderTip contains the vector xi, 
corresponding to the document “Armadillos, Inc.” Due to 
the frequent occurrence of the term “Inc.”, there Will be 
many documents Y that have non-Zero similarity to x1, and 
it Will be expensive to retrieve all of these documents Y and 
compute their similarity to x1. One Way of avoiding this 
expense is to start by retrieving a small number of docu 
ments Y that are likely to be highly similar to x1. In this case, 
one might use an index to ?nd all Y’s that contain the rare 
term “Armadillos.” Since “Armadillos” is rare, this step Will 
be inexpensive, and the Y’s retrieved in this step must be 
someWhat similar to x1. Recall that the Weight of a term 
depends inversely on its frequency, so rare terms have high 
Weight, and hence these Y’s Will share at least one high 
Weight term With X. Conversely, any Y’s not retrieved in this 
step must be someWhat dissimilar to X1, since such a Y 
cannot share With the high-Weight term “Armadillos.” This 
suggests that if r is small, and an appropriate pruning method 
is used, a subtask like “?nd the r documents Y that are most 
similar to x1” might be accomplished ef?ciently by the 
subplan of “?nd all Y’s containing the term ‘Armadillos’.” 
Of course, this subplan depends on the vector x1. 

[0087] To ?nd the Y’s most similar to the document “The 
American SoftWare Company” (in Which every term is 
someWhat frequent), a very different type of subplan might 
be required. The observations suggest that query processing 
should proceed in small steps, and that these steps should be 
scheduled dynamically, in a manner that depends on the 
speci?c document vectors being processed. 

[0088] The query processing method described beloW 
searches through a space of partial substitutions. Each 
substitution is a list of values that could be assigned to some, 
but not necessarily all, of the values appearing in the query. 
For example, one state in the search space for the query 
given above Would correspond to the substitution that maps 
X to x1 and leaves Y unbound. Each state in the search space 
is a “partial list” of possible variable bindings. As used 
herein, a “partial list” (possible variable bindings) can 
include bindings to all variables in the query, or bindings to 
some subset of those variables, including the empty set. The 
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steps taken through this search space are small ones, as 
suggested by the discussion above. For instance, one opera 
tion is to select a single term t and use an inverted index to 
?nd plausible bindings for a single unbound variable. 
Finally, the search algorithm orders these operations 
dynamically, focusing on those partial substitutions that 
seem to be most promising, and effectively pruning partial 
substitutions that cannot lead to a high scoring ground 
substitution. 

[0089] A* search is a graph search method Which attempts 
to ?nd the highest scoring path betWeen a given start state so 
and a goal state. Apseudo-code embodiment of A* search as 
used in an embodiment of the present invention is as, 
folloWs: 

[0090] procedure A* (r so, goalState children(.)) 

[0091] Begin 

[0092] OPEN={sO} 
[0093] While (OPEN:=Q) do 

[0094] s:=argmax, €OPENh(s‘) 

[0095] OPEN:=OPEN-{s} 
[0096] If goalState(s) then 

[0097] output <s, h (s)> 

[0098] Exit if r ansWers printed 

[0099] else 

[0100] OPEN:=OPEN U children(s) 

[0101] endif 

[0102] endWhile 

[0103] end 

[0104] Initial state so: <Q, ®> 

[0105] goalState (<Q, E>): true iff Q Q is ground 

[0106] children (<Q, E>): 
[0107] if constrain (<Q, E>)#® then return constrain (<Q, 
E>) 
[0108] else return explode (<Q, E>) 

[0109] constrain (<Q, E>): 
[0110] 1. pick X, Y, t Where 

[0111] X6=x, 
[0112] Y is unbound in 0 With generator p and 

generation index 1 (see text) 

[0113] xt- maxWeight (t, p, l) is maximal over all such 
X, Y, t combinations 

[0114] 2. If no such X, Y, t exists then return Q 

[0115] 3. return {<Q, E‘>): U {$1, E>, . . . , <®n, E>} 

[0116] Where E‘=E U {t, Y>}, and 

[0117] each 0; is 0U {Y1=v1, . . . 

. . vk>e index (t, p, l) and 

[0118] 61 is E-valid. 

