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Abstract

XML has a tree structure, which allows various data expressions. In this work, we show
the well-known notion of the functional dependency has an essential role in XML data
modeling. The existing proposals of functional dependencies for XML are based on fixed
paths, imposing severe structural constraints on XML data. We address this problem by
introducing node-based functional dependencies so as to allow various XML structures to
describe complex data. The drawback of this approach might be that querying all possi-
ble XML structures could result in costly computation. To overcome this, we introduce
a novel query method, calleaimoeba joinand its optimization technique that selectively
retrieves XML structures satisfying functional dependencies. Our approach brings a new
perspective into XML query processing; no explicit path is required within query state-
ments, since XML structures of interest are automatically determined by the functional
dependencies. We call this conceptual change asuthicationof XML structures, since

it hides complexities of the data structure from the user. In addition, by using keys de-
rived from functional dependencies, aggregation dffedéntly structured XML sources
becomes quite smooth. These techniques facilitate management of multiple hierarchies of
XML data, and significantly enhances the expressive power of XML databases. To make
the query processing feasible, we also show fhicient XML index that can be imple-
mented on top of the B-tree. Our experimental results confirm the utility and availability

of the proposed methods. We also discuss tiiecgve usage of our method to model
scientific data, and the impact of this research on the future of XML data management.
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Chapter 1

Introduction

1.1 XML

XML (Extensible Markup Languag§9] is now a global standard for describing struc-
tured data. Although there should be many reasons why XML has been so widely ac-
cepted, XML certainly has many interesting properties for achieving the current status.
First, XML has a tree-structured data model; it can be used to describe various types of
data without dificulties. Second, XML is merely a text, so there are few obstacles to read
and write XML data for both of human and computers. That gives incentives to use XML
data for many people; in fact, many organizations, including industry, academia, and also
governments of several nations, have adopted XML to manage their own information.

In its infancy of XML (that is before 1997), it had been considered that XML is a
format to describe relatively small size of data, and thus its usage was largely to send
and receive text messages between applications or through the Internet. As XML has
become more popular, it has been used not only as a small text format, but also as data
stored in database management systems (DBMS). Until 2006, many vendors, including the
Big-Three suppliers of relational databases (IBM, Microsoft, and Oracle), have launched
brand-new XML database engines. This trend will certainly result in increased XML
capability, and the potential handling size and capacity of XML data is quite huge.
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1.2 Shortcomings of XML Query

A scenario,’XML as a database’has evolved toward reality. Nevertheless, incon-
veniences of XML data have already materialized; to locate information of interest from
such a large XML database is quitefatiult without knowing its detailed structure. XML
is a self-describing data; that means the structure of XML data is defined within the XML
data itself. However, to explore an XML database, path-based query languages such as
XPath [15] or XQuery [8] have been frequently used. XPath utilizes path-expression pat-
terns to specify the target elements of XML. XQuery is an extension of the XPath, which
adds some facilities to XPath such as loop operators, variables, etc. In these methods, the
user has to explicitly specify path structures of interest within the query statements. In
reality, however, it is usually the case that the user do not have such detailed knowledge
about the actual instances of data structures within the database.

A summary of path structures, e.g. DataGuides [18] or 1-index [35], aggregates all
kinds of paths occurred in the XML database, however, it is nfficsent to comprehend
the actual data structure in the target context of the XML data; a path occurred in the
some context may not appear in dfdient context. A schema of XML, e.g. DTD [9],

XML Schema [53], and RelaxNG [41], to some extent resolves this uncertainty of path
occurrences, but not entirely, since these types of schemas allow optional appearance of
elements; instances of path structures still vary depending on the context within the XML
data.

Hence, even if we have a schema or summary of path structures, the XML database is
still like a black box for the user; writing correct path queries for specific contexts remains
difficult. To remedy this problem, considerabloet and intensive research has been
put into XML structure indexes, allowing the processing of descendant axis queries that
require less knowledge of path structures. For example, with an XPath oy, we
can locate th@ook nodes in arbitrary depth from an XML document. However, this trend
of XML indexing might not be addressing the real goal, People are enthusiastic about
gueryingdata structureswhen they should be focusing structured datalf we pursue
writing paths in order to perform queries, we must first somehow acquire knowledge of
path structures. To learn the path structure for some specific context, we mustissue queries
to a ‘black box’ database. This is a chicken-or-egg situation — which comes first, a path



CHAPTER 1 INTRODUCTION 8

structure or query?

