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Abstract

We proposean architecture and index structure for semarically rich information
retrieval from a subject-speci ¢ collection of documerts or other information objects.
The technique assumeghat information objects have beenlabeledusing small semartic
networks called keynets. The index structure is compatible with parallel machine
architectures and scalesup well, allowing very large collections to be searted very
quickly using semartically complex queries.

1 Intro duction.

With the expansionof the Internet and the dewelopmert of new \Information Highways,"
computer-basedcommunication is becomingthe de ning technology of this decade.A num-
ber of proposalshave beenmadeto build a coheren structure over thesenew high-bandwidth
networksto cornvert them into a National Information Infrastructure (NI1). For example,the
proposedI-95 Information Market [T 93] proposesan infrastructure that facilitates the free-
market purchase, sale and exdange of services. The amourt of information that will be
available on the 1-95 or any other NIl is immense: on the order of billions of objects and
hundredsof terabytes of data. Finding information in sud an environment is a monumenal
task but essetial to the succesof the infrastructure. Any solution to this problem must
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satisfy two important requiremerts: it must be scalableto handle the large number of in-
formation objects and it must be semairtically rich enoughto support e®ectie information
retrieval (IR).

We proposean architecture and indexing strategy for a seard enginethat would satisfy
theserequiremerts. The KEYNESystemwould support information retrieval for a collection
of information objectsin a singlesubject area,sud asa collection of biological researt arti-
cles,a set of court cases, les cortaining remote geoplysical sensordata, or even collections
of software programsand modules. KEYNE&ssumeshat the information objects in its col-
lection have beenannotated usingsmall semartic networks of key concepts(keynets)that are
consister with a subject-speci ¢ conceptontology.! Although there are certainly important
distinctions betweensemartic networks, knowledgeframesand objects in an object-oriented
database,none of thesedistinctions are important for the purposesof KEYNETo0 they will
be usedinterchangeablywithin the cortext of this article.

A keynet is similar to an abstract or review of a documert both in sizeand in being
separatelyaccessibldrom its correspnding documert. If good tools are available, it could
be generatedby the author of the documert with no more e®ortthan is now takento write
the abstract or to selectthe keywords. It may eventually be possibleto usenatural language
processingtechniquesto generatekeynets, but this is only possiblefor textual information
objects. A third possibility is to have professionalannotators construct the keynets. This is
lesscostly than onemight expect. The biological researt literature consistsof some600,000
articles per year. It would cost lessthan $30 million per year to annotate this literature
with keynets, a tiny amourt comparedto the cost of generatingthis literature in the rst
place[BF93.

To give a simple exampleof a keynet consideran imaginary paper ertitled, \POOQ: A
parallel, object-oriented query system.” Let's say that the paper usessomeknown dynamic
programming algorithms to optimize queriesfor use on parallel maciine architectures. A
keyword-basedapproat would classify this paper by using phrasessud as \parallel algo-
rithms," \ob ject-oriented databases,"\dynamic programming,” and \query optimization."

Keywords have the advantagethat they may include topically relevant wordsand phrases
that do not appearin the documeris themsehes. Furthermore, someinformation objects (like
images,scierti ¢ data and software) have no text that canreasonablybe usedby traditional
IR technology Keynets enrich the possiblesemarics as comparedwith keywords basedon
simple subject classi cation schemesby adding relationshipsbetweenkeywords. In addition
to being more expressie than sets of keywords, keynets would also generally be larger,
though still much smallerthan the ertire information object.

To descrite a keynet for the imaginary POOQ paper above, we must rst descrike a
hypothetical ontology for Computer Science.Supposethat oneof the classesn this ontology
is concernedwith the conceptof translation or transformation. The keynet for the POOQ
paper could beginwith aninstanceof the transformation classwhich is linkedvia an attribute

lwe are misusing the word \annotate" slightly here. Although a keynet may refer to portions of its
documen, its role is to classify or abstract rather than to explain the portions of the documert to which it
refers.
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Figure 1. Example of part of a keynet

edgelabeled\input" to an object having the subtype \declarative language,” and so on.
Using semartic networks the keynet would look somethinglike that shavn in Figure 1. In

this gure, the label of ea node consistsof its type followed by its value (if any) separated
by a colon. Sincethe output languageis well-known, no further elaboration is needed.
Howe\er, the input language,POOQ, is not well-knawn, soit must be speci ed further with

attributes like its name and other attributes not shown.

The 1-95 infrastructure proposal speci cally mertions the need for \content labels [on
information objects] to permit usersto learn about available resources." These content
labels are designedto deal with the problem of scalingup to a full-scaleNII. Keynetswould
provide a solution to the designof sud content labels. In spite of supporting the rich
semairtic cortent possiblewith semartic networks, the KEYNESystemusesezcient indexing
techniguesbasedon hashingto make it a fast and scalableseart engine.