[0119] explode (<0, E>): 
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[0120] pick p (Y1, . . . ,Yk) such all Yi’s are unbound by 0 

[0121] return the set of all (0 U {Y1=v1, . . . , Yk=vk}, E> 

[0122] such that (vi, . . . , vk>e tuples (p) and 0U {Y1=v1, 
. , Yk=vk} is E-valid. 

[0123] h<<0, E>): II(i=1h'(Bi,0) Where 

[0124] h‘(Bi 0)=score (Bi 0) for ground Bi 0 

[0125] h‘((X~Y) 0)= 
[0126] 2T 6T: (t,Y)gEXt'maXWeight(t, p, l) 

[0127] Where X0=x, Y is unbound index 1 (see text) 

[0128] generator p and generation index 1 (see text) 

[0129] As can be seen in the above pseudo-code, goal 
states are de?ned by a goalState predicate. The graph being 
searched is de?ned by a function children(s), Which returns 
the set of states directly reachable from state s. To conduct 
the search, the A* algorithm maintains a set OPEN of states 
that might lie on a path to some goal state. Initially OPEN 
contains only the start state so. 

[0130] At each subsequent step of the algorithm, a single 
state is removed from the OPEN set; in particular, the state 
s that is “best” according to a heuristic function, h(s), is 
removed from OPEN. If s is a goal state, then this state is 
output; otherWise, all children of s are added to the OPEN 
set. The search continues until r goal states have been output, 
or the search space is exhausted. 

[0131] I Will noW explain hoW this general search method 
has been instantiated in WHIRL in accordance With an 
embodiment of the present invention. I Will assume that in 
the query Q, each variable in Q appears exactly once in a 
EDB literal. In other Words, the variables in EDB literals are 
distinct from each other, and also distinct from variables 
appearing in other EDB literals, and both variables appear 
ing in a similarity literal also appear in some EDB literal. 
(This restriction is made innocuous by an additional predi 
cate eq(X,Y) Which is true When X and Y are bound to the 
same document vector. The implementation of the eq predi 
cate is straightforward and knoWn in the art, and Will be 
ignored in the discussion beloW.) In processing queries, the 
folloWing data structures Will be used. An inverted index 
Will map terms teT to the tuples that contain them: speci? 
cally, I assume a function index (t,p,i) Which returns the set 
of tuples (v1, . . . , vi, . . . , vk) in tuples(p) such that vit>0. 

This index can be evaluated in linear time (using an appro 
priate data structure) and precomputed in linear time from 
the EDB. I also precompute the function maxWeight (t,p,i), 
Which returns the maximum value of vit over all documents 
v iin the i-th column of p. Inverted indices are commonly 
used in the ?eld on information retrieval, and means of 
storing and accessing them ef?ciently are Well knoWn to 
those skilled in the art of information retrieval. The max 
Weight function is also used in many knoWn techniques for 
speeding up processing of ranked retrieval queries, such as 
those described in Turtle and Flood. 

[0132] The states of the graph searched Will be pairs (0,E), 
Where 0 is a substitution, and E is a set of exclusions. Goal 
states Will be those for Which 0 is ground for Q, and the 
initial state s0 is (0,0). An exclusion is a pair (t,Y) Where t is 
a term and Y is a variable. Intuitively, it means that the 
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variable Y must not be bound to a document containing the 
term t. Formally, I say that a substitution 0 is E-valid in 
V(t,Y)eE, (Y0)t=0. BeloW I de?ne the children function so 
that all descendants of a node <s,E>must be E-valid; making 
appropriate use of these exclusions Will force the graph 
de?ned by the children function to be a tree. 

[0133] I Will adopt the folloWing terminology. Given a 
substitution 0 and query Q, a similarity literal X~Y is 
constraining if and only if exactly one of X0 and Y0 are 
ground. Without loss of generality, I assume that X0 is 
ground and Y0 is not. For any variable Y, the EDB literal of 
O that contains Y is the generator for Y, the position 1 of Y 
Within this literal is Y’s generation index. For Well-formed 
queries, there Will be only one generator for a variable Y. 

[0134] Children are generated in tWo Ways: by exploding 
a state, or by constraining a state. Exploding a state corre 
sponds to picking all possible bindings of some unbound 
EDB literal. To explode a state s=<0,E>, pick some EDB 
literal p(Y1, . . . , Yk) such that all the Yi’s are unbound by 
0, and then construct all states of the form (0U{Y1=v1, 
. . . ,Yk=vk},E) such that (v1, . . . ,vk) e in tuples(p) and 

0U{Y1=v1, . . . ,Yk=vk} is E-valid. These are the children 
of s. 