1.3 Structural Fluctuation

To address the above problem, relaxation of structural constraints in XPath queries is
proposed when it is dicult to specify precise paths [4]. For example, an XPath qaéy
can be relaxed ta//B by replacing the parent-child axis with the ancestor-descendant axis.
This process reduces the burden of writing exact matches of path queries. However, the
following example illustrates a problem, which is not normally identified in the context of

guery relaxation:

<book isbn="xx1">

<0rder id="1“> <01‘der id="1“>

<book isbn="xx1"/> . "
<customer id="c081"/> < </o§§g§;omer id="c001"/>
</order> </book>

Figure 1.1: An example of structural fluctuation

The two XML fragments shown abovEifure 1.1) represent data with the same mean-
ing, but with diferent structures: the hierarchiesobfier andbook tag is reversed. We call
this structural fluctuatiorin XML. It is a structural variation in XML fragments that have

the same elements (e.grder, book, andcustomer) and diferent structures.

XPath can track structural fluctuations, using disjunction in path patterns. For exam-
ple, finding element pairs afrder andbook in Figure 1.1 requires the concatenation of at
least two types of XPath querjyrder/book and/book/order. In general, however, query
statements become more complex because there could be many more elements to query
and structural fluctuations in the document. For example, the number of query trees re-
quired to cover all structural fluctuations consistingafer, book, andcustomer elements
is 31 = 9 (Figure 1.2) because it is identical to the enumeration of all labeled trees with
n nodes, when the fferences in axig/(or /) are ignored. Its enumeration size is known
to ben™?!. Thus, the number of XPath expressions required to cover all possible path
structures can easily balloon. Moreover, concatenating™all query trees into a single
path expression can be a daunting task.

Although the existence of structural fluctuations is a serious obstacle to manage XML
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Figure 1.2: Structural fluctuations ofder, book andcustomer nodes, the number of which

isn~1=32=09,

databases, this problem is caused by the flexibility of XML, which is one of the most ben-

eficial properties of XML that allows various structures to describe data. We consider this

property of XML should be utilized to enhance the expressive power of XML data. Un-

fortunately, however, there has been no feasible method to manage structural fluctuations.

In this thesis, we introduce the notion amoebawhich represents equivalent classes of

XML structures, to handle structural fluctuations. For example, an amoetrédenfbook

andcustomer nodes, denotegbrder, book, customer), can cover all structures Figure 1.2

with this single expression.

customer
order Expected Structure
order order
customer book b
ook
Y 'Y book

Invalid Structure
order

book

Figure 1.3: Structural fluctuations may contain invalid structures.

1.4 Purifying XML Structures with Functional Dependencies

A challenging problem is to query fluctuated XML data. We call this operainoeba

join. However, its computation is potentially costly because their instances could be nu-

merous. For exampl&jgure 1.3 shows several combinations @fstomer, order andbook
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nodes. In this example, eadhder is expected to have a singl®ok node. However,

the computation of all possible structural fluctuations may contain unexpected structures,
which connect irrelevantook andorder nodes (the right-most one irigure 1.3 is one

of the example), and also the number of such inappropriate structures might be enormous
since we have to consider all of the permutations. fligiently retrieve XML structures of
interest, we have to consider not only structural fluctuations, butsgs@nticof XML

data, such as eaahder node has a uniquieook node. For this purpose, we introduce
functional dependencider XML.

Functional dependency (FD) is a foundation of the database systems, which defines
associations of data [2, 39]. For example, consider the following constraint: two persons
with the same idid) value must have the same name. This rule can be described with the
functional dependencyjd — name. In relational databases, a functional dependetiey
Y, where eaclX, Y is a set of attribute names, means if two tugbeg agree on attribute
X, denotedp.X = g.X, thenp.Y = g.Y must hold. Such semantic restrictions on data have
important roles to sophisticate the database design, especially avoiding redundancies of
data, which usually cause update anomalies. Whé&na full set of column names in a
table, X is called akeyor primary key which is a special case of functional dependency,
and indispensable to uniquely locate data tuples of interest.

