QUERYING DISIJUNCTIVE DATABASES
IN POLYNOMIAL TIME

by

Lars E. Olson

A thesis submitted to the faculty of
Brigham Y oung University
in partial fulfillment of the requirements for the degree of

Master of Science

Department of Computer Science
Brigham Y oung University

August, 2003

Thismaterial is based upon work supported by the National Science Foundation under Grant #0083127



Copyright © 2003 Lars Olson

All Rights Reserved



BRIGHAM YOUNG UNIVERSITY

GRADUATE COMMITTEE APPROVAL

of athesis submitted by

Lars Olson

Thisthesis has been read by each member of the following graduate committee and by
magjority vote has been found to be satisfactory.

Date David W. Embley, Chair

Date Yiu-Ka DennisNg

Date Aurel Corndll



BRIGHAM YOUNG UNIVERSITY

As chair of the candidate s graduate committee, | have read the thesis of Lars Olsonin its
fina form and have found that (1) its format, citations, and bibliographical style are
consistent and acceptable and fulfill university and department style requirements; (2) its
illustrative materials including figures, tables, and charts are in place; and (3) the find
manuscript is satisfactory to the graduate committee and is ready for submission to the
university library.

Date David W. Embley, Committee Chairman

Accepted for the Department

David W. Embley, Graduate Coordinator

Accepted for the College

G. Rex Bryce, Associate Dean,
College of Physical and Mathematical Sciences



ABSTRACT

QUERYING DISIJUNCTIVE DATABASES
IN POLYNOMIAL TIME

Lars Olson
Department of Computer Science

Master of Science

One of the mgjor hurdles to implementing a practical digunctive database isthe CoNP-
completeness of executing queries. Due to the complexity of this problem, al currently

known algorithms to answer queries require exponential time.

We demonstrate the applicability of this problem to asimilar problem of computing the
transitive closure of anode in adisunctive graph. While this problem is also CoNP-
completein general, there is a polynomial-time solution that solvesit for certain cases.
We show how to apply the solution to the problem of querying disunctive databases,
allowing us to implement a practical digunctive database. We also present a method for
representing digunctive datain XML, in order to build a prototype database system that

demonstrates the sol ution.
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Chapter 1

I ntroduction

In some data-storage applications, uncertain or contradictory data can occur. One
such application is genealogy: sometimes, for a single person we may find multiple
possible birth dates, multiple names, or even multiple family relations such as father or
mother. Many of these people lived long ago, and it may not ever be possible to ascertain
the correct values. One possibility, of course, isthat contradictory datafor one person
might indicate two separate people rather than one, but this might not be true for other
cases. Assuming the data refers to the same person, then, one possible policy would be to
store all the uncertain values, rather than choosing one and discarding the others.

This kind of data represents digunctive data (i.e. datawith an OR semantics, asin
“aor bor ..."). Introducing digunctive data also introduces some extralogic that normal
databases do not provide. For example, suppose we are working with a genealogy data
model, such as GEDCOM [GEDOQ02], that associates individuals with a number of events,
which contain dates and places. Suppose further that for a given individua we have two
possible birth dates and places. 3 Jan 1904 at Provo, Utah, and 4 Jan 1904 at Payson,
Utah. Thuswe have to create two event records, and create a digunction to link the
individual with the two possible event records. However, suppose we query for the birth
year of this person—regardless of which event record is correct, we know that the year is
1904. In other words, for every possible interpretation of this data, the birth year for this

individual is 1904.



Since normal databases only have one possible interpretation, they have no need
for thiskind of query functionality. Can regular databases be extended to allow for
gueries with multiple interpretations? The answer is*yes,” but unfortunately, it has been
proven that answering queries on digunctive databasesis, in general, a CoNP-complete
problem [IV89]. Interesting special cases, however, may have polynomial-time solutions.

Aswe shall seein thisthesis, the problem of computing transitive closuresin
digunctive graphsis highly similar to the problem we wish to solve. The genera
transitive-closure problem is CoNP-compl ete, but under certain conditionsit can be
solved in polynomial time [LYY95]. Can asimilar approach be used in digunctive
databases, and will these “ certain conditions” still apply? Aswe will show in thisthesis,
if weinterpret valuesin the database as nodes in a graph, and rel ationshi ps between
values as edges (with relationships to uncertain values represented as digunctive edges),
then the database becomes a digunctive graph, and computing the transitive closure of a
node in this graph will return al related values that appear in every interpretation of the
database.

Thisisclose, but not quite what we want. For example, suppose one of the values
returned is the number 20. What does this 20 represent? Isit the person’s age at some
event? Isit apart of adate, or the page number of a source reference? To answer these
guestions, we need to know not only the values, but the relationships used to reach these
values and how the relationships combine to represent them.

Unfortunately, as we shall seein thisthesis, even in agraph in which the

polynomial-time algorithm from [LY Y 95] can be applied, the number of possible paths
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between a pair of nodesis exponential. Thus, in order to keep a polynomial running time,
we must limit the paths we check to those paths that will help answer a query. However,
even limiting our search is not enough—we have to use an algorithm that makes a
stronger guarantee than the [LY'Y 95] algorithm: not only that the values returned are
aways reachable in any possible interpretation, but also that they are always reachable
through a given path in any possible interpretation. Thisthesis describes an extension to
the [LY'Y95] agorithm that makes these guarantees and still only requires polynomial
time.

We present the contribution of thisthesis asfollows. Chapter 2 describes work
that has previously been done in areas related to this problem, including why this work
has not fully solved this problem. It also introduces the concept of digunctive graphs,
and the problem of solving the transitive closure of nodes in these graphs. Chapter 3
explains our representation of digunctive datain XML. Chapter 4 introduces the
algorithms we use to answer queries on digunctive data, demonstrates how the
algorithms work on a sample query, and proves that the algorithms run in polynomial
time. Chapter 5 analyzes the performance of a prototype database and query engine that
implement the algorithms. Chapter 6 presents our conclusions and enumerates several

open questions for possible future research.






Chapter 2

Related Work

Digunctive databases have been examined in afew other publications, most
notably in [1V89] whereit is proved that answering queries is a CoNP-compl ete problem,
meaning that all known algorithms for calculating the correct answer require exponential
time.! [AG85] and [KW85] explain how database updates take on different meaningsin
the presence of incomplete data (including digunctive data). [AG85] also explains how
these updates work in context of three possible models of representing incomplete data.
[1V89] aso describes a certain set of queries that can be solved in polynomial time,
although these queries require us to mark the attributes in the database under which
digunctions can occur and those under which disunctions cannot occur. The authors of
[1V89] describe criteria to determine when a query is intractable and when it can be
solved in polynomial time, depending on the marks of these attributes and how they
combinein aquery. Since we wish to allow digunctionsin any part of the database, this
type of query analysisisinsufficient.