Sincethe purposeof the KEYNE$ystemis information retrieval, the paper beginswith
somebadkground on IR in section2. Despitethe perceived inexciency of semaric network
techniquesin IR, there are systemsthat usesud methods, and we discusssud related work
in section3. We then descrile the overall systemarchitecture of KEYNET

The KEYNESystemis an information retrieval systemfor a subject areaas speci ed in
a databasecalled the ontology. The ontology is discussedn section5. The objects in the
collection will be called documentseven though, as noted earlier, the KEYNE$ystemworks
equally well with information objects that are not documerts in the usual senseof this term.
The most commonuse of KEYNEDeginswith a user query. The query may be expressed
using natural languagetext which is parsedto obtain a semaric network, or elsea graphic
interfacemay be usedto expressthe query directly in terms of semartic networks. The same
ontology is usedfor de ning the structure of semaric networks of queriesas that usedfor
keynets. For example,the query \What systemsusedynamic programmingto generateC”
code?" would be translated into a semaric network like that in Figure 2.

Having corverted the original query into a semartic network, the next step is to break
the network into small semaric networks having a bounded size. We call thesefragmerts
prokes Fragmenation is discussedn section6. Thesefragmerts are indexed using a hash
index structure de ned in section7. The keynets are also fragmerted and the fragmerts
inserted into the index as descrilked in subsection7.3. The seart step consistsof hashing
the probesand looking for matcheswith fragmerts of keynetsof documerts. In the example,
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Figure 2: Semaric network of a query

the POOQ documen would have fragmerts that match every probe of the query. The seart
algorithm is descriked in more detail in subsection7.2.

We are in the processof developing a prototype KEYNESystemfor information retrieval
on two documert collections. The rst is a small documert collectionand ontology prepared
by the Biological KnowledgeLaboratory [BFH* 93] at Northeastern University. The second
will be a full-size, randomly-generateddocumert collection. The rst collectionwill be used
for testing recall and precision,while the secondcollection will be usedfor testing database
performance. For a discussionof techniquesfor rapid generationof random databasessee
[GEBW93].

2 Information Retriev al.

Information retrieval systemsare primarily concernedwith the problem of providing med-
anismsfor a userto selecta small set of relevant documens (or parts of documerns like
chapters, gures, tables, etc.) from a large documert collection. This objective di®ersfrom
databasemanagemen in a number of ways. Generally speaking, IR systemsare not con-
cernedwith answering detailed queriesabout the content of the documerts in the collection.
On the other hand, whereasa databasesystem can answer detailed queriesvery precisely
most are not capableof answering the vaguely worded queriesabout relevancethat an IR
systemcan handle.

A databasesystem takes for granted that a query is precisely stated, and the issue
becomeshow ezxciently the query can be ewvaluated. By contrast, sincelR queriesare not
required to be precise,one measuresperformancein a di®ere manner. The two most
commongeneralmeasuresof retrieval quality in IR researt are called recall and precision.
The former is the ratio of documerts retrieved versusthe number of available documerts
relevant to the query, i.e., the fraction returned out of all desirabledocumerts (a measure
of alpha risk or type | error). The latter is the ratio of the number of relevant documerts
retrieved versusthe total number of documerts retrieved, or the usefulfraction of what was
actually retrieved (beta risk or type Il error).

Recall and precision presumethat categoriesassignedby human experts are correct,
complete,and well-speci ed; yet emergem conceptsare seldomclearly formulated. An ideal
information retrieval medanism must not only capture poorly expressedconcepts,but also
someheov adapt asideaschange;its conceptualontology must ewlve over time.

Most commerciallR systemsare basedon a booleanmodel of relevance. The query terms
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are matchedto keywords or to words in the documert cortent, and relevanceis determined
by the satisfaction of a boolean expressionspeci ed by the user. A variety of techniques
sudh as word stemming, truncation, thesauri and lexicons have been usedto extend this
model[Sal89.

In cortrast to booleanmethods, the so-called\v ector" methods usea notion of relevance
that is lesssharply de ned: a documert hasa degreeof relevance(salience)rather than sim-
ply beingrelevant or irrelevant. Documerts are represeted as points in a multidimensional
vector space. One can then comparedocumerts to ead other as well asto queries. One
commonly used measureis the cosineof the angle betweenthe points regardedas vectors
[Sal89. Other possiblemeasuresof salienceinclude path distancebetweennodesin a graph,
or the number of levels that must be traversedto connecttwo categoriesin a hierarchy of
abstractions.

While vector methods use probability and statistical methods to improve retrieval e®ec-
tivenessthey are the sameas boolean methods in their reliance on simple linguistic units,
such as combinations of words or phrases,as the basis for retrieval. Since fragmerts of
natural languagedo not always communicate a conceptunambiguously for every conbina-
tion of spealer, listener, writer or reader, retrieval errors inevitably arise from irrelevant
discourse.Consequetly, to improve retrieval e®ectienesdR systemsoften label documerts
using keywords or phrasesthat may newer appear in the documert itself.