The notion of functional dependency itself can be used independently from types of
database systems, such as relational, or XML databases, etc. Therefore, in order to intro-
duce functional dependencies, we have to define their mappings to the targeted database
system. Relational databases use a flat data model comprising of tables and columns, thus
applying functional dependenci&s— Y is straightforward; eacl, Y is a column name
in a table. However, the same scenario cannot be applied to XML, since the structure of
XML is a tree, and the structure itself adds some meanings to the data.

Functional dependency for XML has been studied from various perspectives. Bune-
man et al. discussed FDs in the form of keys for XML [10, 11]. The work of Lee et al.
attempted to apply FDs to XML [32], and a more general definition of FDs for XML is
provided by Arenas and Libkin [5]. Their approaches are based on paths; givef ¥ets
of paths, an FD for XML is defined a§ — Y. However, these path-based definitions of
FDs cannot handle XML documents containing structural fluctuations.

With path-based functional dependencies, for examipléer — /order/book, only the
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left-hand side structure iRigure 1.1is allowed. In general, however, the number of all
possible structural fluctuations withnodes of XML isn™. It is highly restrictive to
allow only one structure among~* candidates.

In reality, however, a feasible treatment of this problem is to disallow structural fluc-
tuations using a schema of XML. Although this method significantly limits the flexibility
of XML data modeling, the users of XML have no other sensible solution, since without
rigorous knowledge of data structures, it is quitéidilt to correctly parse and interpret
tree-structured XML data. For example, the standard of XML processing, e.g. SAX,
DOM, XPath, etc. provides no simple way to handle structural fluctuations. This fact
indicates that a change of data structure obliges programmers to modify the XML reader
programs. Therefore, structures of XML are often limited by programming easiness.

Our initial motivation of this research comes from this inconvenience of XML data
management. We observed that there can be various tree structures to represent semanti-
cally identical data. In the example Bfgure 1.1, suppose everyrder node has a unique
book information; this constraint is expresseddsgler — book. However, it does not mat-
ter whethemook is a child of arorder or vice versa as long as they ateucturally related
in the XML data, so specifying a fixed path, suchoader/book, becomes less important.

To handle various path structures as a whole, we can utilize the notion of amoeba. For
example, structural fluctuations @brder, book, customer) that satisfies the Florder —

book are described with a boolean combination of amoeba structures, foatés book)
and{order, book, customer). This combination of structural constraints can eliminate the
invalid XML structures which do not directly connegiok andorder nodes. For example,

the upper-right structure iRigure 1.3is not allowed with this constraints. We generalized
this notion of structural constraints asmoeba domainwhich has a fundamental role to
make correspondence between FDs and XML structures.

Previous work of FDs for XML [5, 10, 11, 32] infers functional dependencies from a
path structure of an XML document. In contrast, our approach assumes FDs are defined
outside of the XML data, and each FD is specified by using node names, e.g. tag or
attribute names. Within the XML document, these nodes must satisfy structural constraints
implied by FDs. This node-based definition of functional dependencies allows various
data expressions compared to the path-based definitions, and consequently makes easier
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to design XML databases significantly.

Furthermore, this conceptual change from a path to node brings a new insight into
XML query processing. For a long time since the specification of XML has appeared,
it has been believed that path structure is required to query structured data. XPath [15]
and XQuery [8], which are the de facto standard of XML query processing languages, are
examples that require explicit path structures to perform queries. However, if functional
dependencies define structures of XML data, there is no need to specify structures within
query statements; what all we need to query XML data is to describe target nodes of in-
terest with tag names, predicates, keywords etc. XML structures consisting of these target
nodes can be determined automatically from a set of FDs. In this sense, the functional
dependency can be a strong tooptarify XML structures.

