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Abstract

We proposean architecture and index structure for semantically rich information
retrieval from a subject-speci¯c collection of documents or other information objects.
The technique assumesthat information objects havebeenlabeledusingsmall semantic
networks called keynets. The index structure is compatible with parallel machine
architectures and scalesup well, allowing very large collections to be searched very
quickly using semantically complex queries.

1 In tro duction.

With the expansionof the Internet and the development of new \Information Highways,"
computer-basedcommunication is becomingthe de¯ning technology of this decade.A num-
ber of proposalshavebeenmadeto build a coherent structure over thesenewhigh-bandwidth
networks to convert them into a National Information Infrastructure (NI I). For example,the
proposedI-95 Information Market [T+ 93] proposesan infrastructure that facilitates the free-
market purchase,sale and exchange of services. The amount of information that will be
available on the I-95 or any other NI I is immense: on the order of billions of objects and
hundredsof terabytes of data. Finding information in such an environment is a monumental
task but essential to the successof the infrastructure. Any solution to this problem must

¤This material is basedupon work supported by the National ScienceFoundation under Grant No. IRI-
9117030.
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satisfy two important requirements: it must be scalableto handle the large number of in-
formation objects and it must be semantically rich enoughto support e®ective information
retrieval (IR).

We proposean architecture and indexing strategy for a search enginethat would satisfy
theserequirements. The KEYNETsystemwould support information retrieval for a collection
of information objects in a singlesubject area,such asa collectionof biological research arti-
cles,a set of court cases,̄ les containing remotegeophysical sensordata, or even collections
of software programsand modules. KEYNETassumesthat the information objects in its col-
lection havebeenannotatedusingsmall semantic networksof key concepts(keynets)that are
consistent with a subject-speci¯c conceptontology.1 Although there are certainly important
distinctions betweensemantic networks, knowledgeframesand objects in an object-oriented
database,none of thesedistinctions are important for the purposesof KEYNET, so they will
be usedinterchangeablywithin the context of this article.

A keynet is similar to an abstract or review of a document both in size and in being
separatelyaccessiblefrom its corresponding document. If good tools are available, it could
be generatedby the author of the document with no more e®ort than is now taken to 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 research literature consistsof some600,000
articles per year. It would cost less than $30 million per year to annotate this literature
with keynets,a tiny amount comparedto the cost of generatingthis literature in the ¯rst
place[BF93].

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

Keywordshave the advantagethat they may include topically relevant wordsand phrases
that donot appearin the documents themselves. Furthermore,someinformation objects(like
images,scienti¯c data and software) have no text that can reasonablybe usedby traditional
IR technology. Keynets enrich the possiblesemantics as comparedwith keywords basedon
simplesubject classi¯cation schemesby adding relationshipsbetweenkeywords. In addition
to being more expressive than sets of keywords, keynets would also generally be larger,
though still much smaller than the entire information object.

To describe a keynet for the imaginary POOQ paper above, we must ¯rst describe a
hypothetical ontology for Computer Science.Supposethat oneof the classesin this ontology
is concernedwith the conceptof translation or transformation. The keynet for the POOQ
paper couldbeginwith an instanceof the transformation classwhich is linkedvia an attribute

1We are misusing the word \annotate" slightly here. Although a keynet may refer to portions of its
document, its role is to classify or abstract rather than to explain the portions of the document 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 semantic networks the keynet would look somethinglike that shown in Figure 1. In
this ¯gure, the label of each node consistsof its type followed by its value (if any) separated
by a colon. Since the output languageis well-known, no further elaboration is needed.
However, the input language,POOQ, is not well-known, so it must be speci¯ed further with
attributes like its nameand other attributes not shown.

The I-95 infrastructure proposal speci¯cally mentions the need for \content labels [on
information objects] to permit users to learn about available resources." These content
labelsare designedto deal with the problem of scalingup to a full-scaleNI I. Keynets would
provide a solution to the design of such content labels. In spite of supporting the rich
semantic content possiblewith semantic networks, the KEYNETsystemusese±cient indexing
techniquesbasedon hashingto make it a fast and scalablesearch engine.