A similar problem isdiscussed in [LYY95]: transitive closure in digunctive
graphs. A disunctive graph is defined as a graph containing digunctive edges, an
example of which is shown in Figure 1a. The digunctive edge in Figure 1arepresents an
edge either from node a to node b or from node a to node c. Aninterpretation of a

digunctive graph is defined as a copy of the graph with all digjunctive edges replaced by

This, of course, assumes that P # NP. We make this assumption for al similar claims
throughout the thesis.
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one of the possible edges it represents. Figures 1b and 1c show the two possible
interpretations of the graph in Figure 1a. Since each disunctive edge represents at |east
two possible ssimple edges, it is easy to show that for a graph with n digunctive edges,

there are at least 2" possible interpretations.

o . o
ao—<‘/.\-d a
° © 3 3 > »e C
— |

Figure 1l: (a) Anexample digunctive graph, (b),(c) itstwo interpretations, (d) an edge with
adigunctive tail.

The transitive closure of anode a is defined as the set of nodes that are always
reachable from a in any interpretation. In Figure 1a, for example, the transitive closure of
nodeais{a, d}. Sincethe number of possible interpretations is exponential, we cannot
determine this answer in polynomial time by simply calculating the intersection of
reachable nodesin every interpretation. This problem is aso CoNP-completein generdl;
however, [LYY 95] gives an algorithm that will compute the answer in polynomial time if
al the digunctive edges have digunctions only in the head of the edge, rather than in the
tall. Theedgein Figure 1d, for example, has adigunctive tail, and thus the algorithm

would not work on a graph containing this edge.



Chapter 3

The Data M odel

3.1 Physical Implementation and Mapping to XML Data

The prototype built for our work uses an XML -based database system. In
particular, we use as a database backend the University of Wisconsin's Shore database
[SHORE] with its Niagara XML interface [NIAGARA] [TDCZ00], which uses
Apache.org’'s Xerces C++ XML parser [XERCES]. These technologies are not
necessarily required for representing digunctive data, nor is XML the only valid
approach. The underlying theory should be applicable to any data-storage system.

We chose XML in order to be compatible with newer standards such as
GEDCOM 6.0 [GEDO02]. These XML data formats must be slightly modified to include
some way to label sets of data values as digunctions in order to be usable with our query
algorithm. Such a modification should, ideally, minimize the changes required to adapt
currently existing data for thistype of database, and, at the same time, should also be as
easy as possible for a human reader to understand. For this purpose we introduce
<Di sj >, <Tai | >, and <Head> tags to a standard XML document, as Figure 2 shows.
We assume that “name” is akey attribute for Person, “ID” isakey attribute for Event, the
“ref” attribute of Birth isaforeign key referencing Event, and the “ref” attribute of Parent

isaforeign key referencing Person.



<?xm version="1.0""?7>
<Docunent >
<Per son nane="A">
<Parent ref="B"/>
</ Per son>
<Per son nane="B"></ Per son>
<BEvent | D="1">1 Jan 1801</ Event >
<Event | D="2">2 Jan 1801</ Event >

<Di sj >
<Tail >
<Per son nane="A"/>
<Per son name="B"/>
</Tail>
<Head>
<Birth ref="1"/>
<Birth ref=2"/>
</ Head>
</ D sj >

</ Docunent >

Figure2: Sample XML file containing a <Dig> tag.

The digunction in Figure 2 should be interpreted in the following way: either (1) Person
A should have achild element labeled <Bi rt h ref =*1"/ >, (2) Person A should have a
child element labeled <Bi rt h ref =*2"/ >, (3) Person B should have a child element
labeled <Birth ref=*1"/>, or (4) Person B should have a child element labeled

<Birth ref=*2"/>. Thiscorresponds to the digunctive graph in Figure 3.

Person: A Event: 1
[ ]
Parent
Birth
Person:B Event:2

Figure 3: Digunctive graph representing XML from Figure 2.



For ssimple edges (edges without a digunction), we store the head of the edge asa
child element of the tail of the edge. In Figure 3, for example, the edge labeled “ Parent”
corresponds to the <Par ent r ef =“B"/ > element in Figure 2.

In the most general case, we use a<Di sj > tag for each digunctive edge in the
graph. These tags appear as child elements of the root element of the document, and each
should have a<Tai | > child element and a <Head> child element. The children of the
<Tai | > element, called the tail nodes, should reference other records in the document,
and the children of the <Head> element, called the head nodes, should be elements that
would otherwise normally appear as children of the tail nodes. Since the contents of a
<Head> element depend on the contents of the <Tai | > element, the<Di sj > tagis
context-sensitive.

One important point to consider isthat an edge with digunctionsin the head and
in the tail represents the digunction of edges between each pair of tail and head nodes,
which isthe full cross product. When we want only a proper subset of the cross product,
we alow multiple <Tai | >/<Head> pairs as children of the <Di sj > tag, asFigure 4
shows. The digunction in Figure 4 should be interpreted in the following way: either (1)
Person A should have achild element labeled <Bi rt h ref =*1"/ >, (2) Person A should
have achild element labeled <Bi rt h ref =* 2"/ >, or (3) Person B should have a child
element labeled <Bi rt h ref =*1"/>. Inother words, the cross product of each

<Tai | >/<Head> pair is one of the possible interpretations.



<?xm version="1.0""?7>
<Docunent >
<Per son nane="A">
<Parent ref="B"/>
</ Per son>
<Per son nane="B"></ Per son>
<BEvent | D="1">1 Jan 1801</ Event >
<Event | D="2">2 Jan 1801</ Event >
<Di sj >
<Tail >
<Per son nane="A"/>
</ Tail >
<Head>
<Birth ref=1"/>
<Birth ref="2"/>
</ Head>
<Tail >
<Per son name="B"/>
</Tail>
<Head>
<Birth ref="1"/>
</ Head>
</Disj>
</ Docunent >

Figure4: Sample XML file containing a representation of a subset of the cross-
product

In cases where a digunctive edge has only one node in the tail, this representation
will still work. It doestend to fragment the database, however, sinceit is defined apart
from the tail node, even though the tail node is the only possible parent of all of the head
nodes. We therefore introduce another syntactic convention for the <Di sj > tag: if the
<Tai | > and <Head> nodes are not specified and the parent of the <Di sj > tagisnot the

document root, the digunctive edge represents an edge with the parent element as the
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single tail node and the children elements as head nodes.? Figure 5 contains an example

of this usage of the <Di sj > tag.

<?xm version="1.0"7>
<Docunent >
<Per son nane="A">
<D sj >
<Birth ref="1"/>
<Birth ref=2"/>
</Disj>
</ Per son>
<Event | D="1"></Event>
<Event | D="2"></Event>
</ Docunent >

Figure5: Alternate usage of the<Di sj > tag

3.2  Conversion from XML to a Digunctive Graph

The Niagara database backend aready stores the document asa DOM tree, which
isagraph that associates each document element with each of its children [DOM]. While
this does not give us a digunctive graph, it does do some of the conversion for us. Once

we have aDOM tree, we can complete the conversion with only afew extra steps.

2A problem arises when we try to represent a disjunction of valuesin the attribute of an
element, such as<Event Rec | D="1" Type=“birth or chri stening”>. Since XML does
not allow tags embedded within other tags, it is not clear how to use a<Di sj > element in this
case without re-defining the rest of the element aswell. Since our query method deals with
paths, and path names from attributes are not distinguished from path names from child elements,

we use awork-around of defining the valuesin child elements, rather than in attributes, e.g.
<EventRec | D="1">
<Di sj >
<Type>bi rt h</ Type>
<Type>chri st eni ng</ Type>
</ Disj>
</ Event Rec>

-11-



Consider, for example, the document in Figure 6, which corresponds to the DOM treein

Figure7.