The reason why we have to purify XML structures with functional dependencies is
because tree structures of XML data are not always meaningful to the database user; hi-
erarchical orders of XML nodes are simply employed in order to represkitonships
of data. For example, iRigure 1.3, the hierarchical order adrder and customer nodes
has no significant meaning as long as they are connected in the XML data, so both of the
representationsrder/customer and customer/order can be used. However, the relational
table representation using a sche¢aler, customer) cannot substitutes this XML data,
since if we have to describe a situation that a customer has many orders, tree structures
of XML are still required; we can use an XML data in which a customer node has many
order nodes. To describe this type of a data model in a relational database, we have to sep-
arately manage customer and order nodes, then connect them with an additional table, e.g.
(customer_id, order_id), which represents a relation adstomer andorder nodes. Managing
three tables demands facilities of a DBMS, while an XML format can be described as a
simple text data.

Therefore, even if we know a functional dependency, @dgr — customer, is satisfied
in a given data model, we have to choose one of the tree structures consisiider @ind
customer nodes in order to utilize the benefit of XML data, which can be described with
a text. In other words, a tree structure is required to represent relationships of data but
the hierarchical order is not. Thus, it is often the case hierarchical orders in an XML
data are irrelevant to the semantics of the data. However, the current technologies for

querying XML data, such as XPath or XQuery, demand explicit hierarchical structures
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within path-expressions, e.fprder/customer, /customer/order, etc. By utilizing functional
dependencies for querying XML data, we can simplify query statements by removing path
structures irrelevant to the data model. And also, with the help of functional dependencies,
we can reduce the burden of fixing a structure of XML data for the ease of XML query
processing with XPath or XQuery, etc. Hence, we can achieve the full benefits of XML
data as a data representation format, while purification of XML structures with functional
dependencies makes easier for both of the users and database managers to concentrate
on the data models, rather than bothering to choose one of the tree structures from many
candidates representing the same data model.

As another benefit of using functaional dependencies, we can improve the amoeba
join processing so that it carflieiently retrieve XML structures implied by functional
dependencies. In this thesis, we present an optimization technique, aail@eba-join
decompositionwhich produces an equivalent query schedule consisting of a set of nested
amoeba joins. With this decomposition technique, we can avoid computing irrelevant data
structures, and makes order of magnitude faster the amoeba join processing.

1.5 A Motivating Example from SCMD

Managing structural fluctuations is a key to enhance the expressive power of XML
databases. Here, we explain its reason, illustrating our experiences of developing SCMD
(Saccharomyces Cerevisittorphological Database) [47], which is a Bioinformatics data-
base that collects information of yeast cells to identify gene functions. The process of
detecting gene function was mainly conducted by some kinds of clustering analysis and
statistical methods [36, 48], thus we had to arrange the cell data to report the results of

these analysisFigure 1.4 shows its simplified example; clustering of cells according to

their sizes:
<cell_list> <clustering_result>
<group> <group>
<cell id="1"><size>large</size></cell> <size>large</size>
<cell id="2"><size>small</size></cell> <cell id="1"/>
<cell id="3"><size>large</size></cell> <cell id="3"/>
</group> </group>
</cell_list> </clustering_result>

Figure 1.4: Clustering of cells according to size



CHAPTER 1 INTRODUCTION 14

In the left-hand side of the XML data, eashe element is contained incll element,
while in the right-hand XML data, the singkize element belongs to the paregbup
element to avoid duplicates afze data. To retrieve information of cell sizes, we need
two different XPath queriesgigroup/cell/size and//group[cell]/size, one of which demands
a twig-query processing. This example indicates that we have to rewrite queries when
we reorganize data structures of XML. In the meantime of the SCMD project, however,
we had to perform a tremendous number of data organizations. It is tedious since these
structural change has no significant meaning other than the readability or sicieaey.
That is why we use the notion of functional dependency as a method to represent semantics
of XML structures. The title of this workPurifying XML Structures’'means to extract
the essence of semantics implied by XML structures in order to query XML data using a
more instinctive method than path structures.