Moreover, relevance requires relative judgemen; material irrelevant for categorization
may still be relevant for other user purposes. Retrieval that merely matches against text
in a documert body presumesconceptscan be completely characterizedby statistical cor-
relations. Yet as Jacobs[Jac93 obsenes, \statistical methods must be an aid rather than
a replacemen for knowledgeacquisition”. Text statistics are best usedto identify patterns
that depend on specializedwords and phrasesnot obvious to casualreaders. Medhanisms
that recognizecomplexideasare better constructedby human experts, whoseunderstanding
of a conceptmay transcendlanguage.

The power available in a contemporary pattern-matching IR systemcomesmostly from its
lexicon. Exciency motivatesuseof simple conbinations of lexical categories,suc ascanbe
represeted in regular expressions.Yet more complicated patterns and medanismsprovide
a major advantage in categoryde nition and retrieval despite the time and e®ort required
to createthem, rendering knowledge-basedpproadespreferableto statistical methods.

Unfortunately, knowledge-basedpproatesthat utilize semanic networks are currertly
consideredso inexcient that they are explicitly omitted from somelR textbooks. For ex-
ample, [FBY92] dismissegshem on the basisof \the amourt of manual e®ortthat would be
neededto represen a large documert collection.”

3 Related W ork.

Despite their reputation in IR circlesas cumbersome,inexcient and suitable only for small
databasesat leastonelR researber hasusedknowledge-basedhdicessuccessfullfFHL * 91].
Fuhr et al's AIR/X performs automatic indexing of documerts using terms (descriptors)



from a restricted vocabulary. Probabilistic classi cation determinesindexing weighs for
ead descriptor using rule-basedinference.

After building a systemsimilar to AIR/X, Jacobs[Jac93 determinedthat \the comnbina-
tion of statistical analysisand natural languagebasedcategorizationis considerablybetter
than either alone." His paper describesan automated set of statistical methods for pattern
acquisition that operateinside a knowledge-basedpproad for newscategorization(an area
closelyrelated to documert classi cation and other information retrieval tasks).

Both of these systemsattempt to automate the processof generating index terms.
KEYNETby cortrast, is not directly concernedwith how the index terms are obtained but
rather in the data structures and indexing techniquesthat would make use of the index
terms.

Se\eral distinct families of databasesfor semartic networks have beendeweloped. Sut
databasesare often called knowledge-basesystems. Someof the best known of these are:
ConceptualDependency ECO, KL-ONE, NETL, PreferenceéSemarnics, PSN and SNePs(see
[Leh92]). All of thesesupport link types,frame systemsand soon, but few if any explicitly
concernthemseheswith performancemeasuredamiliar in traditional databasework, sud as
minimizing the number of disk accessesequiredto retrieve complexstructures (i.e., graphs
asserbled from multiple framesand their typed relations). Contemporary knowledge-base
systemstraversesemaric networks oneframe/relation at atime. Unlessthe knowledge-base
‘ts ertirely in the main memory of a singleprocessorthesetraversalsresult in largeamourts
of virtual memory paging.

In [Lev9]], Levinsondescrikesa technique for pattern-oriented (graph) retrieval. Levin-
son's approad discorers common structures among graphs in a database,and then uses
pattern assaiativity to reducethe required number of tests for subgraphisomorphism. A
separatepaper, [Lev9d, comparestechniquesfor subgraphisomorphismtesting suitable for
pattern-oriented retrieval. The baselineretrieval method descritedin [Lev9d considersa °at
set of N networks with no pattern assaiativity information, in which ead query requires
N isomorphismtests. The rst improvemern indexescommonly occurring substructuresin
the graphs, and tests only a subset of the ertire database. A secondimprovemert cre-
ates a multilevel index of subgraphrelationships between successig levels of substructures
and the domain of graphsin the database(establishesa partial order). A nal elaboration
applies multilevel indexing to connectivity and label information required during subgraph
isomorphismtesting (via the re nemert method), rather than to the graph substructures
themseles. This producesa tree of \no de descriptors"in order of increasingspeci city, with
actual index pointers at its leaves.

In KEYNEWe adapt subgraphisomorphismtechniquesto determinethe relevanceof doc-
umerts that were previously annotated with keynets. Our approad compiles(fragmerts of)
seard paths through a tree of node descriptorsinto a hashtable, reducing lookup compu-
tation (although increasingdatabaseconstruction overhead).

The KNOWIdystemof S¢ Ivberg, Nordb¢, and Aamodt [SNA9Z embedsa semairtic network
in a front-end query re nement system. Queriesto the ESA-QUEST bibliographic database
are expandedaccordingto a semaric model that describesthe meaningof a conceptertirely



in terms of its relations to other conceptsin the model. The KNOWI$ystemis a front-end
to a traditional IR system,whereasKEYNETUsesa di®eren kind of seart strategy.

Chu and Chen [CC9Z explain that cooperative query answering (CQA) substitutes re-
trieval terms to and from someabstract object represemation (such as a type abstraction
hierardy). Separateframeworks can be used for grouping \data" (collections of objects
with the sametype and many commonproperties) and \knowledge" (relationships between
objects of di®eren typesin speci ¢ problem domains), for exampledata by (type) classand
knowledge by subject. (The \pattern instances”that link data and knowledge are mildly
reminiscen of semaric network nodes.)