[0135] The second operation of constraining a state imple 
ments a sort of sideWays information passing. To constrain 
a state s=<0,E>, pick some constraining literal X~Y and 
some term t With non-Zero Weight in the document X0 such 
that <t,Y>E. Let p(Y1, . . . ,Yk) be the generator for the 
(unbound) variable Y, and let 1 be Y’s generation index. TWo 
sets of child states Will noW be constructed. The ?rst is a 
singleton set containing the state s‘=<0,E>, Where 
E‘=EU{<t,Y>}. Notice that by further constraining s‘, other 
constraining literals and other terms t in X0 can be used to 
generate plausible variable bindings. The second set St 
contains all states <0i,E> such that 0i=0U{Y1=v1, . . . , 

Yk=vk} for some <v1, . . . , vk>e index(t,p,l) and 0 is E-valid. 
The states in St thus correspond to binding Y to some vector 
containing the term t. The set children(s) is StU{s‘}. 

[0136] It is easy to see that if si and sj are tWo different 
states in St, then their descendants must be disjoint. Fur 
thermore, the descendants of s‘ must be disjoint from the 
descendants of any s1 eSt, since all descendants of s‘ are valid 
for E‘, and none of the descendants of s1 can be valid for E‘. 
Thus the graph generated by this children function is a tree. 

[0137] Given the operations above, there Will typically be 
many Ways to “constrain” or “explode” a state. In the current 
implementation of WHIRL, a state is alWays constrained 
using the pair <t,Y>, such that xt~maxWeight(t,p,l) is maxi 
mal, Where p and l are the generator and generation index for 
Y States are exploded only if there are no constraining 
literals, and then alWays exploded using the EDB relation 
containing the feWest tuples. 

[0138] It remains to de?ne the heuristic function, Which, 
When evaluated, produces a heuristic value. Recall that the 
heuristic function h(0,E) must be admissible, and must 
coincide With the scoring function (Q0) on ground substi 
tutions. This implies that h(0,E) must be an upper bound on 
score(q) for any ground instance q of Q0. I thus de?ne 
h(0,E) to be IIt=1kh1(Bt,®,E), Where h‘ Will be an appropriate 
upper bound on score (Bi0). I Will let this bound equal score 
(Bi0) for ground (Bi0), and let it equal 1 for non-ground Bi, 
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With the exception of constraining literals. For constraining 
literals, h‘(*) is de?ned as follows: 

[0139] Where p and l are the generator and generation 
index for Y. Note that this is an upper bound on the score of 
Bio relative to any ground superset o of 0 that is E-valid. 

[0140] In the current implementation of WHIRL, the 
terms of a document are stems produced by the Porter 
stemming algorithm. The Porter stemming algorithm is 
described in “An Algorithm for Suf?x Stripping”, by M. F. 
Porter, Program, 14(3):130-137, 1980. In general, the term 
Weights for a document vi are computed relative to the 
collection C of all documents appearing in the i-th column 
of p. HoWever, the TF-IDF Weighting scheme does not 
provide sensible Weights for relations that contain only a 
single tuple. (These relations are used as a means of intro 
ducing “constant” documents into a query.) Therefore 
Weights for these relations must be calculated as if they 
belonged to some other collection C‘. 

[0141] To set these Weights, every query is checked before 
invoking the query algorithm to see if it contains any EDB 
literals p(X1, . . . ,Xk) for a singleton relation p. If one is 

found, the Weights for the document xi Which a variables Will 
be bound are computed using the collection of documents 
found in the column corresponding to Yi, Where Yi is some 
variable that appears in a similarity literal with X. If several 
such Yi’s are found, one is chosen arbitrarily. If Xi does not 
appear in any similarity literals, then its Weights are irrel 
evant to the computation. 

[0142] The current implementation of WHIRL keeps all 
indices and document vectors in main memory. 

[0143] In the folloWing examples of the procedure in 
accordance With the present invention, it is assumed that 
terms are Words. 