Sincethe purposeof the KEYNETsystemis information retrieval, the paper beginswith
somebackground on IR in section2. Despite the perceived ine±ciency of semantic network
techniquesin IR, there are systemsthat usesuch methods, and we discusssuch related work
in section3. We then describe the overall systemarchitecture of KEYNET.

The KEYNETsystemis an information retrieval systemfor a subject area as speci¯ed in
a databasecalled the ontology. The ontology is discussedin section 5. The objects in the
collection will be called documentseven though, as noted earlier, the KEYNETsystemworks
equally well with information objects that are not documents in the usualsenseof this term.
The most common use of KEYNETbeginswith a user query. The query may be expressed
using natural languagetext which is parsedto obtain a semantic network, or elsea graphic
interfacemay be usedto expressthe query directly in terms of semantic networks. The same
ontology is usedfor de¯ning the structure of semantic networks of queriesas that usedfor
keynets. For example,the query \What systemsusedynamic programming to generateC¤

code?" would be translated into a semantic network like that in Figure 2.
Having converted the original query into a semantic network, the next step is to break

the network into small semantic networks having a boundedsize. We call thesefragments
probes. Fragmentation is discussedin section6. Thesefragments are indexed using a hash
index structure de¯ned in section 7. The keynets are also fragmented and the fragments
inserted into the index as described in subsection7.3. The search step consistsof hashing
the probesand looking for matcheswith fragments of keynetsof documents. In the example,
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Figure 2: Semantic network of a query

the POOQ document would have fragments that match every probe of the query. The search
algorithm is described in more detail in subsection7.2.

We are in the processof developinga prototype KEYNETsystemfor information retrieval
on two document collections. The ¯rst is a small document collectionand ontology prepared
by the Biological KnowledgeLaboratory [BFH+ 93] at NortheasternUniversity. The second
will be a full-size, randomly-generateddocument collection. The ¯rst collection will be used
for testing recall and precision,while the secondcollection will be usedfor testing database
performance. For a discussionof techniques for rapid generationof random databasessee
[GEBW93].

2 Information Retriev al.

Information retrieval systemsare primarily concernedwith the problem of providing mech-
anisms for a user to select a small set of relevant documents (or parts of documents like
chapters, ¯gures, tables, etc.) from a large document collection. This objective di®ersfrom
databasemanagement in a number of ways. Generally speaking, IR systemsare not con-
cernedwith answering detailed queriesabout the content of the documents in the collection.
On the other hand, whereasa databasesystemcan 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 e±ciently the query can be evaluated. By contrast, sinceIR queriesare not
required to be precise, one measuresperformancein a di®erent manner. The two most
commongeneralmeasuresof retrieval quality in IR research are called recall and precision.
The former is the ratio of documents retrieved versusthe number of available documents
relevant to the query, i.e., the fraction returned out of all desirabledocuments (a measure
of alpha risk or type I error). The latter is the ratio of the number of relevant documents
retrieved versusthe total number of documents retrieved, or the useful fraction of what was
actually retrieved (beta risk or type I I error).

Recall and precision presumethat categoriesassignedby human experts are correct,
complete,and well-speci¯ed; yet emergent conceptsare seldomclearly formulated. An ideal
information retrieval mechanism must not only capture poorly expressedconcepts,but also
somehow adapt as ideaschange;its conceptualontology must evolve over time.

Most commercialIR systemsarebasedon a booleanmodel of relevance. The query terms
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are matched to keywords or to words in the document content, and relevanceis determined
by the satisfaction of a boolean expressionspeci¯ed by the user. A variety of techniques
such as word stemming, truncation, thesauri and lexicons have been used to extend this
model[Sal89].

In contrast to booleanmethods, the so-called\v ector" methods usea notion of relevance
that is lesssharply de¯ned: a document hasa degreeof relevance(salience)rather than sim-
ply being relevant or irrelevant. Documents are represented aspoints in a multidimensional
vector space. One can then comparedocuments to each other as well as to queries. One
commonly usedmeasureis the cosineof the angle between the points regardedas vectors
[Sal89]. Other possiblemeasuresof salienceinclude path distancebetweennodesin a graph,
or the number of levels that must be traversedto connect two categoriesin a hierarchy of
abstractions.