One example of CQA is \Neighborhood query answering" (NQA) which rst general-
izes query terms and then re-specializesthem into a collection of \nearby concepts"in a
compound query. Neighborhood speci ers such as\morning", \afternoon" or \cross-couriry
°ight" substitute for speci ¢ times or airline names.Chu and Chen preser a formal system
of rewriting rules and nearnessmeasuredor query relaxation in NQA.

Another example of CQA is \Associative query answering” (AQA) which traces be-
haviour dependenciesamong\cooperating objects" under a given subject. Virtual \pattern
instances"with restricted scope and behaviour provide many-to-many linkagesbetweendata
objects and knowledgesubjects. Knowledgehierarchiesbasedon generalization,composition
or abstraction are usedto support deductive reasoningthat obtains information relevant to
guery construction but not explicitly contained in a user'srequest,using a logic-basedrule
languageand inferenceengine,°exible goals,object contexts, and soon.

In general, CQA is a front-end to a traditional databasemanagemenh system. Moreover,
the useris requiredto specify the degreeof relaxation explicitly; it is not doneautomatically.

The EDS TemplateFiller system[SMHC93 appliesMessagdJnderstanding(MUC) text-
‘Ttering techniquesto the generationof knowledgeframesfor one or a few speci ¢ subject
areasfrom ertire texts (computer product announcemets). TemplateFiller Tls in slots for
framesthat exist in a prede ned schemaof templates, ignoring subjects that are not in the
sthema.

There are many other MUC-style systems;in fact, there is an annual competition among
them. Sud a system could automate the construction of the keynets for a collection of
specializedtextual documerts. In fact, we are building a systemof this kind for biological
researt papers[BFH* 93].

4 System Arc hitecture.

The KEYNES®ystemis an information retrieval system for a subject-speci ¢ collection of
documerts. The subject areais de ned by a databasecalled the ontolagy. The ontology
includesa number of componerts sud asits schema, sublanguagegrammar and thesaurus.
The schemaspeci es the structure of knowledgeframesand handlesthe regular features of
knowledgein the subdiscipline. Lessregular featuresare speci ed in the thesauruswhich
can specify relationshipsbetweenconceptsin the sihemaaswell asbetweenindividual terms
in the sublanguage.The sublanguagegrammar is usedfor parsing natural languagequeries
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Figure 3: KEYNE®ystemArchitecture

as well as for generatingnatural languagefrom frames. The ontology is discussedn more
detail in section5.

The KEYNES$ystem processegjueriesusing a seriesof modules as in Figure 3. A user
guery may be formulated using natural languagetext which is parsedinto framesusing the
Natural Language(NL) parserwhich, in turn, usesinformation in the Sublanguagedatabase
and the knowledge frame sthema. The topic of NL parsing is beyond the scope of this
article and is not described further. Alternativ ely, a userquery may be directly expresseds
knowledgeframesusing a graphical frame Tl-in tool. Still another possibility (not shown in
the diagram) is for the userto formulate the query using natural languageand then to edit
the resulting framesif they were not properly parsedby the NL parser.

Howewer the knowledgeframes are obtained, the next step is to break the framesinto
small semaric networks, called probes, eat having a boundedsize. This fragmenation is
alsodonefor the keynetsof documerts, and fragmerts thereby obtained will be called index
terms.

The fragmertation of a query may alsoinvolve semaric \broadening" in which additional
probesmay be constructedby replacing conceptsand terms by closelyrelated conceptsand
terms. The thesaurusdatabasespeci es both the weight of such similarity links and the
behavior of substitution during broadening. Broadening the query increasesrecall at the
expenseof precision. The user can specify how broadly or narrowly the query is to be
interpreted by adjusting a threshhold value for semaric broadening.

The result of the fragmertation stepis a large number of probesthat can be indexedin
parallel. This is shown in the diagram by usingdoublearrows. The indexing stepis analogous
to the technique usedby biologiststo study the genome.A chromosome(a very long strand
of DNA) is probed using small piecesof DNA which can attach to the chromosomeonly
wherethey match in a precisefashion.

The KEYNE®Bystem separatesthe semaric broadening and indexing steps. As a re-



sult excient hashingtechniques may be employed rather than the somewhatlessezcient
tree-structured indices. Tree-structuredindices can be usedto solwe both the indexing and
broadeningstepsusing a single structure. For example,in a B-tree, ertries that are alpha-
betically closeare alsoclosein the index. Tedniquesfor indexing more than onedimension
are known (for example,the hB-tree of Lomet-Salzkerg [LS90]), but they are complexand
are not yet commonly available in commercialsystems. Semairtic networks not only have a
large number of \dimensions" but these dimensionsare also not typically linear. Semaric
proximity is very dixcult to expressor evento approximate using multidimensional vector
spacesasin the vector modelsof IR. Accordingly, in the KEYNE3ystemwe usehashindices
rather than tree indices. The cost of using hashingis that a much larger number of probes
must be processedput they can be processedn parallel.