[0144] Consider the query “const1(IO)/\p 
(Company,Industry)/\Industry~IO”, Where const1 contains 
the single document “telecommunications services and/or 
equipment”. With 0=0, there are no constraining literals, so 
the ?rst step in ansWering this query Will be to explode the 
smallest relation, in this case const1. This Will produce one 
child, s1, containing the appropriate binding for IO, Which 
Will be placed on the OPEN list. 

[0145] Next s1 Will be removed from the OPEN list. Since 
Industry~IO is noW a constraining literal, a term from the 
bound variable IO Will be picked, probably the relatively 
rare stem “telecommunications”. The inverted index Will be 
used to ?nd all tuples <co1ind1>, . . . , <conindn> such that 

ind1 contains the term “telecommunications”, and n child 
substitutions that map Company=coi and Industry=indi Will 
be constructed. Since these substitutions are ground, they 
Will be given h(*) values equal to their actual scores When 
placed on the OPEN list. A neW state s‘1 containing the 
exclusion(telecommunications,Industry)Will also be placed 
on the OPEN list. Note that h(s‘1)<h(s1), since the best 
possible score for the constraining literal Industry~IO can 
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match at most only four terms: “services and”, “or”, 
“equipment”, all of Which are relatively frequent, and hence 
have loW Weight. 

[0146] Next, a state Will again be removed from the OPEN 
list. It may be that h(s‘1) is less than the h(*) value of the best 
goal state; in this case, a ground substitution Will be removed 
from OPEN, and an ansWer Will be output. Or it may be that 
h(s‘1) is higher than the best goal state, in Which case it Will 
be removed and a neW term, perhaps equipment”, Will be 
used to generate some additional ground substitutions. 
These Will be added to the OPEN list, along With a state 
Which has large exclusion set and thus a loWer value. 

[0147] This process Will continue until documents are 
generated. Note that it is quite likely that loW Weight terms 
such as “or” Will not be used at all. 

[0148] In another example of the present invention, con 
sider the query 

p(Company1,Industry)"q(Company2,WebSite) 
ACompany1~Company2 

[0149] In solving this query, the ?rst step Will be to 
explode the smaller of these relations. Assume that this is p, 
and that p contains 1000 tuples. This Will add 1000 states s1, 
. . . ,s1000 to the OPEN list. In each of these states, Company1 

and Industry are bound, and Company1~Company2 is a 
constraining literal. Thus each of these 1000 states is analo 
gous to the state s1 in the preceding example. 

[0150] HoWever, the h(*) values for the states s1, . . . ,s1000 
Will not be equal. The value of the state s1 associated With 
the substitution 0i Will depend on the maximum possible 
score for the literal Company1~Company2, and this Will be 
large only if the high-Weight terms in the document 
Company10i appear in the company ?eld of q. As an 
example, a one-Word document like “3Com” Will have a 
high h(*) value if that term appears (infrequently) in the 
company ?eld of q, and a Zero h(*) value if it does not 
appear; similarly, a document like “Agents, Inc” Will have a 
loW h(*) value if the term “agents” does not appear in the 
?rst column of q. 

[0151] The result is that the next step of the algorithm Will 
be to choose a promising state from the OPEN list, a state 
that could result in an good ?nal score. A term from the 
Company1 document in s1, e.g., “3Com”, Will then be 
picked and used to generate bindings for Company2 and 
WebSite. If any of these bindings results in perfect match, 
then an ansWer can be generated on the next iteration of the 
algorithm. 

[0152] In short, the operation of WHIRL is someWhat 
similar to time-sharing 1000 simpler queries on a machine 
for Which the basic unit of computation is to access a single 
inverted index. HoWever, WHIRL’s use of the h(*) function 
Will schedule the computation of these queries in an intel 
ligent Way: queries unlikely to produce good ansWers can be 
discarded, and loW-Weight terms are unlikely to be used. 

[0153] 
p(Company1,Industry)"q(Company2,WebSite) 
ACompany1~Company2 "constl (IO) “Industry~IO, 

In yet another example, consider the query 

[0154] Where the relation const1 contains the single docu 
ment, “telecommunicationsand/or equipment”. In solving 
this query, WHIRL Will ?rst explode const1 and generate a 
binding for IO. The literal Industry~IO then becomes con 
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straining, so it Will be used to pick bindings for Company1 
and Industry using some high-Weight term, perhaps “tele 
communications”. 