1.6 XML Data Modeling

With the capability of managing structural fluctuations, we can provide an elegant
solution to XML data modeling; the use of multiple hierarchies to describe XML data.
Figure 1.5illustrates a book store data using a tree model of XML. This book store man-
ages a list of books, customers and their book orders. In relational databases, each data
of books, customers and orders must be contained in a table, so their relationships, for
example a customer has several orders, are described using foreign keys [39], which de-
fine connections between table data. In XML, these relationships can be described with
structure, for example, a customer node has several order nodes as its children (center of
the Figure 1.5). However, there is a case we want to manage order data separately from
customers; for example, to create a list of orders (right-hand sidégafe 1.5). In this
situation, it is convenient to arrange data structures so that each order node will be a parent
node of a customer. XML processors, such as SAX, DOM, XPath etc., which trace XML
data according to the tree structure, require as many programs as the number of the struc-
tural variants. In this paper, we show our method needs only a single query expression to
retrieve various structures. This removes obstacles to use multiple hierarchies to represent

the same meaning data.
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Figure 1.5: Managing various data structures within an XML document. Equivalent
classes of XML nodes are shown with the colored circles
(Q1): for $x in /seller/book_list/book
$y in /seller/customer_list/customer/pending/order/book

where $x/@isbn = $y/@isbn
return $x/title

(A1): AJ(book, [pending, order, title])

Figure 1.6: Queries for book titles, the order of which is pending

When managing multiple hierarchies of XML data, we also have to address the prob-
lem of data redundancies. For exampleFigure 1.5 each title of a book should be pre-
sented once in the database to avoid redundancies. However, each order node requires a
reference to a book and maybe its title. If we duplicate the information of a book title
to each order node, it may cause update anomalies, so such database design should be
avoided. However, this means we have to know which book node contairigetigfor-
mation. Requirement on such knowledge of XML structure is an serious obstacle to the
management of large XML databases without any schema.

For example, consider to query book titles whose orders are pendirigure 1.5.

A query (Q1) in Figure 1.6 illustrates this operation written in XQuery [8], which tra-
versesbook_list and customer list elements separately, and performs value-based join on
book/@isbn. The deficit of this query is that the user has to know the entire structure
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of XML document; the title of a book appears only under oek_list element, and the
pending node is under theustomer_list.

To overcome this problem, we utilize FDs to define foreign keys of XML nodes, called
ubiquitous keysFor example, a ubiquitous kegdok@isbn] — book, where pi] denotes
the text value of a node, defines equivalent classes of book nodes whose isbn values are
identical. InFigure 1.5, for example, the set dfook nodes {3, 16, 28}, forms one class:
[book@isbn] = "xx1”, and the sef6, 20, 34} constitutes anothefbook@isbn] = "xx2".

A query (A1) in Figure 1.6is an example that uses amoeba join and ubiquitous keys.
This query first computes structural fluctuations consistingook andtitle; (3, 5) and (6,
8), and another structure consistinglwbk, pending, order nodes; (16, 13, 14) and (20,
13, 18), then looks at book nodes of 3 and 6 that are equivalent to 16 and 20 respectively
according to the Fbook@isbn] — book, and obtains the respective book titles in nodes 5
and 8. This operation enables the uses to perform queries without detailed knowledge of
structures of XML. In addition, query expressions become considerably simpler compared
to the path-based query methods.

1.7 XML Indexing

While the amoeba join with functional dependencies has a capability of querying XML
data without using structures, we still need &iceent method to retrieve XML nodes from
a database by using a variety of structural properties of XML, which are basically derived
from tree structureof XML such as document order of nodes, subtree, sibling, ancestor,
descendant nodes, etc. The other propertiepatie structureof XML, that consist of
sequences of tag and attribute names//Bogkititile. These various aspects of XML make
its query processing flicult, and index structures for this purpose, which are generally
called thestructure indexef29], have attracted research attention, especially to accelerate
the evaluation of XPath [15] queries, which is e factostandard for navigating XML.
XPath contains a mixture of tree and path traversal with several axis steps, e.g. the child-
axis (), the descendant-axig), ancestor-axis, sibling-axis, etc.