The result of the indexing operation is a set of documert identi ers ead of which hasa
rough measureof relevancebasedon the number of probesthat \hit" the documert. This
measurecan be usedto rank the documerts. Alternativ ely, one can use more sophisticated
graphisomorphismtechniques. Thesemore sophisticatedtechniqueswould usethe thesaurus
aswell asthe original query. As thesetechniquesare beyond the scoge of this article, they
will be covered elsewhere.

The last step before presening the result to the useris a tool for explaining how the
documerts were retrieved. This can be as simple as highlighting the passageghat caused
the retrieval. This technique works well only when no semairtic broadening has occurred.
More complexforms of matching will require not only highlighting but alsonatural language
explanations.

Not shown in the diagram is the possibility of an additional form of user interaction
known as relevane feedback The user can indicate which documerts in a set of retrieved
documerts are actually relevant to the original query. Sudt feedba& can be usedto modify
the weights in the thesaurus,resulting in a customizedthesaurusfor ead user.

Also not shavn are the modulesinvolved in constructing the ontology and the keynets
of documerts. Theseissuesare the subject of the next section.

5 Ontology .

The word ontology literally means\a branch of metaphysics relating to the nature and
relationsof being." Our useof the word is much morerestrictive, dealingonly with the nature
of, and relationships among, conceptswithin a narrow subject area. Attempts to specify
ontologiesfor scieri ¢ disciplinesare very common,with most disciplineshaving somekind
of subject classi cation schemeby this time. Howeer, as Lako®points out,[Lak87], \h uman
categorizationis basedon principles that extend far beyond those envisionedin the classical
theory." As a result, simple classi cation methods leading to taxonomiesof conceptsare
inadequatefor expressingthe rich variety of human categorizationtechniques.

The KEYNE3ystemdependson having a badkground ontology that de nesthe structure
and behavior of keynets. The Ontology Builder[BF93] is a systemrelated to KEYNEThat
providessupport for constructing and maintaining subject-speci ¢ ontologiesthat have much



richer semartics than simple taxonomies.

One of the important featuresof the Ontology Builder is that it will automatically gener-
ate toolsfor ertering keynets. We currertly have a prototype calledthe M&M-Query system
that hassud a tool specializedfor entering knowledgeframesfor the Materials & Methods
sectionsof biological researt papers[BF93. This prototype furnished an important \pro of
of concept" for the feasibility of using sud tools for annotating documerts.

6 Fragmen tation.

No matter how the original query is formulated, it is evertually corverted into a graph
(semartic network) which is then given to the Fragmertation Module. The output of this
module is a set of small fragmerts called prokes a term borrowed from biology. This module
is responsiblefor substitutions (broadening) and the computation of the probes.

Broadeningis cortrolled by a weight assaiated with ead possiblesubstitution. Succes-
sive substitutions multiply the weights until a user-sgeci ed limit is reaced. This preverts
a conbinatorial explosion.

After computing the substitutions, the resulting graphs are broken into probes. The
simplest kind of probe is a single node. Eadh node is labeled with a type and possibly a
value. Types are de ned in the schema of the ontology, while values are de ned in the
lexicon. Roughly speaking, probesconsistingof a singlenode correspnd to the keywords of
a traditional keyword-basedIR system.

The next morecomplexprobeis a pair of nodesconnectedoy an attribute edge. Attribute
edgesare directed and have a label. The attribute labels are de ned in the schema of the
ontology. The most complex probe that is usedis one having two attribute edgesand two
or three nodes. Note that fragmerts can consistof more than one node together with the
edgeq(relationships) betweenthem, sothat any given node aswell asany given relationship
edgewill generallyoccur many times in the set of all fragmerts.

The algorithm for fragmertation can be expresseds follows:

for every node n:
output the node n
for every variant n° of n:
output the variant n°
for every outgoing edgee:
output the edgee with nodesn and t
for every variant n° of the sourcenode n:
output the edgee with nodesn®and t
for every variant t°of the target nodet:
output the edgee with nodesn and t°
for every pair of (undirected) edgese and f incident on nodest and u, respectively:
output the triple (n;t; u)
for every variant n° of the node n:
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output the triple (n%t; u)

for every variant t°of the node t:
output the triple (n;t%u)

for every variant u® of the node u:
output the triple (n;t; u9

Ead probe hasan assaiated weight. The weight is computed using weights taken from
the ontology as well as substitution weights and possibly even weights speci ed in some
way in the original query. The number of probescan be limited by specifying a lower limit
below which probeswill be discarded. Larger probeshave a weight larger than the sum of
the weights of its constituert parts sincea match with suc a probe would be much more
meaningfulthan just matcheswith the individual nodes.

The fact that a match with a larger probe is more meaningful than one with a smaller
probe suggeststhat indexing with larger probesis more useful than with smaller ones,in
general. Howeer, using larger probesexpandsthe sizeof the index greatly with index terms
that are much lesslikely to be matched. One must trade-o®the inclusion of index terms
that have high weight but little likelihood of being matched againstindex terms that have
lower weight but greaterlikelihood of being matched.