While vector methods useprobability and statistical methods to improve retrieval e®ec-
tiv eness,they are the sameas booleanmethods in their relianceon simple linguistic units,
such as combinations of words or phrases,as the basis for retrieval. Since fragments of
natural languagedo not always communicate a conceptunambiguously for every combina-
tion of speaker, listener, writer or reader, retrieval errors inevitably arise from irrelevant
discourse.Consequently, to improve retrieval e®ectivenessIR systemsoften label documents
using keywords or phrasesthat may never appear in the document itself.

Moreover, relevance requires relative judgement; material irrelevant for categorization
may still be relevant for other user purposes. Retrieval that merely matches against text
in a document body presumesconceptscan be completely characterizedby statistical cor-
relations. Yet as Jacobs[Jac93] observes, \statistical methods must be an aid rather than
a replacement for knowledgeacquisition". Text statistics are best usedto identify patterns
that depend on specializedwords and phrasesnot obvious to casual readers. Mechanisms
that recognizecomplexideasarebetter constructedby human experts, whoseunderstanding
of a conceptmay transcendlanguage.

The power available in a contemporary pattern-matching IR systemcomesmostly from its
lexicon. E±ciency motivatesuseof simplecombinations of lexical categories,such ascan be
represented in regular expressions.Yet more complicatedpatterns and mechanismsprovide
a major advantage in category de¯nition and retrieval despite the time and e®ort required
to createthem, renderingknowledge-basedapproachespreferableto statistical methods.

Unfortunately, knowledge-basedapproachesthat utilize semantic networks are currently
consideredso ine±cient that they are explicitly omitted from someIR textbooks. For ex-
ample, [FBY92] dismissesthem on the basisof \the amount of manual e®ort that would be
neededto represent a large document collection."

3 Related Work.

Despite their reputation in IR circlesas cumbersome,ine±cient and suitable only for small
databases,at leastoneIR researcherhasusedknowledge-basedindicessuccessfully[FHL + 91].
Fuhr et al's AIR/X performs automatic indexing of documents using terms (descriptors)
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from a restricted vocabulary. Probabilistic classi¯cation determines indexing weights for
each descriptor using rule-basedinference.

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

Both of these systems attempt to automate the processof generating index terms.
KEYNET, by contrast, is not directly concernedwith how the index terms are obtained but
rather in the data structures and indexing techniques that would make use of the index
terms.

Several distinct families of databasesfor semantic networks have beendeveloped. Such
databasesare often called knowledge-basesystems. Someof the best known of theseare:
ConceptualDependency, ECO, KL-ONE, NETL, PreferenceSemantics, PSNand SNePs(see
[Leh92]). All of thesesupport link types,frame systemsand so on, but few if any explicitly
concernthemselveswith performancemeasuresfamiliar in traditional databasework, such as
minimizing the number of disk accessesrequired to retrieve complexstructures (i.e., graphs
assembled from multiple framesand their typed relations). Contemporary knowledge-base
systemstraversesemantic networks oneframe/relation at a time. Unlessthe knowledge-base
¯ts entirely in the main memoryof a singleprocessor,thesetraversalsresult in largeamounts
of virtual memory paging.

In [Lev91], Levinsondescribesa technique for pattern-oriented (graph) retrieval. Levin-
son's approach discovers common structures among graphs in a database,and then uses
pattern associativit y to reducethe required number of tests for subgraph isomorphism. A
separatepaper, [Lev92], comparestechniquesfor subgraphisomorphismtesting suitable for
pattern-oriented retrieval. The baselineretrieval method described in [Lev92] considersa °at
set of N networks with no pattern associativit y information, in which each query requires
N isomorphismtests. The ¯rst improvement indexescommonly occurring substructuresin
the graphs, and tests only a subset of the entire database. A secondimprovement cre-
ates a multilevel index of subgraphrelationshipsbetweensuccessive levels of substructures
and the domain of graphs in the database(establishesa partial order). A ¯nal elaboration
appliesmultilevel indexing to connectivity and label information required during subgraph
isomorphismtesting (via the re¯nement method), rather than to the graph substructures
themselves. This producesa tree of \no dedescriptors" in order of increasingspeci¯cit y, with
actual index pointers at its leaves.