<?xm version="1.0"7>

<GEDCOW>
<BEvent Rec 1d="1" Type=“birth”>
<D sj >
<Dat e>
<Day>12</ Day>
<Mont h>Jan</ Mont h>
<Year >1801</ Year >
</ Dat e>
<Dat e>
<Day>13</ Day>
<Mbnt h>Jan</ Mont h>
<Year >1801</ Year >
</ Dat e>
</Disj>

</ Event Rec>

</ GEDCOWV>

Figure6: Sample GEDCOM XML document

Day
ld="1" ®12
k4
Ly o Dat Month
.- EventRec Type=" birth” Jan
GEDCOM ® > ear
® 13801
Disj Day
®13
Month
® Jan
D ate
ear
® 1801

Figure7: DOM tree for the document in Figure 6
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For any element (leaf or internal node) in the DOM tree, we create anode in the
digunctive graph with the name of the element. If the node represents an XML element,
such as <Event Rec> in our example (as opposed to an attribute, such as1 d=“1", or a
text value, such as 1801), we need to distinguish it from other elements with the same
name in the document, so we add the value of a key attribute to the name of the node (e.g.
“EventRec:1” for the <Event Rec> element in Figure 6, assuming that “1d” is the key
attribute). The key attributes for each element will normally be defined by the database
user in aschemadefinition. In our prototype, rather than defining a method for looking
up the correct key attributes for each element, we always used the value of the “1d”
attribute for all elements for which this attribute is defined, and we used an internally
generated unigue integer as the key value for elements without a natural key attribute,

such as <Dat e>. Figure 8 shows the graph after making these changes.

ld="1"
] Day:1

Type="birth” Date:
GEDCOM: 1@ >

EventRec:

Figure 8: Graph from Figure 7 after transforming node names
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For each attribute of an element, such as| d=" 1" in our example, we add a label
to the edge from the node defined for the element to a node |abeled with the value of the
attribute. Thelabel of this edge is the attribute name. Only one node with this value
should exist in the graph; thus, if other elements have the same value for any attributes,
each edge should point to the same value node.® Text under an element is treated the
same way, using an edge label of “text”. For each child element that isnot a<Di sj >
element, we similarly add alabel to the edge from the node for the parent to the node for
the child. Thelabel of this edge is the name of the element. Figure 9 shows the example

graph after making these changes.

GEDCOM:1® - iRet

Figure 9: Graph from Figure 8 after adding edge names

*Note that since this creates aliasing among several records, updates to the database
should change the edges in the graph, rather than the values of the nodes. Note also that care
should be taken if the value of any node could be equal to the internal representation of an
element concatenated with its key attribute (e.g. “EventRec:1").
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For each child element labeled <Di sj >, since we have defined two possible
contexts for a digunction, we have to check which type of digunctionitis. If the
children of the <Di sj > element are <Tai | >/<Head> pairs, we construct a separate
digunctive edge with the set of child elements of <Tai | > and of <Head> asthetail and
head, respectively. Note that the child elements must be defined with their key attributes
in order to attach the edge to the correct nodes in the graph. We have to treat the case
where we have multiple <Tai | >/<Head> pairs special, since a single edge can only
represent the full cross product of the tail and the head. In our implementation, we store
this type of digunction separately from the rest of the graph as a set of edges.

The other context for a disunction iswhen the children of the <Di sj > element
are not <Tai | > and <Head> elements, but are implicitly only head elements. Inthis
case, we replace the <Di sj > node and itsincident edges with a single disunctive edge
from the parent of the <Di sj > element to the set of its child elements. If all of the child
elements have the same name, the name of this digunctive edge is the name of its
elements. Otherwise, there is no single name that correctly represents this edge. 1n our
implementation, we assign the name to the empty string.

Figure 10 shows the final digunctive graph of the example datafrom Figure 6.
Since we can compl ete this conversion with one pass of the entire XML document, the
entire conversion requires only O(m+ n + p) time, where mis the number of edgesin the

document, nisthe number of nodes, and p is the number of values.

-15-



.- EventRec;
M:l®—————>
GEDCO EventRec

Figure 10: Graph from Figure 9 after adding disunctive edges
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Chapter 4

Query Complexity | ssues

41  Algorithms

The algorithm in [LY'Y 95] computes the set of nodes that make up the transitive
closure of a particular node, but it does not compute the paths needed to reach those
nodes. The modifications we made to the algorithm (1) keep track of path information,
and (2) ensure that all relevant paths will be computed. The resulting algorithms are
“ComputeClosure” and “AddEdge,” in Figures 11 and 12, respectively. The bold text in

these figures shows our changes relative to the original algorithmin [LYY95].

Set{Node} ComputeClosur e(Node start, Set{path} paths)

/* Assumes digunctive graph is already built, with nodes N and edges E */
Begin

(1) Create new ReachabilityMatrix M;

(2) For each currPath € paths

{

(3) workingSet = {start};

4 For each edgeName € currPath

{
(5) matchingEdges = {e € E : ename = edgeName &
e.tail N workingSet = @ };
(6) For each currEdge € matchingEdges
{
@) M.AddEdge(currEdge, edgeName, currPath);
}
(8) workingSet = {n € N : (de € matchingEdges) e.head.contains(n)};

} /* end For each edgeName */
} /* end For each currPath */
(9) Return M.reachableNodes(start);
End

Figure 11: Algorithm ComputeClosure, which ensures that edges are added in order
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End

void AddEdge (Edge ({a}, S edgeName), Path relevantPath)
/* assumes thetail of the edge contains only one node, a */

Begin
@If|Ig=1
2 YSET =S
(3) Else
4 YSET = @;
(5) Foreachy € YSET
{
(6) Reset T,;
@) addPath(a, y,edgeName);
(8) X ={a:edgeName};
(9) While X # @
{

(20) Take x:currPath from X; X=X - {x:currPath};
(11 For each simple edge (p,x) with name edgeName, in G
(12) If edgeName,.currPath is a relevant subpath of relevantPath
(13) addPath(p, y, edgeName, + “.” + currPath);
(14 X=X+ {p:edgeName, + “.” + currPath};

}
(15) For each digunctive edge (p, S)) suchthat x € S,

{

(16) If Stamp(S,) # T, then

{
(17) Samp(S) =T,
(18) PathToY(S,) = currPath;
(19 Counter(S) =S, - {u € S, : containsPath(u, y, currPath)};

}
(20) Else/* Samp(S,)) = T, and S, has been reached w.r.t. y earlier */
(21) If currPath = PathToY(S,)
(22 Counter(S,) = Counter(S,)) - {x};
(23) If Counter(S,) = @ then
(24) For each arc (p,S,) with name edgeName, in G
(25) If edgeName,.currPath isarelevant subpath

of relevantPath
{
(26) addPath(p, y, edgeName, + “.” + currPath);
(27) X=X+ {p:edgeName, + “.” + currPath};
}