Returning to the query examplein Figure 2, the fragmertation step would produce six
probes: onefor ead node, onefor ead edge,and onefor the whole network. This assumes
no broadeningof the query. There are se\eral ways onecan broadenthis query. The speci ¢
language,C®, could be broadenedto any parallel language. The algorithm category could
be replacedwith a more generalcategorysud as\algorithm: seard." Just using thesetwo
variants, the number of probesincreasedrom six to twelve.

Even for a relatively small query, the fragmenration step can generatea large number of
probes. However, for a xed broadeninglimit, the number of probesis a constart times the
sizeof the query. For a more precisestatemen of this seeTheorem1 and Corollary 2 in the
Appendix.

7 Index Structure.

After fragmenation, the probesare hashedand matchedwith ertries in the index. If a probe
matchesan ertry in the index, then it is said to have hit the ertry. Each entry consistsof a
documernt identi er and additional information to be discussedbelon. A documert can be
hit by many probes,and the sum of the weights of all probesthat hit the documert (suitably
normalized) can be usedto give an appraximate measureof the relevance of the documert
to the query. Alternative measuref relevanceare discussedn the next section.

In the rest of this section,we discusshow the index is structured and how operations are
performedon the index. The details of the structure depend to someextert on the archi-
tecture of the madiine to be used. The main distinction is whether the memory is globally
shared(as in tightly coupledmadineslike the KSR-1) or local asin parallel computerslike
the MasPar or Connection Machine.
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7.1 Data Structure.

The overall structure of the index is a hashtable, with ead componert being calleda bucket
The buckets, in turn, have the structure of a cade, a structure not often usedin an index.
For this reason,we call our index structure a hash-acheindex

Eadh probe is converted to a hash index using a standard hashing algorithm as in
Knuth[Knu73 section 6.4]. For a probe p, let h(p) be its hash value, a string of exactly
n bits. We write h,(p) for the st k bits of h(p), wherek - n. Similarly, write h'(p) for
the last | bits of h(p). Write w(p) for the weight of the probe p. Depending on the madine
architecture, there will either be a xed number of buckets in the table or the number of
buckets can increaseas needed. When the number of buckets can vary, we employ the dy-
namic hashingsdemedue to Litwin[Lit80] which he hasrecerly generalizedto the caseof
distributed systems[LNS9B When the number of bucketsis xed, the number is a power of
two, say 2". The bucket for a probe p is then determined by hy,(p). The rest of the hash
value, h"i ™(p), is then usedfor searting within the bucket. The sametechnique holds for
the caseof a variable number of buckets exceptthat m is not necessarilythe samefor every
bucket.

Within ead bucdket data is arranged as a tree, where h,; n(p) is the index. The tree
must be balancedfor a parallel madcine architecture. Note that probesare not represeted
in the tree structure. One only has (parts of) hash valuesand documert iderti ers. For
this to work, it is necessaryfor the number of bits n in the hashvalue to be large enough
sothat collisionswill be very unlikely. Unlike traditional hashing algorithms, KEYNETan
tolerate occasionalcollisions becauseof the redundancyinherert in using large numbers of
probes. This optimization results in a signi cant reduction in the overall size of the index
since (partial) hash valuesare much smaller than probesin general. It also improvesthe
speed of indexing by replacing relatively costly string comparisonswith xed-size integer
comparisons.For more detail about the probability model underlying this optimization, see
the Appendix.

7.2 Searching.

To seard for a keynet - , one rst performssubstitutions on the nodesof -, obtaining a list
of variants for eat node. One then fragmerts - into a set of probes having at most three
vertices,at most oneof which is a variant node. SeeCorollary 2 in the Appendix for a bound
on how many probescan be generated.Let P (-) be the set of probes.

The next step is to compute h(p) for every p 2 P(-). This can be donein parallel.
The hash valuesare then sert to their buckets. More precisely at a bucket with address
a, one collectsthe weights w(p) and partial hashvaluesh"i ™ (p) of the probesthat satisfy
hm(p) = a. Ead partial hashvalue is then usedfor seartiing within its bucket. This step
useswell-known algorithms.

The tree searting can be done in parallel. However, in this case,one must face the
problemthat not all buckets will have the samenumber of probes. To processall the probes
in parallel will require a time proportional to the maximum number of probesoccurring in a
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bucket. This canbelarge,and it wastesresourcedecauseonly afew (or evenjust one)of the

parallel processorswill be doing useful work when the last few probes are being processed.
Howewer, becauseof the statistical nature of the algorithm, it is acceptableto discarda small

number of probes. When this is done,the number of parallel processingcyclesneededcan be

reducedto reasonablevalues. For example,if there are 1,000processorsand 2,000probes,

and if oneis willing to discard 2 probes on average,then it suxcesto processat most 7

probesat eat bucket. Seethe discussionand table in the Appendix for details.