[0155] At this point there Will be tWo types of states on the 
OPEN list. There Will be one state s‘ in Which only IO is 
bound, and (telecommunications,Industry) is excluded. 
There Will also be several states s1, . . . ,sn in Which IO, 

Company1 and Industry are bound; in these states, the literal 
Company1~Company2 is constraining. If s‘ has a higher 
score than any si, then s‘ Will be removed from the OPEN 
list, and another term from the literal Industry~IO Will be 
used to generate additional variable bindings. 

[0156] HoWever, if some si literal has a high h(*) value, 
then it Will be taken ahead of s‘. Note that this possible When 
the bindings in si lead to a good actual similarity score for 
Industry~IO as Well as a good potential similarity score for 

Company1~Company2 (as measured by the h‘(*) function). 
If an si is picked, then bindings for Company 2 and WebSite 
Will be produced, resulting a ground state. This ground state 
Will be removed from the OPEN list on the neXt iteration 

only if its h(*) value is higher that of s‘ and all of the 
remaining si. 

[0157] This eXample illustrates hoW bindings can be 
propagated through similarity literals. The binding for IO is 
?rst used to generate bindings for Company1 and Industry, 
and then the binding for Company1 is used to bind Com 
pany2 and Website. Note that bindings are generated using 
high-Weight, loW-frequency terms ?rst, and loW-Weight, 
high-frequency terms only When necessary. 

[0158] Embodiments of the invention have been evaluated 
on data collected from a number of sites on the World Wide 
Web. I have evaluated the run-time performance With CPU 
time measurements on a speci?c class of queries, Which I 
Will henceforth call similarity joins. A similarity join is a 
query of the form p(X1, . . . ,Xi, . . . ,Xk) Aq(Y1, . . . ,Yj, 

. . . ,Yb) AXi~Yj 

[0159] An ansWer to this query Will consist of the r tuples 
from p and q such that Xi and Y]- are most similar. WHIRL 
Was compared on queries of this sort to the folloWing knoWn 
algorithms: 

[0160] 1) The naive method for similarity joins takes each 
document in the i-th column of relation p in turn, and 
submits it as a IR ranked retrieval query to a corpus 
corresponding to the j-column of relation q. The top r results 
from each of these IR queries are then merged to ?nd the 
best r pairs overall. This might be more appropriately be 
called a “semi-naive” method; on each IR query, I use 
inverted indices, but I employ no special query optimiZa 
tions. 

[0161] 2) WHIRL is closely related to the maXscore opti 
miZation, Which is described in Query Evaluation: Strate 
gies and Optimizations by HoWard Turtle and James Flood, 
in Information Processing and Management, 31(6):831-850, 
November 1995. WHIRL Was compared to a maXscore 
method for similarity joins; this method is analogous to the 
naive method described above, eXcept that the maXscore 
optimiZation is used in ?nding the best r results from each 
“primitive” query. 
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[0162] I computed the top 10 ansWers for the similarity 
join of subsets of the IMDB 303 and VideoFlicks 304 
relations shoW in FIG. 3. In particular, I joined siZe n subsets 
of both relations, for various values of n betWeen 2000 and 
30,000. WHIRL speeds up the maXscore method by a factor 
of betWeen 4 and 9, and speeds up the naive method by a 
factor of 20 or more. The absolute time required to compute 
the join is fairly modest. With n =30,000, WHIRL takes Well 
under than a minute to pick the best 10 ansWers from the 900 
million possible candidates. 

[0163] To evaluate the accuracy of the ansWers produced 
by WHIRL, I adopted the folloWing methodology. Again 
focusing on similarity joins, I selected pairs of relations 
Which contained tWo or more plausible “key” ?elds. One of 
these ?elds, the “primary key”, Was used in the similarity 
literal in the join. The second key ?eld Was then used to 
check the correctness of proposed pairings; speci?cally, a 
pairing Was marked as “correct” if the secondary keys 
matched (using an appropriate matching procedure) and 
“incorrect” otherWise. 