In KEYNETwe adapt subgraphisomorphismtechniquesto determinethe relevanceof doc-
uments that werepreviously annotatedwith keynets. Our approach compiles(fragments of)
search paths through a tree of node descriptorsinto a hash table, reducing lookup compu-
tation (although increasingdatabaseconstruction overhead).

The KNOWITsystemof S¿lvberg,Nordb¿andAamodt [SNA92] embedsa semantic network
in a front-end query re¯nement system. Queriesto the ESA-QUEST bibliographic database
areexpandedaccordingto a semantic model that describesthe meaningof a conceptentirely
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in terms of its relations to other conceptsin the model. The KNOWITsystemis a front-end
to a traditional IR system,whereasKEYNETusesa di®erent kind of search strategy.

Chu and Chen [CC92] explain that cooperative query answering (CQA) substitutes re-
trieval terms to and from someabstract object representation (such as a type abstraction
hierarchy). Separateframeworks can be used for grouping \data" (collections of objects
with the sametype and many commonproperties) and \knowledge" (relationships between
objects of di®erent typesin speci¯c problem domains), for exampledata by (type) classand
knowledgeby subject. (The \pattern instances" that link data and knowledgeare mildly
reminiscent of semantic 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", \afterno on" or \cross-country
°ight" substitute for speci¯c times or airline names.Chu and Chen present a formal system
of rewriting rules and nearnessmeasuresfor 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
objectsand knowledgesubjects. Knowledgehierarchiesbasedon generalization,composition
or abstraction are usedto support deductive reasoningthat obtains information relevant to
query construction but not explicitly contained in a user'srequest,using a logic-basedrule
languageand inferenceengine,°exible goals,object contexts, and so on.

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

The EDS TemplateFiller system[SMHC93] appliesMessageUnderstanding(MUC) text-
¯ltering techniquesto the generationof knowledgeframesfor one or a few speci¯c subject
areasfrom entire texts (computer product announcements). TemplateFiller ¯lls in slots for
framesthat exist in a prede¯ned schemaof templates, ignoring subjects that are not in the
schema.

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

4 System Arc hitecture.

The KEYNETsystem is an information retrieval system for a subject-speci¯c collection of
documents. The subject area is de¯ned by a databasecalled the ontology. The ontology
includesa number of components such as its schema,sublanguagegrammar and thesaurus.
The schemaspeci¯es the structure of knowledgeframesand handlesthe regular featuresof
knowledgein the subdiscipline. Lessregular featuresare speci¯ed in the thesauruswhich
canspecify relationshipsbetweenconceptsin the schemaaswell asbetweenindividual terms
in the sublanguage.The sublanguagegrammar is usedfor parsing natural languagequeries
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Figure 3: KEYNETSystemArchitecture

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

The KEYNETsystem processesqueriesusing a seriesof modules as in Figure 3. A user
query 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 schema. The topic of NL parsing is beyond the scope of this
article and is not described further. Alternativ ely, a userquery may be directly expressedas
knowledgeframesusing a graphical frame ¯ll-in tool. Still another possibility (not shown in
the diagram) is for the user to formulate the query using natural languageand then to edit
the resulting framesif they werenot properly parsedby the NL parser.

However the knowledgeframes are obtained, the next step is to break the frames into
small semantic networks, called probes,each having a boundedsize. This fragmentation is
alsodonefor the keynetsof documents, and fragments thereby obtained will be called index
terms.

The fragmentation of a querymay alsoinvolvesemantic \broadening" in which additional
probesmay be constructedby replacingconceptsand terms by closelyrelated conceptsand
terms. The thesaurusdatabasespeci¯es both the weight of such similarit y 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 semantic broadening.

The result of the fragmentation step is a large number of probesthat can be indexed in
parallel. This is shown in the diagramby usingdoublearrows. The indexingstepis analogous
to the technique usedby biologists to 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 KEYNETsystem separatesthe semantic broadening and indexing steps. As a re-
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sult e±cient hashing techniquesmay be employed rather than the somewhatlesse±cient
tree-structured indices. Tree-structuredindicescan be usedto solve both the indexing and
broadeningstepsusing a singlestructure. For example,in a B-tree, entries that are alpha-
betically closeare alsoclosein the index. Techniquesfor indexing more than onedimension
are known (for example,the hB-tree of Lomet-Salzberg [LS90]), but they are complex and
are not yet commonly available in commercialsystems.Semantic networks not only have a
large number of \dimensions" but thesedimensionsare also not typically linear. Semantic
proximit y is very di±cult to expressor even to approximate using multidimensional vector
spacesas in the vector modelsof IR. Accordingly, in the KEYNETsystemwe usehashindices
rather than tree indices. The cost of using hashingis that a much larger number of probes
must be processed,but they can be processedin parallel.