The result of ead seart within a bucket is a set(possiblyempty) of documert iderti ers.
Eadch documert identi er is ass@iated with the weight w(p) of the probe. Setsof documert
iderti ers at di®eren buckets are then merged,with the weights beingaccurulated for eah
documert. The documert iderti ers having the highestaccurulated weight are then passed
to the next module for post-processing.

7.3 Insertion.

Insertion of keynetsinto the index beginswith a fragmenation step similar to the one for
searting exceptthat no substitutions are done on the nodes. The number of index terms
is then limited by the bound in Theorem 1. Assumingthat the knowledgeframesare not
too large, one can expect that the number of index terms will be no more than about 4 or
5 times the number of nodesin the keynet. The index terms are then hashedas before, but
now the partial hashvaluesand documert identi ers are insertedinto the buckets.

There can, of course,be more than one documen iderti er assaiated with the same
hash value. Howeer, if the number of these exceedsa speci ed limit, then the documert
identi ers are dropped from the index, although the partial hashvalue is not. Instead, the
partial hash value is assaiated with a marker to indicate that documert iderti ers were
deleted.

A hashvalue with a large number of assiated identi ers doesnot discriminate enough
for it to be useful for retrieval. Traditional IR systemsrefer to nondiscriminating words as
\stop words," and standard lists of stop words are available. Index terms that have too
many asseiated identi ers will be called stop terms,

If documerts are labeled by keynetshaving about 50 nodes,then there would be around
200 or soindex terms per documert. A collection of one million documerts will then have
over 200 million probes. Howewer, whenthe nondiscriminating index terms are dropped, the
number of terms will be substartially smaller, perhapsonly 50-100million. The resulting
index should take up lessthan a gigabyte of memory If eat documen requires 30-100K
bytes, then the the index will be about two ordersof magnitude smallerthan the documert
collection itself.

When a bucket over°ows, there are se\eral strategiesthat can be used. If expandable
hashing is being used, one simply allocates a new bucket (or budkets) and redistributes
the treesinto the new buckets. If there is a xed number of budkets, then occurrencesof
identi ers will be selectiely deleted from the bucdket in a manner similar to a cace. The
details of the cading algorithm are beyond the scope of this article. The e®ectof selectiwe
deletion of identi er occurrencess to \forget" index termsthat arelessuseful. This doesnot
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meanthat the documerts indexedby the forgotten terms are no longeraccessiblesinceeadh
documert will have many terms assaiated with it. Evertually, of course,all the references
to a given documert could be forgotten at which point the documert would ceaseto be
accessible Howewer, this would only happen after a relatively long period of time. It would
require more than just a lossof interest in this particular documert. It would mean that
there was no longer any interestin any feature of the documert.

7.4 Deletion.

Explicit deletion of documerts from the index can be done using a technique similar to the
one usedfor insertion. The only peculiar feature of deletion is that stop terms can change
badk to being ordinary index terms if enoughdocumerts are deleted. Howewer, it may not
be necessaryto deletedocumerts from the index. As noted in the subsectionabove, onecan
allow a documernt collection to increasein sizeeven with a xed sizeindex. In this case,
documerts do not get abruptly removed, but rather gradually get lessand lessaccessibleas
interestin its index terms declines.

8 Summary .

KEYNEIE a graph-orierted method for documert indexing and retrieval. Documerts must be
annotatedwith small semartic networksthat represen their key concepts.A larger semartic
network (part of a subject-speci ¢ ontology) determineswhich node and link types (basic
conceptsand relations) are consideredpertinent to a subject during documert retrieval.

The query graph actually usedfor retrieval may substitute more generalor speci ¢ con-
ceptsfor thosespeci ed by the user. Retrieval doesnot match large componerts of the query
graph againstwhole keynetsof documerts. Instead, the query graphis fragmentel into small
probes of bounded size. These fragmerts are matched against documert keynets, and re-
sulting retrieval setsof potentially relevant documerts are conmbined using fragmert-oriented
weights.

The graph represetations, their fragmertation, and post-retrieval merging of documert
setsassaiated with distinct fragmerts naturally introduce a "fuzziness" appropriate to in-
formation retrieval notions of relevance, and facilitate use of parallel processingresources
(at appropriate stages). Although it was not the inspiration for KEYNETt is interesting to
compareit with human memory Like human memoryit is asseiative and semanically rich.
It is also fault-tolerant: lossof a few probesduring retrieval or lossof someof the buckets
would make it somewhatharder to nd a documen but would not prevert it. It accom-
plishesthis fault-tolerance by randomly distributing many index terms for eacy documert
throughout the ertire index. Human memory is believed to have a similar feature. Human
memory is highly parallel, and in the parallel versionof the KEYNESystem,the index hasa
xed sizewith memoriesfading rather than abruptly disappearing.

The KEYNESystememploys a number of optimizations to ensurethat it scalesup to large
documert collectionsand so that it has high performance. Fragmertation conbined with
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pattern assaiativity of graph structures and linear hashing techniques producestractable
complexity of communications and computation, despite necessarysomorphismtesting and
index manipulation. The systemis therefore compatible with the requiremerts for seard
enginesneededin proposalsfor an NI|I.