As XML gradually has established its position as a data representation format, tremen-

dous number of structure indexes have been proposed, which are optimized for specific
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query patterns, including structural joins [33, 14], twig queries [27fisypaths [57],
ancestor queries [26], etc. This enthusiasm caused serious obstacles; compared to the
number of proposed indexes, there has been quite a few number of comparative studies
of these approaches. Furthermore, these comparisons areffi@entisince they cannot

cover up all types of indexing methods in a single paper, so we still cannot evaluate which
index is genuinely a good one. Every approach usisrdnt implementation or special-

ized index structures, and hence it becomes quitéiauli task to compare performances

of XML indexing methods. For example, some indexes pursue the sfiéerey of in-

dexes, such as compression techniques of node labels [37, 30], while the others implement
special purpose data structures on disks.

Most of the proposed XML indexes are proved to be fast for their targeted queries,
however, these are usually ifieient for their untargeted queries. For example, XR-tree
[26], which is optimized for retrieving ancestor nodes that have specific tag names, cannot
incorporate otherfécient path labels such gslabels[57], which is the fastest for $fix-
path queries. That means in exchange for the performancediof path queries, XR-tree

achieves fast ancestor query performance.

A natural question that follows is whether it is possible to achieve good performance
for various types of query patterns using a standareti@e, which is a well-established
disk-based data structure. Our answer to this questioffirsnative. We show XPath
queries can be performed with combinations of only two types of indexes; tree-structure
and path-structure indexes. A challenging problem is that these index scans must be per-
formed in a combined way, for example, we have to query ancestor nodes that belong to
some stix path.

Our approach to this problem is to integrate tree-structure and path-structure indexes
into one multidimensional index. It accelerates query processing for complex combina-
tions of structural properties. And also, it is possible to incorporate various types of XML
indexes for tree-structures and path-structures.

As an integration approach, constructing multiple secondayrBe indexes does not
help multidimensional query processing, since they work for only a single dimension; not
the combinations of multiple dimensions. Moreover, the existence of multiple secondary
indexes not only enlarges the database size, but also deteriorates the update performance.
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Therefore, by using space-filling curve technique [31, 38, 42], we implemented the mul-
tidimensional index on top of a singletBtree, which is beneficial in both of the query

performance and database size.

1.8 Our Contributions

The outline and contributions of this thesis are as follows:

e We introduce the notion odAmoeba domairto capturestructural fluctuationsof
XML data, and it has an essential role to defiaktionin XML. (Chapter 2)

e We define functional dependencies for XML, and make correspondence between
XML structures and FDs. (Chapter 3)

¢ \We present th@moeba-join decompositiaio eficiently retrieve XML structures

satisfying functional dependencies. (Chapter 3)

e We introduce the notion afibiquitous keyto denote equivalent classes of XML
nodes, which is useful to aggregate information of a data object which is distributed
throughout the XML document. (Chapter 3)

¢ We present three essent@hoeba joirprocessing algorithms. (Chapter 4)

e We introduce anféicient multidimensional index structure that can be implemented
on top of the B--tree. While some XML indexes in literature facilitate a few set of
query patterns, our index is adaptive for various types of queries. Nevertheless, its
index size remains compact. (Chapter 5)

e Experimental evaluations of the proposed methods. (Chapter 6)

In Chapter 7, we mention the related work and several open problems. We also present
a more detailed discussion of managing scientific data and examples of SCMD data, then
conclude this work.

Based on the above techniques, we have implemented an XML database system called

Xerial , which will be publicly available atttp://www.xerial.org/.
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Several parts of this work has been published in journals and the proceedings of a
workshop and conferences; Amoeba join was presented in [45]. Our XML indexing
method is to be published in [46], and its related work including both of indexing and
transaction management of XML were presented in [43, 44]. SCMD, which motivates
this research, and also is one of the practical applications of this work, was mainly eval-
uated from the area of Biology [47, 48]. By using the data of SCMD, several unknown

gene functions of yeast mutants were identified [36].



Chapter 2

Amoeba

The specification of XML itself imposes no rules for organizing XML data. Consequently,
semantically identical XML documents may havéelient structures; we call thiruc-

tural fluctuationin XML. Finding all the structural fluctuations in an XML document
requires verbose path expression queries. To overcome this problem, in this chapter, we
introduce the notion cAmoebawhich gives a formal definition of structural fluctuations

and can be used to represent an equivalent class of XML structures. We also present the
amoeba joinwhich is an operation to retrieve a set of amoebas from an XML document.