The result of the indexing operation is a set of document identi¯ers each of which hasa
rough measureof relevancebasedon the number of probes that \hit" the document. This
measurecan be usedto rank the documents. Alternativ ely, onecan usemore sophisticated
graph isomorphismtechniques.Thesemoresophisticatedtechniqueswould usethe thesaurus
as well as the original query. As thesetechniquesare beyond the scope of this article, they
will be coveredelsewhere.

The last step before presenting the result to the user is a tool for explaining how the
documents were retrieved. This can be as simple as highlighting the passagesthat caused
the retrieval. This technique works well only when no semantic broadeninghas occurred.
More complexforms of matching will requirenot only highlighting but alsonatural language
explanations.

Not shown in the diagram is the possibility of an additional form of user interaction
known as relevance feedback. The user can indicate which documents in a set of retrieved
documents are actually relevant to the original query. Such feedback can be usedto modify
the weights in the thesaurus,resulting in a customizedthesaurusfor each user.

Also not shown are the modules involved in constructing the ontology and the keynets
of documents. 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 scienti¯c disciplinesare very common,with most disciplineshaving somekind
of subject classi¯cation schemeby this time. However, asLako®points out,[Lak87], \h uman
categorizationis basedon principles that extend far beyond thoseenvisionedin the classical
theory." As a result, simple classi¯cation methods leading to taxonomiesof conceptsare
inadequatefor expressingthe rich variety of human categorizationtechniques.

The KEYNETsystemdependson having a background ontology that de¯nes the structure
and behavior of keynets. The Ontology Builder[BF93] is a system related to KEYNETthat
providessupport for constructingand maintaining subject-speci¯c ontologiesthat havemuch
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richer semantics than simple taxonomies.
Oneof the important featuresof the Ontology Builder is that it will automatically gener-

ate tools for entering keynets. We currently have a prototype calledthe M&M-Query system
that hassuch a tool specializedfor entering knowledgeframesfor the Materials & Methods
sectionsof biological research papers[BF93]. This prototype furnished an important \pro of
of concept" for the feasibility of using such tools for annotating documents.

6 Fragmen tation.

No matter how the original query is formulated, it is eventually converted into a graph
(semantic network) which is then given to the Fragmentation Module. The output of this
module is a set of small fragments calledprobes, a term borrowed from biology. This module
is responsiblefor substitutions (broadening) and the computation of the probes.

Broadeningis controlled by a weight associated with each possiblesubstitution. Succes-
sive substitutions multiply the weights until a user-speci¯ed limit is reached. This prevents
a combinatorial explosion.

After computing the substitutions, the resulting graphs are broken into probes. The
simplest kind of probe is a single node. Each 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 correspond to the keywords of
a traditional keyword-basedIR system.

The next morecomplexprobe is a pair of nodesconnectedby 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 fragments can consist of more than one node together with the
edges(relationships) betweenthem, sothat any given node aswell asany given relationship
edgewill generallyoccur many times in the set of all fragments.

The algorithm for fragmentation can be expressedas follows:

for every node n:
output the node n
for every variant n0 of n:

output the variant n0

for every outgoing edgee:
output the edgee with nodesn and t
for every variant n0 of the sourcenode n:

output the edgee with nodesn0 and t
for every variant t0 of the target node t:

output the edgee with nodesn and t0

for every pair of (undirected) edgese and f incident on nodest and u, respectively:
output the triple (n; t; u)
for every variant n0 of the node n:
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output the triple (n0; t; u)
for every variant t0 of the node t:

output the triple (n; t0; u)
for every variant u0 of the node u:

output the triple (n; t; u0)

Each probe hasan associated weight. The weight is computedusing 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 constituent parts sincea match with such a probe would be much more
meaningful than 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 probes is more useful than with smaller ones,in
general.However, 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 against index terms that have
lower weight but greater likelihood of being matched.