}
} I* end For each S, */
} I* end While X # @ */

} I* end For eachy € YSET */

Figure 12: Algorithm AddEdge, the modified agorithm from [LY'Y 95]
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4.2 Foundationsfor a Polynomial-Time Solution
To help explain the modifications, we first introduce some formal definitions. We
then establish the need for a polynomial-time solution by showing that the number of
possible paths is exponential.
Definition 1. A nodeis any string value designated as representing a database value.
Definition 2: An edgeisan ordered triple (T, H, n) where T and H are non-empty sets of
nodesand nisastring. Wecall T the tail of the edge, H the head of the edge, and n the
name of the edge. We say that T isadigunctivetail if [T|> 1. Similarly, we say that H is
adigunctive head if [H| > 1. The edgeisadigunctive edge if either the head or the tail is
digunctive, otherwise it isasimple edge. For example, ({ Day:1}, {12}, text) isasimple
edgein Figure 10, and ({ EventRec:1}, { Date:1, Date:2}, Date) is a digunctive edge.
Definition 3: A graphisan ordered pair (N, E) where N is a set of nodes and E is a set of
edges such that for each (T,H,n) e E, Tc NandH < N.
Definition 4: A path between two nodes x and y in agraph (N, E) is a sequence (p;, p,
...y P) Of strings such that:
1. If thelength of the sequenceis 1, then there exists an edge (T, H, p,) in E such that
x€ Tandy € H.
2. If thelength of the sequence is greater than 1, then for some z € N, there exists an
edge (T, H, p,) in E such that x € T and z € H and there exists a path (p,,..., P)

fromztoy.
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An equivaent representation of a path (py, Py, ---» Po) 1S PP -P- The length of a path
p.-p,..Pe IS K, the length of the sequence. We can aso represent the length of a path
P.-Po- P DY PPy -p]- FOr example, in the graph in Figure 10, “Month.text” is a path
from node Date:1 to node Jan; it is aso a path from Date:2 to Jan.
Definition 5: An edge (T, H, n) matches apath p at positioni for 1 <i < kif n=p,,
where p = p,.p,.""".p.. We can equivalently say that the name of the edge n matches p at
positioni. For example, the edge ({ Month:1}, { Jan}, text) matches the path
“Month.text” at position 2.
Definition 6: A subpath of apath p,.p,."*.p, is asequence p;.p;,,.".p.,; Wwhere L < i <'i +
] < k. The suffix of apath p,.p,..*.p, for k > 2 isthe subpath p,.**.p,. Note that the suffix
is not defined for a path with length less than 2. For example, “Date.Month” is a subpath
of “EventRec.Date.Month.text”. “Date.Month.text” is a subpath which is aso the suffix
of “EventRec.Date.Month.text”.
Definition 7: A nodey is reachable through path p from node x in graph G if every
interpretation of G contains the path p from xtoy. In Figure 10, for example, the node
Jan is reachable from EventRec:1 through the path “ Date.Month.text”, but node Date:1 is
not reachable from EventRec:1 through the path “Date’.
Definition 8: A node of interest to a path p and anode x isanodey that is always
reachable from x through a subpath of p.

The solution we present is based on two observations. (1) We need to guarantee
that anode is aways reachable by a certain path in every possible interpretation. (2) We

must limit the number of paths we store and work with in the algorithm, because the
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number of possible paths between a pair of nodes is exponential, even if there are no

digunctive edgesin the graph.

a Ay Pub
- &
B ................................

Figure 13: Graph to demonstrate why the number of paths
is exponential

Consider a graph such that the maximum number of distinct paths between a pair
of nodesisn, and let b and c be those nodes, as Figure 13 shows. Let p,,...,p, be the paths
between b and c. If we add another node a, and add two edges A and B from ato b, then
A.p;,...,A.p,and B.p,,...,.B.p, are al pathsfrom ato c, for atotal of 2n paths. Since
adding only two edges and one node to the graph could at least double the maximum
number of distinct paths between a pair of nodes, the number of pathsin agraph s, inthe
worst case, exponential. Thus, a naive solution of modifying the [LYY 95] agorithm to
keep track of al of the paths between each pair of nodes would require exponential
running time.

We make two more observations that will alow usto limit the paths with which
we work in the algorithm: (1) If we start from an empty graph and add each edge using
the [LY'Y95] agorithm in the order specified by the path (i.e. for path A.B, add all edges

labeled A first, followed by all edges labeled B), then in each iteration, the only nodes of
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interest will be in the head of the added edge. (2) In each iteration, we will only find
potential nodes of interest if the edge in the current iteration is a simple edge.

To understand the first observation, consider path A.B as an example. First we
determine al the nodes of interest through the subpath A. If in agiven iteration we add
an edge labeled A, any path to newly discovered nodes of interest must go through this
edge. If there are any other nodes of interest besides the node(s) in the head of the edge,
then they must be reachable through another edge already added. Since the only edges
that could be added before this edge are other edges labeled A, the new path to these
nodes must begin with A.A, and thus these nodes are not of interest.

After finding these nodes of interest, we next determine all the nodes of interest
through the subpath A.B. During an iteration that adds an edge labeled B, any path to
newly discovered nodes of interest must go through this edge. Any nodes other than the
node(s) in the head of this edge must also go through other edges after the new B edge.
Paths to these nodes must therefore contain edges after the B, and therefore they are not
of interest.

To understand the second observation, suppose that on any iteration we add a
digunctiveedge. Lemma2in[LYY95] states that any nodes that become reachable after
adding such an edge must also be reachable from each node in the head of this edge.
Since nodes of interest must be reachable as part of the definition, any newly discovered
nodes of interest must also be reachable through al the nodes in the head of this edge.
Similar to the first observation, any path to these nodes must go through other edges after

the newly added edge, and therefore cannot be nodes of interest. This even includes the
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nodes in the head, since they must also be reachable through the other nodes in the head.

Thus, adding a digunctive edge will not result in adding new nodes of interest.

4.3  Path-connections and Reachability

We now introduce the concept of a path-connection, and prove that, under certain
conditions, finding all path-connectionsis equivalent to finding the set of all reachable
nodes.

Definition 9: apath-connection through path p from node x to node y in adigunctive
graph (N, E) isdefined asatuple (x, S y, p) wherex, y € Nand Sc N and either:
1. |p|=1, S={y}, and thereexistsan edge ({x}, S p) (i.e. asimple edge from
xtoy)inE; or
2. |p| > 1 (in which case, let p, be the first edge of p and p, be the suffix of p),
for each u € Sthere is a path-connection through p, from u to y, and there
existsan edge ({x}, S p,) InE.

Example: In Figure 10, (Month:1, {Jan}, Jan, text) is a path-connection through
the path “text” from Month:1 to Jan, since thereis an edge ({ Month:1}, { Jan}, text) in
the graph, thus satisfying case 1. (Date:1, { Month:1}, Jan, Month.text) is a path-
connection through the path “Month.text” from Date:1 to Jan, since there is a path-
connection through “text” from Month:1 to Jan, and there is an edge ({ Date: 1},
{Month:1}, Month) in the graph, thus satisfying case 2. Likewise, (EventRec:1, { Date:1,

Date:2}, Jan, Date.Month.text) is a path-connection through the path “ Date.Month.text”
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from EventRec:1 to Jan, since both Date:1 and Date:2 have path-connections through

“Month.text” to Jan and the edge ({ EventRec:1}, { Date:1, Date:2}, Date) exists.