[0164] I then treated “correct” pairings in the same Way 
that “relevant” documents are typically treated in evaluation 
of a ranking proposed by a standard IR system. In particular, 
I measured the quality of a ranking using non-interpolated 
average precision. To motivate this measurement, assume 
the end user Will scan doWn the list of-ansWers and stop at 

some particular target ansWer that he or she ?nds to be of 
interest. The ansWers listed beloW this “target” are not 

relevant, since they are not examined by the user. Above the 
target, one Would like to have a high density of correct 
pairings; speci?cally, one Would like the set S of ansWers 
above the target to have high precision, Where the precision 
of S is the ratio of the number of correct ansWers in S to the 
number of total ansWers in S. Average precision is the 
average precision for all “plausible” target ansWers, Where 
an ansWer is considered a plausible target only if it is correct. 

To summariZe, letting ak be the number of correct ansWers 
in the ?rst k, and letting c(k)=1 iff the k-th ansWer is correct 
and letting c(k)=0 otherWise, average precision is the quan 
tity 

[0165] I used three pairs of relations from three different 
domains. In the business domain, I joined Iontech 301 and 
Hoovers Web 302, using company name as the primary key, 
and the string representing the “site” portion of the home 
page as a secondary key. In the movie domain, I joined 
RevieW 305 and MovieLink 306 (FIG. 3), using ?lm names 
as a primary key. As a secondary key, I used a special key 
constructed by the hand-coded normaliZation procedure for 
?lm names that is used in IM, an implemented heteroge 
neous data integration system described in Querying Het 
erogeneous Information Sources Using Source Descriptions 
by Alon Y. Levy, Anand Rajaraman, and Joann J. Ordille, 
Proceedings of the 22nd International Conference on Very 



US 2001/0013035 A1 

Large Databases (VLDB-96), Bombay, India, September 
1996. In the animal domain, I joined Animal1307 and 
Animal2308 (FIG. 3), using common names as the primary 
key, and scienti?c names as a secondary key (and a hand 
coded domain-speci?c matching procedure). 

[0166] On these domains, similarity joins are extremely 
accurate. In the movie domain, the performance is actually 
identical to the hand-coded normaliZation procedure, and 
thus has an average precision of 100%. In the animal 
domain, the average precision is 92.1%, and in the business 
domain, average precision is 84.6%. These results contrast 
With the typical performance of statistical IR systems on 
retrieval problems, Where the average precision of a state 
of-the art IR system is usually closer to 50% than 90%. In 
other Words, the tested embodiment of the present invention 
Was able to achieve results in an ef?cient, automatic fashion 
that Were just as good as the results obtained using a 
substantially more expensive technique involving hand 
coding, i.e., human intervention. 

[0167] The foregoing has disclosed to those skilled in the 
arts of information retrieval and database hoW to integrate 
information from many heterogeneous sources using the 
method of the invention. While the techniques disclosed 
herein are the best presently knoWn to the inventor, other 
techniques could be employed Without departing from the 
spirit and scope of the invention. For eXample, representa 
tions other than relational representations are used to store 
data; some of these representations are described in Pro 
ceea'ings of the Workshop on Management of Semistructurea' 
Data, edited by Dan Suciu, available from http://wwwre 
search.att.com/~suciu/Workshop-papers.html. Many of 
these representations also employ constant values as keys, 
and could be naturally eXtended to use instead teXtual values 
that are associated With each other based on similarity 
metrics. 

[0168] In the process of ?nding ansWers With high score, 
the invention employs A* search. Many variants of this 
search algorithm are knoWn and many of these could be 
used. The current invention also outputs ansWer tuples in an 
order that is strictly dictated by score; some variants of A* 
search are knoWn that require less compute time, but output 
ansWers in an order that is largely, but not completely, 
consistent With this ordering. 

[0169] Methods are also knoWn for ?nding pairs of similar 
keys by using Monte Carlo sampling methods; these meth 
ods are described in Approximating Matrix Multiplication 
for Pattern Recognition Tasks, in Eighth Annual ACM 
.SIAM Symposium on Discrete Algorithms, pages 682-691, 
1997. For certain types of queries, these sampling methods 
could be used instead of, or as a supplement to, some variant 
of A* search. 

[0170] Many different term-based similarity functions 
have been proposed by researchers in information retrieval. 
Many of these variants could be employed instead of the 
function employed in the invention. 