Returning to the query examplein Figure 2, the fragmentation step would produce six
probes: one for each node, one for each edge,and one for the whole network. This assumes
no broadeningof the query. There are several ways onecan broadenthis query. The speci¯c
language,C¤, could be broadenedto any parallel language. The algorithm category could
be replacedwith a more generalcategorysuch as \algorithm: search." Just using thesetwo
variants, the number of probesincreasesfrom six to twelve.

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

7 Index Structure.

After fragmentation, the probesarehashedand matchedwith entries in the index. If a probe
matchesan entry in the index, then it is said to have hit the entry. Each entry consistsof a
document identi¯er and additional information to be discussedbelow. A document can be
hit by many probes,and the sumof the weights of all probesthat hit the document (suitably
normalized) can be usedto give an approximate measureof the relevanceof the document
to the query. Alternativ e measuresof relevanceare discussedin the next section.

In the rest of this section,we discusshow the index is structured and how operationsare
performed on the index. The details of the structure depend to someextent on the archi-
tecture of the machine to be used. The main distinction is whether the memory is globally
shared(as in tightly coupledmachineslike the KSR-1) or local as in parallel computerslike
the MasPar or ConnectionMachine.
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7.1 Data Structure.

The overall structure of the index is a hashtable, with each component beingcalleda bucket.
The buckets, in turn, have the structure of a cache, a structure not often usedin an index.
For this reason,we call our index structure a hash-cacheindex.

Each 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 hk(p) for the ¯rst k bits of h(p), where k · n. Similarly, write hl (p) for
the last l bits of h(p). Write w(p) for the weight of the probe p. Depending on the machine
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 hashingschemedue to Lit win[Lit80] which he has recently generalizedto the caseof
distributed systems[LNS93]. When the number of buckets is ¯xed, the number is a power of
two, say 2m . The bucket for a probe p is then determined by hm (p). The rest of the hash
value, hn¡ m (p), is then usedfor searching within the bucket. The sametechnique holds for
the caseof a variable number of buckets except that m is not necessarilythe samefor every
bucket.

Within each bucket data is arranged as a tree, where hn¡ m (p) is the index. The tree
must be balancedfor a parallel machine architecture. Note that probesare not represented
in the tree structure. One only has (parts of) hash values and document identi¯ers. For
this to work, it is necessaryfor the number of bits n in the hash value to be large enough
so that collisions will be very unlikely. Unlike traditional hashing algorithms, KEYNETcan
tolerate occasionalcollisionsbecauseof the redundancyinherent in using large numbers of
probes. This optimization results in a signi¯cant reduction in the overall sizeof the index
since (partial) hash valuesare much smaller than probes in general. It also improves the
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 search for a keynet · , one¯rst performssubstitutions on the nodesof · , obtaining a list
of variants for each node. One then fragments · into a set of probeshaving 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 done in parallel.
The hash values are then sent to their buckets. More precisely, at a bucket with address
a, one collects the weights w(p) and partial hash valueshn¡ m (p) of the probes that satisfy
hm (p) = a. Each partial hash value is then usedfor searching within its bucket. This step
useswell-known algorithms.

The tree searching can be done in parallel. However, in this case,one must face the
problem that 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 canbe large,and it wastesresourcesbecauseonly a few(or even just one)of the
parallel processorswill be doing useful work when the last few probesare being processed.
However, becauseof the statistical nature of the algorithm, it is acceptableto discarda small
number of probes. When this is done,the number of parallel processingcyclesneededcanbe
reducedto reasonablevalues. For example, if there are 1,000processorsand 2,000probes,
and if one is willing to discard 2 probes on average,then it su±ces to processat most 7
probesat each bucket. Seethe discussionand table in the Appendix for details.

The result of each search within a bucket is a set (possiblyempty) of document identi¯ers.
Each document identi¯er is associated with the weight w(p) of the probe. Setsof document
identi¯ers at di®erent buckets are then merged,with the weights beingaccumulated for each
document. The document identi¯ers having the highestaccumulated weight are then passed
to the next module for post-processing.