Theorem 1: Let G = (N, E) be agraph such that no edge in E has a digunctive tail, and
let p be a path such that no digjunctive edge in E matches p at more than one position.
For any nodes x and y in G, there is a path-connection through p from x to y if and only if
y is reachable from x through path p in every interpretation of G.

Proof: The proof issimilar to the proof for Lemmalin[LYY95].

(The ONLY IF part will be proved by induction on the length of path p.)

Basis: If thelength of p is1, then the path-connection from x to y must satisfy
case 1; that is, S={y} and there existsan edge ({x}, {y}, p) in G. Sincethisisnot a
digunctive edge, it must appear in every interpretation of G, and thusy is reachable from
x through this edge in every interpretation.

Induction: Assume the length of p is greater than 1. Thus the path-connection
from x to y must satisfy case 2; that is, for each u € Sthere is a path-connection through
p;fromutoy, and there exists an edge ({x}, S p,) in G, where p, isthefirst edge of p and
p,isthe suffix of p. Sincep =p,.ps IPJ = [Pl = 1. Thus, by our inductive hypothesis, for
each u € S yisreachable from u through p, in every interpretation of G. Given any
interpretation of G, we know that the interpretation must contain an edge ({x}, {u}, p,)
forsomeu e S (If |9 =1, then ({x}, S p,) represents asimple edge, and it must appear

in any interpretation of G. The argument remains the same.) Since we aready know that
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any interpretation must contain a path from u to y labeled p,, we can concatenate the paths
p, and p, to get apath from x to y labeled p,.ps = p.

(For the IF part, we prove by contradiction that if there is no path-connection
through p from x to y, then there exists an interpretation | in which'y is not reachable from
x through path p.)

Given graph G, construct an interpretation | asfollows: for each smple edge
({u}, {v}, n)in G, add a corresponding edge ({u}, {Vv}, n) tol. For each digunctive edge
({u}, S qy) in G, by the hypothesis there is a most one position in p that g, can match. If
g, does not match at any position in p then replace ({u}, S q,) with ({u}, {v}, q,) for any
veE S Otherwise, let g be the sub-path of p that begins at g, and ends at the last edge of
p. If thereisapath connection through g from u to y, then replace ({u}, S q,) with ({u},
{v},q,) forany ve S Otherwise, thereisno path connection through q from utoy, so by
definition, we have two possibilities:

1. |g|=1,andthusq=q,. Theneither S+ {y} ortheedge ({u}, S q,) does
not exist. Since we know this edge exists, we are left with S # {y}. Since
an edge cannot have an empty tail, Smust contain some element v # .
Replace ({u}, S, g,) with ({u}, {v}, q)inl.

2. |g/> 1, and thus g = g,.g, where q, is the suffix of g. Then either there
exists some v € Ssuch that there is no path-connection through g, from v
toy, or theedge ({u}, S q,) does not exist. Since we know this edge

exists, there must exist somesuchv € S Replace ({u}, S q,) with ({u},

{v},q)inl.
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Since we have replaced each edgein G withan edgein |, | isavalid interpretation
of G. Now, assumethat y is reachable from x through path pinl. Let z be the last node
on the path before y, and let g be the edge name. Then there must be a path-connection
through q from ztoy in G, because either ({Z}, {Vy}, q) was created from asimple edge
{Z,{y},q) inG, inwhich case ({Z}, {Vy}, g) existsin any interpretation of G, or it was
created from adigunctive edge ({Z, S q), and since |g| = 1, (from case 1, above), if there
were not a path-connection through g, this digunctive edge in G would have been
replaced by edge ({Z}, {Vv}, q) for somev # y.

Sincethereis at least one node in the path (namely, z) that has a path-connection
to y through a subpath of p, and at least one node in the path (namely, x) that does not,
there must be two consecutive nodes u and v on the path such that there is a path-
connection from v to y through a subpath of pin G (let g, be this subpath), but no such
path-connection fromutoy. Let ({u}, {Vv}, g,) bethe edge connecting u to v along path p
inl. Sinceu and v are consecutive nodes, g,.q; is also a subpath of p. If this edge had
been generated from asimple edge ({ u}, {Vv}, q,) in G, then since there is a path-
connection through g, from v to y, by definition there is a path-connection through q,.q
from utoy, contradicting our assumption. Thus, the edge must have been generated from
adigunctive edge ({u}, S g, withv e S We have already established that thereis no
path-connection from u to y through q,.q, and since |g4 > 0, |9,.04 > 1, so case 2 applies.
But that meansthat since ({u}, S q,) was replaced by edge ({u}, {Vv}, q,), there must not
be a path-connection through g, from v to y, contradicting our assumption that thereisa

path-connection through g, from vtoy. Therefore, there must be no such pathpinl. #
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Figure 14: Graph that does not satisfy the conditions of Theorem 1

It isimportant to explain why we must include the condition that no digunctive
edge in G can match at more than one position in the path. The graph in Figure 14 has
only one digunctive edge, and therefore only two valid interpretations. It is easy to verify
that node g is reachable from node a through path A.B.B.C in both interpretations;
however, there is not a path-connection through A.B.B.C from a to g in the original
graph. Thisisbecause our definition of path-connection would require a path-connection
through either B.B.C or B.C from c to g, which would in turn require path-connections
from d to g and from e to g through either B.C or C, respectively. While each
interpretation does contain one of these two paths, neither path alone appearsin both

interpretations.
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c A e

Figure 15: Graph that does not satisfy the conditions of Theorem 1, but
would still work with the modified algorithm

It is also important to note that while the absence of such digunctive edgesisa
sufficient condition for the algorithm to work, it is not a necessary condition. The
digunctive edge in the graph in Figure 15 matches at two positions in the path A.A.B;
however, we can say that there is a path-connection from a to f through A.A.B, since both
b and c have path-connectionsto f through A.B. The difference liesin the fact that while
the digunctive edge could match both the first and the second A in the path, it only
participatesin the first. We leave the development of a stronger condition for graphs that

will work with the modified algorithm as future work.

4.4  Simulation of the New Algorithm

We demonstrate the execution of the modified algorithm by simulating it on the
digunctive graph in Figure 16, using the query “find all values reachable by path
A.B.C.D.E fromnodea.” Itiseasy to seethat node hisaways reachable, but not so easy

to seethat it belongs in the answer to this query. This graph is somewhat complicated,
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but it demonstrates each of the observations made in the previous sections, as well asthe

differences with the original algorithm from [LY'Y 95].

Figure 16: Example digunctive graph

To set up the algorithm, we first initialize a reachability matrix (line 1 of
agorithm ComputeClosure) which will keep track of the nodes of interest. This matrix
should initially show that each node is reachable from itself, but all other pairs of nodes
should be marked as unreachable. We aso initialize aworking set of nodes (line 3 of
algorithm ComputeClosure) to keep track of the nodes at the end of the subpath added so
far. Thissetisnot required for the algorithm to work; however, it enables us to ignore
the other edges in the graph that will not be relevant to the computation. This set should
be initialized to contain only the starting node as specified in the query.

In the first step, we add all edges from the working set that are labeled “A”, which
will find all nodes of interest reachable through the subpath “A”. Thereisonly one such

edge; namely, ({a}, {b, c}, A). Sincethere are no nodes already marked as reachable
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from al nodes in the head of this edge (i.e. nodes b and c), this does not change the
reachability matrix. The working set now gets changed to { b, c}.