[0171] Finally, While the problem that motivated the 
development of this invention is integration of data from 
heterogeneous databases, there are potentially other prob 
lems to Which the present invention can be advantageously 
applied. That being the case, the description of the present 
invention set forth herein is to be understood as being in all 
respects illustrative and eXemplary, but not restrictive. 
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What is claimed is: 
1. A method for ansWering queries concerning informa 

tion stored in a set of collections, Where each collection 
includes a structured entity, and Where each structured entity 
includes a ?eld, comprising the steps of: 

a. receiving a query that speci?es 

i. a subset of the set of collections; 

ii. a logical constraint betWeen ?elds that includes a 
requirement that a ?rst ?eld match a second ?eld; 

b. automatically determining the probability that the ?rst 
?eld matches the second ?eld based upon the contents 
of the ?elds; and 

c. generating a collection of lists in response to the query, 
Where each list includes members of the subset of 
collections speci?ed in the query, and Where each list 
has an estimate of the probability that the members of 
the list satis?es the logical constraint speci?ed in the 
query. 

2. The method of claim 1, Wherein members of the set of 
collections are derived from a plurality of distinct sources. 

3. The method of claim 1, Wherein a collection of struc 
tured entities is a relation, and Wherein a structured entity is 
a tuple. 

4. The method of claim 1, Wherein the ?rst ?eld and the 
second ?eld include a group of terms. 

5. The method of claim 4, Wherein a term corresponds to 
at least one of the folloWing: a Word, a Word pre?X, a Word 
suf?X, and a phrase. 

6. The method of claim 4, Wherein the group of terms 
refers to an eXternal entity. 

7. The method of claim 4, Wherein the group of terms is 
represented by a vector, Where each component of the vector 
corresponds to one of the terms of a set of terms that can 
possibly occur in the group, and Where each component is 
assigned a value corresponding to a Weight of the term of the 
component. 

8. The method of claim 7, further comprising the step of 
obtaining a value representing the similarity of a ?rst vector 
to a second vector. 

9. The method of claim 8, Wherein obtaining a value 
representing the similarity of the ?rst vector to the second 
vector comprises the steps of computing the sum of the 
product of the Weight of each ?rst vector component With the 
Weight of each second vector component that represents the 
same term as the ?rst vector component. 

10. The method of claim 9, further comprising the step of 
using the similarity value to determine the probability that 
the ?rst vector matches the second vector. 

11. The method of claim 7, Wherein the Weight assigned 
to a component corresponding to a term is higher if the term 
is rare in the set of collections of structured entities. 

12. The method of claim 1, Wherein the set of lists 
includes substantially all of a response set of K possible lists 
that are estimated to have the highest probability that the 
members of each list satis?es the logical constraint speci?ed 
in the query, Where K is a parameter supplied by the user. 

13. The method of claim 1, further comprising the step of 
searching through a space of partial lists to ?nd the lists that 
belong to the response set. 
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14. The method of claim 13, wherein searching through a 
space of partial lists comprises the steps of: 

i. choosing a partial list With an extreme heuristic value; 

ii. determining if the partial list is complete; 

iii. if the partial list is complete, then presenting the partial 
list to the user as the ansWer to the query; 

iv. if the partial list is not complete, then extending the 
partial list by adding a member of the set of collections 
speci?ed in the query to the partial list; 

v. assessing the heuristic value of the extended partial list; 
and 

vi. repeating steps i. through iii. until at least K lists have 
been presented to the user, Where K is a parameter 
supplied by the user. 

15. The method of claim 14, Wherein a partial list is 
determined to be complete if it includes a member of every 
collection of structured entities speci?ed in the query. 

16. The method of claim 14, Wherein the heuristic value 
for a partial list is at least approximately equal to the upper 
bound of the estimated probability that any possible exten 
sion of the partial list satis?es the logical constraint speci?ed 
in the query. 

17. The method of claim 14, Wherein adding a neW 
potential member to an existing partial list comprises the 
steps of selecting a member of the set of collections speci?ed 
in the query, and adding the selected member to the existing 
partial list. 

18. The method of claim 14, Wherein adding a neW 
member list to an existing partial list comprises the steps of: 

i. selecting a logical constraint from the query that a ?rst 
?eld match a second ?eld, Where a member of the set 
of collections speci?ed in the query corresponding to 
the ?rst ?eld is included in the partial list; 

ii. selecting a term that is included in the member of the 
partial list that corresponds to the ?rst ?eld; 

iii. ?nding a potential member that includes the selected 
term; and 

iv. adding the potential member that includes the selected 
term to the existing partial list. 