7.3 Insertion.

Insertion of keynets into the index beginswith a fragmentation step similar to the one for
searching except that no substitutions are done on the nodes. The number of index terms
is then limited by the bound in Theorem 1. Assuming that 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 hashedasbefore,but
now the partial hashvaluesand document identi¯ers are inserted into the buckets.

There can, of course,be more than one document identi¯er associated with the same
hash value. However, if the number of theseexceedsa speci¯ed limit, then the document
identi¯ers are dropped from the index, although the partial hash value is not. Instead, the
partial hash value is associated with a marker to indicate that document identi¯ers were
deleted.

A hashvalue with a large number of associated 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 associated identi¯ers will be called stop terms.

If documents are labeledby keynetshaving about 50 nodes,then there would be around
200 or so index terms per document. A collection of one million documents will then have
over 200million probes. However, when the nondiscriminating index terms are dropped, the
number of terms will be substantially smaller, perhapsonly 50-100million. The resulting
index should take up lessthan a gigabyte of memory. If each document requires30-100K
bytes, then the the index will be about two ordersof magnitude smaller than the document
collection itself.

When a bucket over°ows, there are several strategiesthat can be used. If expandable
hashing is being used, one simply allocates a new bucket (or buckets) and redistributes
the trees into the new buckets. If there is a ¯xed number of buckets, then occurrencesof
identi¯ers will be selectively deleted from the bucket in a manner similar to a cache. The
details of the caching algorithm are beyond the scope of this article. The e®ectof selective
deletionof identi¯er occurrencesis to \forget" index terms that are lessuseful. This doesnot
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meanthat the documents indexedby the forgotten terms areno longeraccessible,sinceeach
document will have many terms associated with it. Eventually, of course,all the references
to a given document could be forgotten at which point the document would ceaseto be
accessible.However, this would only happen after a relatively long period of time. It would
require more than just a loss of interest in this particular document. It would mean that
there was no longer any interest in any feature of the document.

7.4 Deletion.

Explicit deletion of documents from the index can be doneusing a technique similar to the
one usedfor insertion. The only peculiar feature of deletion is that stop terms can change
back to being ordinary index terms if enoughdocuments are deleted. However, it may not
be necessaryto deletedocuments from the index. As noted in the subsectionabove, onecan
allow a document collection to increasein size even with a ¯xed size index. In this case,
documents do not get abruptly removed, but rather gradually get lessand lessaccessibleas
interest in its index terms declines.

8 Summary .

KEYNETis a graph-oriented method for document indexing and retrieval. Documents must be
annotatedwith small semantic networks that represent their key concepts.A larger semantic
network (part of a subject-speci¯c ontology) determineswhich node and link types (basic
conceptsand relations) are consideredpertinent to a subject during document retrieval.

The query graph actually usedfor retrieval may substitute more generalor speci¯c con-
ceptsfor thosespeci¯ed by the user. Retrieval doesnot match largecomponents of the query
graph againstwholekeynetsof documents. Instead, the query graph is fragmented into small
probes of bounded size. These fragments are matched against document keynets, and re-
sulting retrieval setsof potentially relevant documents arecombined usingfragment-oriented
weights.

The graph representations, their fragmentation, and post-retrieval mergingof document
setsassociated with distinct fragments 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 KEYNET, it is interesting to
compareit with human memory. Like human memory it is associative and semantically rich.
It is also fault-tolerant: lossof a few probesduring retrieval or lossof someof the buckets
would make it somewhatharder to ¯nd a document but would not prevent it. It accom-
plishesthis fault-tolerance by randomly distributing many index terms for each document
throughout the entire index. Human memory is believed to have a similar feature. Human
memory is highly parallel, and in the parallel versionof the KEYNETsystem,the index hasa
¯xed sizewith memoriesfading rather than abruptly disappearing.

The KEYNETsystememploys a number of optimizations to ensurethat it scalesup to large
document collectionsand so that it has high performance. Fragmentation combined with
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pattern associativit y of graph structures and linear hashing techniquesproducestractable
complexity of communications and computation, despitenecessaryisomorphismtesting and
index manipulation. The system is therefore compatible with the requirements for search
enginesneededin proposalsfor an NI I.