Now we add all edges labeled “B”, which will find all nodes of interest reachable
through the subpath “A.B”. If we add the edge ({ b}, {d}, B) first, we can mark d as
reachable from b on path B (line 7 of algorithm AddEdge). We then check all edges with
b in the head (lines 9-27 of algorithm AddEdge) to see if this subpath extends to more
new path-connections, as in the original algorithm. The only such edge we have added is
theedge ({a}, {b, c}, A). Sincethisisadigunctive edge, we have to make sure that d is
reachable from c through the same path as from b (lines 15-22 of algorithm AddEdge).
Sinceit is not, we make no further changes.

Next we add the edge ({c}, {b}, B). Wefirst mark b as reachable from c on path
B, but note that node d is now reachable from c as well, through path B.B. We have
already observed that any nodes other than the node in the head will not be of interest, so
we can ignore node d. In this case, extending this subpath through the edges that lead to ¢
would not be very time consuming, but we shall see an example later of when thiswould
cause problems. Again, we check all edges with c in the head, and again we consider the
digunctive edge from node a. In this case, there are now nodes reachable from both b
and c (namely, b and d), so in the original agorithm we would mark d as reachable from
a. Inthe modified algorithm, however, we need to guarantee that they are reachable by
the same path. In this case they are not, so we make no further changes. After this step,
the reachability matrix looks like this (with all other entries not shown being blank except

for the diagonal):
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a b c d
a 1
b 1 1B
c 1B 1
d 1

We now change the working set to the set of nodes at the end of each subpath
(line 8 of algorithm ComputeClosure), which isnow { b, d}, and add the edges labeled
“C”. Thiswill find all nodes of interest reachable through the subpath “A.B.C". When
we add the edge ({ b}, { €}, C), we mark e as reachable from b by path C, and consider all
edges with b asthe head. With the edge from c to b, eis certainly reachable from c, but
can we mark any paths from c to €? We can, because the edge from cto bislabeled B,
which can combine with the path from b to e (namely, “C”) to form a subpath of the path
in our query (namely, the concatenation of the two: “B.C”). Just as with the previous
step, when we consider the digjunctive edge from node a we know that e is reachable, but
since the paths from b to e and from c to e are not the same we cannot mark it as
reachable from a. After adding the other C edge (namely, ({d}, {f, g}, C)), the working

setisnow { e, f, g} and the reachability matrix now looks like this:
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a b c d e
a 1
b 1 1:B 1.C
o 1:B 1 1:B.C
d 1
e 1

We continue by adding the edges labeled “D” similarly, which will find al nodes
of interest reachabl e through the subpath “A.B.C.D”. Assuming an order of ({€}, {d},

D), {f},{e}, D), {g}, {c}, D), thisresultsin the following reachability matrix:

a b c d e f g
a 1
b 1 1.B,CD 1C
c 1:B 1 1:B.CD 1B.C
d 1
e 1:D 1
f 1.D 1
g 1D 1

Note that d had been marked as reachable from b through the path “B” on the
previous iteration. After adding the edge ({€}, {d}, D) wefind that d is also reachable
from b through the path “C.D”. We record both paths in the reachability matrix.

On the last step, our working setis{c, d, €}. We now add the edges |abeled “E”,
which will find all nodes of interest reachable through the subpath “A.B.C.D.E”. These

nodes will be the answer to the query. Since thisiswhere the answer emerges, we show
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the results after adding each edge one a atime. Adding the edge ({c}, {h}, E) first gives

us the following:

a b C d e f g h
a 1
b 1 1.B,CD 1C
c 1:B 1 1:B.CD 1B.C 1E
d 1
e 1D 1

1D 1

g 1:D 1 1.D.E
h 1

The matrix after adding the edge ({d}, {h}, E) is shown below.

a b c d e f g h
a 1
b 1 1.B,CD 1C 1.CD.E
c 1:B 1 1:B.CD 1B.C 1:E,
B.C.D.E
d 1 LE
e 1:D 1 1.D.E
1.D 1
g 1D 1 1:D.E
h 1

Note that a possible difficulty arises when we examine all edges containing d in
the head. Edge ({ b}, {d}, B) is one such edge; however, thiswould give us the path B.E

which is not relevant to our query. Would extending this subpath cause problems? Yes,
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because we must also examine the edge ({ €}, {d}, D), mark h asreachable from e
through D.E, then consider all edges containing ein the head. Thisincludes the edge
({b}, {€}, C), so we again come to node b, but through a different path (C.D.E). Thus,
we have two subpaths to extend to edges with b in the head. If we find two possible paths
from some arbitrary node n to b, this combines with the two paths from b to e to give four
paths from nto e. This number could possibly double at each step. Thus, we must restrict
the paths we extend to those that are subpaths of the path in the query.

How many such paths can there be? We can limit the paths we extend to unique
subpaths that end with the name of the newly added edge, since the only node of interest
isin the head of this edge, and thus all newly discovered paths must also end with this
edge. If the edge only matches at one position in the path, this gives us alimit of g such
subpaths, where q is the length of the path from the query. If the edge matches at other
positions in the path, we will extend the new subpaths ending at that position when we
reach that position in the algorithm, so we only need to consider those subpaths ending at
the current position in the algorithm. Thus, q is the maximum number of times we may
have to visit a node each time we add an edge.*

After adding edge ({€}, { h}, E), we have the final reachability matrix, as shown
below. Once thisisfinished, it requires asimple lookup to find all nodes reachable from

node a containing path A.B.C.D.E, and return this as our answer.

* Note that this may cause usto “add” an edge more than once if it matches at more than
one position in the path, in order to extend new subpaths at different positions. Since we only
add an edge at most once at each position of the path, however, thisis still limited by the length
of the path.
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A.B.CD.

1 1.B,CD 1C 1.CD.E,
B.CD.E

1:B 1 1:B.C.D 1B.C 1:E,
B.C.D.E

CD.E
1:D 1 1IDEE
1:D 1 1.D.E
1:D 1 1.D.E

45  Polynomial Running Time

Finally, we demonstrate that the new algorithm runs in polynomial time.
Theorem 2: The running time of algorithm ComputeClosure is bounded by O(n* +
en’paf’ + €lnpg’), where n is the number of nodesin the graph, e is the number of edges,
p isthe number of pathsin the query, and g isthe length of the longest path in the query.
Proof: Line1in ComputeClosure initializes an n x n matrix which can be done in O(n%)
time. (Other data structures for amatrix could possibly do better than O(n?).) Lines 3-8
will be executed p times, once for each path in the query. Line 3 can be executed in
constant time. Lines 5-8 will be executed at most g times, once for each edge name in the
path. Line 5 can be done by checking the applicability of each edge. Checking the name

can be done in constant time. In the worst case, the tail of the edge and the set

-35-



workingSet could contain as many as n nodes, so calculating the intersection could
require O(n) time. Since thisis done for each edge, line 5 requires at most O(en) time.
Line 7 is executed at most etimes. Line 8 could require us, in the worst case, to check all
the edges. Since thisis done for all the nodes, this would require O(en) time. Line9
requires usto traverse one line of the reachability matrix, which requires only O(n) time.
Thetotal runningtimeisO(n*+p-q-(en+e-T)+n)=0O(n*+pg(en+e- T)) where T
isthe running time of algorithm AddEdge.