The proposedretrieval medanism can be applied to instancesof itself, producing a
guasi-encyclogdic classi cation of documents. The following diagram suggestshow one
could organizeseart enginesin the NII:

Top-Lewl
'__jjjjjjthngine ]
.-'ijjjjjJJJJ tttttt JJ‘]JJJ Wy
Biology piil] Legal o Geoplysics Software
KEYNET KEYNET KEYNET KEYNET
Article Case o Image Program
Collection Collection Collection Collection

The top-level seart engine appearsto be a \hotspot" in this scheme, but it would not
have to be consultedfor every query. Most individuals would only usea few seart engines
and would not needto consult the top-level engineoncethe locations of theseengineswere
known.

Using currertly available technology, ead seart enginecould support collectionshaving
one million or more documerts. The top-level seart engine could, in turn, support one
million seard engines. The ertire structure would thereforeindex 10'? documerts having
an aggregatestoragesizeof 10'° bytes, i.e., 10,000Terabytes.
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App endix: Graph-Theoretic and Probabilistic Details

In this appendix, we sketch the derivation of someresultsfrom graph theory and probability
that are usefulfor KEYNET

Graph Theoretic Results

Theorem 1 Let G be an acyclic, undirected graph with v vertices and e edges. If there are
at most n edgesincident on an vertex, then there are at most1+ 2e+ n(ej 1)=2 connected
sulgraphshaving at most 3 vertices.

To prove this, one rst reducesto the connectedcase,in which casee= vi 1. Thereare
clearly 2e+ 1 connectedsubgraphshaving at most 2 vertices,sothe problemis to bound the
number of connectedsubgraphshaving exactly 3 vertices. One can show that this number is
maximized when all the verticesof G have either valencel or valencen (or ascloseto this
aspossible). There will beat most(ej 1)=(nj 1) verticeswith valencen, and ead of these
denes , connectedsubgraphshaving 3 vertices.

Allowing substitutions meansthat someof the verticeshave variants that are distinguish-
able from the original vertex. Subgraphsare allowed to have at most one variant vertex.

The following is an easycalculation given the onein the theorem above:

Corollary 2 Let G be an acyclic, undirected graph with v verticesand e edges. If there are
at mostn edgesincident on an vertex, and if each vertex hasat most m variants, then there
areat most1+ m+ (3m+ 2)e+ (3m+ 1)n(ej 1)=2 connected sulgraphshaving at most 3
vertices, whete at most one of the verticesis a variant.

Probabilit y Mo dels

If the hash function h(p) is properly chosen,then the hash valueswill be appraximately
uniformly distributed over their range. If the hashvalue is n bits long, then this rangeis
[0;2"i 1]. If thereareN itemsin the hashtable, then the probability of randomly generating
a hashvalue that correspndsto an item in the table is N2i ". In particular, if a probe p
does not match any item in the table, then it will accidertally match (\collide™) with the
hashvalue of an item in the table with probability N2i ". This canbe madearbitrarily small
by choosingn large enough. For example,if N is 67 million (i.e., 225) and if n is 40, then
the probability of a collisionis 21 4= 6 £ 10 °.
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The probability model beingusedhereis calledthe nite occupancy process The remain-
ing resultsare concernedwith the distribution of a setof independent hashvaluesdistributed
uniformly amonga set of buckets. Let P be the number of hashvalues(i.e., the number of
probes), and let B be the number of buckets. Supposethat one can only processup to N
probesper bucket. Let Dpgn be the number of probesthat are not processedand hence
discarded), and let FDpgn = Dpgn=P be the fraction of all probesthat are discarded.
Both of theseare random variables. We would like to compute the expectation (average)of
theserandom variables:

Prop osition 3 LetP;B;N be positive integerswith B > 10, and write ® for the ratio P=B.
Then the expectation of FDpgy IS approximately equal to

1 R ®

- (ki N)—e ®:

®k: N +1 N'!

The expectation is computed as follows. First approximate the nite occupancyprocess
with the Poissonprocess. In Poissonprocess,the probability that there are k probesin a
given bucket is %e‘ ® If k- N, then no probesare discarded;if k = N + 1, then oneprobe
is discarded;and soon. Thus the expectednumber of probesdiscardedin a single bucket is

@
(K i N)HeI ®:
k=N+1
The total number of probesdiscarded,Dpgy, is the sum of the number of probesdiscarded

at eatd bucket. There are B buckets, and they are stochastically independen (unlike the
caseof the nite occupancyprocess).Hence

R ®
E(Dpen) =B (K i N)Fel ©:
k=N+1 -

Finally, sinceFDpgn = Dpgn =P, the result follows.
The following table givesvaluesof N sud that the expectation of FDpgy is lessthan
0.01,0.001and 0.0001,for various valuesof the ratio P=B:

P=B | E(FD) < 0:01| E(FD) < 0:001] E(FD) < 0:0001
0.5 3 4 5

1 4 5 6

2 6 7 9

3 7 9 11

5 10 12 14

10 16 19 22

20 27 31 35
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