The proposed retrieval mechanism can be applied to instancesof itself, producing a
quasi-encyclopedic classi¯cation of documents. The following diagram suggestshow one
could organizesearch enginesin the NI I:
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The top-level search engine appears to be a \hotspot" in this scheme, but it would not
have to be consultedfor every query. Most individuals would only usea few search engines
and would not needto consult the top-level engineoncethe locations of theseengineswere
known.

Using currently available technology, each search enginecould support collectionshaving
one million or more documents. The top-level search engine could, in turn, support one
million search engines. The entire structure would therefore index 1012 documents having
an aggregatestoragesizeof 1016 bytes, i.e., 10,000Terabytes.
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App endix: Graph-Theoretic and Probabilistic Details

In this appendix, we sketch the derivation of someresults from graph theory and probability
that are useful for 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 most 1+ 2e+ n(e¡ 1)=2 connected
subgraphshaving at most 3 vertices.

To prove this, one¯rst reducesto the connectedcase,in which casee = v ¡ 1. There are
clearly 2e+ 1 connectedsubgraphshaving at most 2 vertices,sothe problem is to bound the
number of connectedsubgraphshaving exactly 3 vertices. Onecan show that this number is
maximized when all the verticesof G have either valence1 or valencen (or as closeto this
aspossible).There will be at most (e¡ 1)=(n ¡ 1) verticeswith valencen, and each of these
de¯nes

³
n
2

´
connectedsubgraphshaving 3 vertices.

Allowing substitutions meansthat someof the verticeshavevariants that aredistinguish-
able from the original vertex. Subgraphsare allowed to have at most one variant vertex.
The following is an easycalculation given the one in the theoremabove:

Corollary 2 Let G be an acyclic, undirected graph with v verticesand e edges.If there are
at most n edgesincident on an vertex, and if each vertexhasat most m variants, then there
are at most 1 + m + (3m + 2)e+ (3m + 1)n(e ¡ 1)=2 connected subgraphshaving at most 3
vertices, where at most one of the vertices is a variant.

Probabilit y Mo dels

If the hash function h(p) is properly chosen, then the hash values will be approximately
uniformly distributed over their range. If the hash value is n bits long, then this range is
[0; 2n ¡ 1]. If there areN items in the hashtable, then the probability of randomly generating
a hash value that corresponds to an item in the table is N 2¡ n . In particular, if a probe p
does not match any item in the table, then it will accidentally match (\collide") with the
hashvalueof an item in the table with probability N 2¡ n . This canbe madearbitrarily small
by choosing n large enough. For example, if N is 67 million (i.e., 226) and if n is 40, then
the probability of a collision is 2¡ 14 = 6 £ 10¡ 5.
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The probability model beingusedhereis calledthe ¯nite occupancy process. The remain-
ing resultsareconcernedwith 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 DP B N be the number of probes that are not processed(and hence
discarded), and let F DP B N = DP B N =P be the fraction of all probes that are discarded.
Both of theseare random variables. We would like to compute the expectation (average)of
theserandom variables:

Prop osition 3 Let P; B ; N be positive integerswith B > 10, and write ® for the ratio P=B.
Then the expectation of F DP B N is approximately equal to

1
®

1X

k= N +1

(k ¡ N )
®k

N !
e¡ ®:

The expectation is computedas follows. First approximate the ¯nite occupancyprocess
with the Poissonprocess. In Poissonprocess,the probability that there are k probes in a
given bucket is ®k

k! e¡ ®. If k · N , then no probesare discarded;if k = N + 1, then oneprobe
is discarded;and soon. Thus the expectednumber of probesdiscardedin a singlebucket is

1X

k= N +1

(k ¡ N )
®k

k!
e¡ ®:

The total number of probesdiscarded,DP B N , is the sum of the number of probesdiscarded
at each bucket. There are B buckets, and they are stochastically independent (unlike the
caseof the ¯nite occupancyprocess).Hence

E(DP B N ) = B
1X

k= N +1

(k ¡ N )
®k

k!
e¡ ®:

Finally, sinceF DP B N = DP B N =P, the result follows.
The following table givesvaluesof N such that the expectation of F D P B N is lessthan

0.01,0.001and 0.0001,for various valuesof the ratio P=B:

P=B E(F D) < 0:01 E(F D) < 0:001 E(F D) < 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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