We now calculate the running time of algorithm AddEdge. Lines 1-4 require only
constant time, because if |[§ > 1, we only have to initialize YSET to the empty set. The
loop from lines 5-27 will be executed at most once, since the size of YSET isat most 1.
Lines 6-8 can be done in constant time, assuming that line 7 can add the path to a hash
table with a good hash function. The while loop in lines 9-27 will be executed at most nq
times, since each node will be examined once for each position in the path, as aready
discussed. Line 10 requires usto load the path from node x to node y, which could be as
long asq.

The loop from lines 11-14 will be executed at most etimes. The condition in line
12 may require us to check each position in the path, which isat most . Lines 13-14
require us to store anew path from p to y, which could also be aslong asq. Thus, lines
11-14 can be executed in O(eq) time.

The loop from lines 15-27 will be executed at most etimes. Lines 16 and 17 can
be done in constant time. Line 18 requires usto store the current path from x to y, which

could beaslong asg. Line 19 requires usto check each node in the head of the edge,
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which could be as many as n checks. It also requires usto look up the current path, which
could be aslong as g, so the total time required for line 19 is O(ng). Similarly, lines 20-
22 will require us to store the current path, which requires O(q) time. Thus, lines 16-22
can be executed in O(nq) time.

Theloop in Lines 24-27 will be executed at most etimes. Lines 25-27 require us
to look up and store paths which are bounded by g. Thus, lines 24-27 can be executed in
O(eq) time.

Putting the code from lines 15-27 together thus requires O(e - (nq + eq)) = O(enq
+ €q) time. Adding thisto the rest of the loop from lines 9-27 requires O(nq - (eq + enq
+ €)) = O(en’cf® + €nf) time. Thus, the entire AddEdge algorithm requires O(q + en’g?
+eng’) = O(en’cf + €ng’) time.

Substituting this back in to the running time of algorithm ComputeClosure gives a
total worst-case running time of O(n? + pg(en + e+ (en’c? + €ng?)) = O(n* + pg(en + en’q

+e’ng’)) = O(n* + pg(efn’g + e'ng’)) = O(n* + €n’pq’ + €’npay’).
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Chapter 5

Analysisand Results

We programmed a prototype database to handle digunctive data and perform
gueries. The host machine for the database was a dual-processor P3 running at 850MHz,
with a 256K B cache and 512 MB of RAM, running Debian Linux (using the 2.4.20 SMP
kernel). The compiler we used was the GNU C++ Compiler (gcc) version 2.95.4. The
datawas stored on a RAID-5 system with 205.1GB of storage space, using the Adaptec
120 3210S version 2.4 drivers.

We programmed 4 algorithms for atiming comparison. The first was a brute-
force algorithm. Given a particular query, this algorithm constructs every possible
interpretation of the graph, calculates the set of nodes that answer the query in each
interpretation, and returns the intersection of all the sets. Since this algorithm always
checks every interpretation, its running time follows an exponentia curve with respect to
the number of digjunctive edges.

The second algorithm was a backtracking algorithm, which performs a depth-first
search on the graph. If it encounters a digunctive edge, it replaces the edge with one of
the simple edges it represents, and finishes calculating the set of nodes that answer the
query (similarly replacing other digunctive edges it encounters). It then replaces the edge
with another one of the edges it represents and again cal cul ates the set of nodes that
answer the query, and so forth until all possible edges have been checked. It then
computes the intersection of the setsit calculated. While this algorithm avoids
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calculating every possible interpretation of the graph, it may run into the same digunctive
edges multiple times. 1n ahighly connected graph with e edges, each step could in the
worst case lead usto examine all e — 1 of the other edgesin the next step, which could
lead to e — 2 in the next step, and so forth. This gives us aworst-case running time of e -
(e-1)-(e- 2 -..=¢el. Caching results could improve this running time, at the expense
of using more memory, but since most genealogy data is not highly connected, our
backtracking algorithm does not use caching.

The third algorithm executed the query using the modified [LY'Y 95] agorithm,
which runs in polynomial time. The fourth algorithm was a heuristic that removes all
digunctive edges from the graph and answers the query based on the remaining edges.
Since it removes the digunctive edges, it does not give a complete answer; however, it
provides a comparison to typical query engines for databases that do not contain
digunctive data.

The chart in Figure 17 compares the running times of each algorithm for asimple
guery on asmall genealogy database containing data for three generations of people and
varying numbers of digunctive edges. The query returns all known information about an
individual, without any path information. Because both axes of the graph have a
logarithmic scale, a straight line indicates a polynomial-time algorithm, while a curved
line shows an exponential algorithm. The graph shows two interesting conclusions.

First, for the test with only two digunctive arcs, both the brute-force and the backtracking
algorithms out-perform the polynomial-time algorithm. With such a small number of

digunctions, the polynomial-time algorithm has enough overhead to incur more cost than
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benefit. The polynomial algorithm beginsto have a significant time advantage after about
eight digunctive arcs. Second, we can see arapidly increasing benefit to the polynomial-
time algorithm. If we extrapolate the graph to 12 disunctions, we would expect the
brute-force algorithm to require more than 23 minutes, the backtracking algorithm to

reguire almost 50 seconds, and the polynomial-time algorithm to require only about 1.8

seconds.”
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Figure 17: Comparison of query algorithms without computing path information

°In atest performed separately, the polynomial-time algorithm required 1.5 seconds for
12 disjunctions.
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Figure 18: Comparison of query algorithmsincluding path information

Figure 18 shows how the algorithms performed using data sets composed of my
own genealogy on a query to find al persons with an ancestor born in 1940. Thetiming
results for the brute-force algorithm are not included, since the number of digunctionsin
these data sets cause it to be prohibitively slow. This chart also shows the time required
to build the digunctive graph from the data file.

While these data sets do contain many occurrences of disunctions, the density of
digunctive data to normal datais much lower, and most disjunctions occur near |eaf
nodes of the graph. Thiskind of structureisideal for the backtracking algorithm, and the
timing results reflect this. By contrast, the polynomial-time al gorithm incurs enough

overhead while it traverses the normal data without digunctions that it performs much
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worse than the backtracking algorithm. This clearly demonstrates one of the open issues
of this project: how to characterize this type of structure formally so that we can tell
whether the backtracking algorithm will perform better than the polynomial-time
algorithm.

The graph also shows a consistent slope change for each algorithm at
approximately 20-30 digunctions. Thisis probably due to the memory requirements of

the digunctive graph exceeding the available memory, causing more cache misses.
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Figure 19: Comparison of query algorithms after adding digjunctions

To verify that the structure, rather than the actual running time of the backtracking
algorithm, was causing it to exhibit polynomial behavior, we ran another test after adding

some disunctions that did not occur near leaf nodes. Figure 19 shows the results of this
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test, which confirm that the backtracking algorithm performs much worse with this type
of digunction.