19. An apparatus for ansWering queries concerning infor 
mation stored in a set of collections, Where each collection 
includes a structured entity, and Where each structured entity 
includes a ?eld, comprising: 

a. a processor; 

b. a memory that stores search instructions adapted to be 
executed by said processor to receive a query that 
speci?es a subset of the set of collections and a logical 
constraint betWeen ?elds that includes a requirement 
that a ?rst ?eld match a second ?eld, automatically 
determine the probability that the ?rst ?eld matches the 
second ?eld based upon the contents of the ?elds, and 
generate a collection of lists in response to the query, 
Where each list includes members of the subset of 
collections speci?ed in the query, and Where each list 
has an estimate of the probability that the members of 
the list satis?es the logical constraint speci?ed in the 
que I‘y, 

said memory coupled to said processor. 

12 
Aug. 9, 2001 

20. The apparatus of claim 19, further comprising a port 
adapted to be coupled to a netWork, said port coupled to said 
processor and said memory. 

21. The apparatus of claim 19, Wherein said search 
instructions are further adapted to be executed by said 
processor to choose a partial list With an extreme heuristic 
value, determine if the partial list is complete, if the partial 
list is complete, then to present the partial list to the user as 
the ansWer to the query, and if the partial list is not complete, 
then to extend the partial list by adding a member of the set 
of collections speci?ed in the query to the partial list, to 
assessing the heuristic value of the extended partial list, and 
to continue to search through a space of partial lists until at 
least K lists have been presented to the user, Where K is a 
parameter supplied by the user. 

22. A medium that stores instructions adapted to be 
executed by a processor to: 

a. receive a query that speci?es 

i. a subset of the set of collections; 

ii. a logical constraint betWeen ?elds that includes a 
requirement that a ?rst ?eld match a second ?eld; 

. automatically determine the probability that the ?rst 
?eld matches the second ?eld based upon the contents, 
of the ?elds; and 

. generate a collection of lists in response to the query, 
Where each list includes members of the subset of 
collections speci?ed in the query, and Where each list 
has an estimate of the probability that the members of 
the list satis?es the logical constraint speci?ed in the 
query. 

23. A medium that stores instructions adapted to be 
executed by a processor to: 

i. choose a partial list With an extreme heuristic value; 

ii. determine if the partial list is complete; 

iii. if the partial list is complete, then present the partial 
list to the user as the ansWer to the query; 

iv. if the partial list is not complete, then extend the partial 
list by adding a member of the set of collections 
speci?ed in the query to the partial list; 

v. assess the heuristic value of the extended partial list; 
and 

vi. repeat steps i. through iii. until at least K lists have 
been presented to the user, Where K is a parameter 
supplied by the user. 

24. A system for ansWering queries concerning informa 
tion stored in a set of collections, Where each collection 
includes a structured entity, and Where each structured entity 
includes a ?eld, comprising: 

a. means for receiving a query that speci?es 

i. a subset of the set of collections; 

ii. a logical constraint betWeen ?elds that includes a 
requirement that a ?rst ?eld match a second ?eld; 

b. means for automatically determining the probability 
that the ?rst ?eld matches the second ?eld based upon 
the contents of the ?elds; and 
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c. means for generating a collection of lists in response to 
the query, Where each list includes members of the 
subset of collections speci?ed in the query, and Where 
each list has an estimate of the probability that the 
members of the list satis?es the logical constraint 
speci?ed in the query. 

25. A system for searching through a space of partial lists, 
comprising: 

i. means for choosing a partial list With an extreme 
heuristic value; 

ii. means for determining if the partial list is complete; 

iii. means for if the partial list is complete, then presenting 
the partial list to the user as the ansWer to the query; 
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iv. means for determining if the partial list is complete; 

v. means for extending the partial list by adding a member 
of the set of collections YES speci?ed in the query to 
the partial list; 

v. means for assessing the heuristic value of the eXtended 
partial list; and 

vi. means for determining if at least K lists have been 
presented to the user, Where K is a parameter supplied 
by the user. 