Both sets of results reflect the polynomial-time behavior of the new algorithm;
however, they also reflect a great deal of overhead for executing the agorithm on large
fileswith few digunctions. In addition, thistype of query that requires the algorithm to
trace through all the ancestors introduces more complexity. Since this query cannot be
done with a set of pathsto enumerate every possible relationship between ancestors (i.e.
“Parent”, “ Parent.Parent”, “ Parent.Parent.Parent”, etc.), we used a query method where
we would first find the regular transitive closure of the node without path information,
thus finding all ancestors. We then run the algorithm again on the results to find all date
information for each ancestor. We effectively execute the algorithm twice.

To use the polynomia algorithm on typical large files in the range of severd
megabytes or several gigabytes, we need to use more optimizations, both in building the
digunctive graph and in querying it. Also, amore efficient method of finding a person’s
ancestors that doesn’t require us to execute the algorithm twice would greatly decrease
the running time required.

In addition, neither graph reflects the exponential time complexity of the
backtracking algorithm. Most of the digunctions in the genealogy data we used occur
close to leaf nodes in the depth-first search, such as days or years of events; rather than
closer to the root node of the search. Since this behavior is highly dependent on the
structure of the data, we aso tested the algorithms on randomly generated data. The

number of nodes in each graph varied from 5 to 18, and the number of edges was set to
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y where n isthe number of nodesin the graph. The number of head nodesin each

edge followed a Poisson distribution with a minimum of one node and an average of 1.6

nodes. The path in each query had alength of 3.

Figure 20 contains the results of thistest. Notice that the lines are not as smooth

asin the other graphs. Since the edges are randomly generated, the structure of the graph

(and consequently, the number of nodes that can be pruned out of the search) varies

greatly. Thelines do, however, seem to follow the predicted behavior more closely.
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Figure 20: Comparison of query algorithms on randomly generated data
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Chapter 6

Conclusions, Limitations, and Future Work

6.1 Summary

We have applied an algorithm to compute the transitive closure of anodein a
digunctive graph to answer queries on disunctive databases. We modified this algorithm
to keep track of path information. We have shown that under certain conditions, this
algorithm works correctly and can still run in polynomial time.

We have aso established a model for representing digunctive datain XML, and
we have built a prototype database to store and query thisdata. Empirical tests verify that

actual running times agree with theoretical predictions.

6.2 Limitationsand Future Work
This project raises as many issues as it answers. While we have established a set
of conditions under which we can perform queries in polynomial time, many theoretical
guestions still remain unanswered, including the following.
*  When the graph is sparse enough, an algorithm such as the backtracking algorithm
does not require much time, even though worst-case analysis showsiit to be slow.
Can we characterize the structure of a given digunctive graph to show when an
exponential algorithm is still good enough, like in [ST01]?
*  Canwe represent more complicated structures, and can we apply the polynomial-
time algorithm to query them? These are two examples:
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*  Suppose that awe want to create adatatable listing all of auser’s
ancestors that migrated from Illinois to Utah, and suppose that one
ancestor might have been born in lllinois before they left (in which case,
this ancestor should be included) or in Utah after they arrived (in which
case, the ancestor should not be included). This digunction spans multiple
tables, so how might we represent this data, and would it satisfy the
conditions for the polynomial-time algorithm?

»  Suppose that we need to add a digunctive edge representing something
like (@ OR b) = ((c AND d) OR e), rather than (a OR b) = (c ORd OR e),
as our current model of digunctive edges allows. How would we
represent and query this sort of edge?

* Arethere different ways we could represent the same digunctive data? Could
some of these be more efficient than other ways, in terms of storage space, data
redundancy, and query complexity? Could we develop some kind of normal form
for digunctive data, with these questions in mind?

* |sthere abetter way we can detect graphs with digunctive edges that match at
more than one position in the path, and can we do it in polynomial time? Isthere

away we can still execute queries on these graphs in polynomial time?

Other questions dealing strictly with the extralogic involved with digunctionsin

the database include the following.
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How can we implement the different types of updates for incomplete data, such as
those described in [AG85] and [KW85]?

How do we handle a query that contains variables, such as “find al records of
people with afather X, such that X was born in 1800 and the father of X was born
in1770"?

Can we do a pattern-matching search on the text in our digunctive database, such
as SOUNDEX or regular expression? Isthe complexity affected if all of the
nodes in a disunction match the search pattern?

Isthere an efficient way to convert currently-existing datainto disunctive data? It
takes alot of time to generate test data from an existing datafile. While files that
contain “dirty” data exist, they depend mostly on natural language processing to
understand what the digunctive values are, and it is difficult to specify a certain
pattern for converting then into <Dig> form. Automated data extraction
techniques would be very useful. Some problems to consider, including examples
of these problems actually found in the test data, are:

*  How do we extract all possible values, if agiven entry isinvaid? e.g.
Date: 19 045 1779, which | took to mean “month 04 or month 05" but not
“month 45.”

*  When do we factor in common substrings of avalue? e.g. Date: 01
1734/35, which means “1734 or 1735,” so we have to factor in the “17” to

both the “34” and the “35.” We must also take care to distinguish thistype
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of entry from an entry like 01 1734/1735, where no factoring is necessary,
and like 01/02/1734, where no digunction is even intended.

What do wedo if avery large range of values matches an entry? e.g. Date:
22 07 197?. 1t would be very inefficient to store each year from 1900-
1999 individually. Perhapswe could narrow the range through other clues
in the record (which is another question in itself), but if the range is still
too large, perhaps we should consider allowing statistical distributions as
values. How could we represent something like that?

What if an entry isambiguous? e.g. Date: 09/10 1652. Doesthe*/’
character indicate adigunction, asin “month 09 or month 10", or isit a
delimiter, asin “day 09 and month 10" ? Also, does 11/13 11 1087 mean
“11 or 13", or “between 11 and 13"?

*  What if natural language processing is necessary? e.g. Date: ABT. 1490,
or Date: BEF. 1490. Should we be able to recognize all possible
abbreviations of “about,” “before,” “after,” “circa,” etc.? Related to this,
what if adigunction isindicated by anote, e.g. Death Place: Provo, Utah.

Note: Could have also died at Pleasant Grove, Utah, or at Lindon, Utah.

A few questions related to the prototype implementation arise also, including the
following.
e Canwedo any query optimization, making better use of indexes, or caching

results and partial results from the reachability matrix? If we know that there are
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relatively few digunctionsin adatafile, can we add a preprocessing step while
guerying the data to take advantage of the data that doesn’t have digunctions? If
the results are too big for main memory, how can we store partial results on disk?
Is query planning affected by the presence of digunctive edges? For example, one
join order might involve an edge with a digunctive tail, but a different join order
might not.

Can we implement this with a more general query language, such as those
described in [XQUERY] or [DFFLS99]? If the query language allows
digunctions within the query, could that affect the running time? Thereis
certainly more logic involved with digunctions in the query. Normally, using
relationa algebranotation, O, I = 0, I'U Og I, but with digunctive data this
equality does not hold. For example, consider Figure 6, and consider the query
Opaepay="12' | paeDay=13 EVENtREC. The record shown in Figure 6 should be returned
in this query, since the day is either “12” or “13,” which in either case matches the
selection. If we separate the query and execute Op e pyy-1» EVENtRec and
Opaepa=13 EVENtReC individualy, however, nothing will be returned, since the
record does not satisfy either selection criteria alone.

Can we make the prototype into a more general database that is not geneal ogy-

centered? What other applications are there for this work?
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