2.1 Semantics of XML Data

Here, we demonstrate that XML structure provides surprisingly few semantics, clar-
ifying the need to handle structural fluctuations. In XML, encapsulation of data with a
tag is normally used to group data elements or text data. However, it inevitably leads to a
structural hierarchy among the data elements, which may or may not express high and low
ranks. The following XML exampleRigure 2.1) represents organization data with both
superficial and semantic hierarchy order between the managers David and Michael.

It is also possible to reverse the hierarchical order. In the following exarfjgjeré
2.2), thebelongs_to tag is used to switch the hierarchical positions of the managers David
and Michael without losing the semantic relationship.

Furthermore, when a tag is used to group elements, there are generally no semantic

20
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<org department="head office">
<manager> David </manager>
<org department="R&D">
<manager> Michael </manager>
</org>
</org>

Figure 2.1: Nested organization data

<org department="R&D">
<manager> Michael </manager>
<belongs_to>
<org department="head office">
<manager> David </manager>
</org>
</belongs_to>
</org>

Figure 2.2: A variation of the XML structure iRigure 2.1

ranks among the elements. For examplemanager element is allowed to have amg
information as a child element, and vice versa. In both cases, we can write the same
meaning data using fierent XML structures.

Therefore, hierarchical order does not directly represent the semantic relationship be-
tween data elements; semantics of data become clear only when they are explicitly given.
We provide semantics of XML data as functional dependencies for XML, which is ex-
plained in Chapter 3. First, before introducing such semantics, in this chapter, we present
a method to handle structural fluctuations when there is no given explicit semantics nor

any schema.

2.2 XML Data Model

We use a tree model to represent XML data. XML documents comprise of three essen-
tial types of nodes: element nodds)( attribute nodesA), and text nodesT{). Element
and attribute nodes have a name, and to distinguish element and attribute nodes, attribute
names are prefixed with “@”. Attribute nodes must be a child node of an element node.
Attribute and text nodes must have a carry text. Element nodes may have child nodes,
but attribute and text nodes are termin@ilgure 2.4 illustrates the tree model of XML, in
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which edges to text nodes are omitted, and each node except text nodes is assigned an ID.

2.3 Amoeba

In the rest of the thesis, we have to handle variously structured fragments of an XML
document. To represent these structural fluctuations, we introduce a useful notion of the
amoebawhich is a relaxed definition of trees in the graph theory:

Definition 2.3.1 (Amoeba) Given a set f= {dy,...,dk} of XML nodes, wherejc E U
AUT, we say f is an amoeba if one of,d ., dx is a common ancestor of the others,
denoted by(ds, ..., dk).

The notion of amoeba gives a formal definition of structrual fluctuations:

Definition 2.3.2 (Structrural Fluctuation) Structrual fluctuations of nodesd. ., d, is

a set of all possible amoebas, satisfying a predigakg. . . , dk).

What is important in the definition of amoeba is, whatever the structure of a node set
is in the XML document, the node set can be considered as an amoeba as long as it has
a root node within itself. For example, every structureFigure 2.3is an amoeba. The
root node of an amoeba is usually an element node because attribute and text nodes are
terminal, but a node set which is a singleton, €.g {d;}, also can construct an amoeba.

A benefit of this notion of the amoeba is that every structural fluctuation iRithuee 2.3

can be described with a single expressi@iier, book, customery).

order  order customer customer

® ® ® ® customer
book customer order book [ ]
[ J ordef “\pook
customer bpok  book order @ Y
[ [ [
book  book book order
o o ° [
cus:omer o;der ordef clustomer book tustomer
[ ] ® ([ ] [
order customer

Figure 2.3: The amoeba ofder, book andcustomer nodes covers all of the above struc-
tural fluctuations.
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2.4 Amoeba Domain

An amoeba is an instance in an XML document. To describe a set of amoebas in the
document, we need a pattern expression such as XPath [15]. In literature, an XPath expres-
sion is typically modeled as a pattern tree [24]. However, in the presence of structural fluc-
tuations, it is too restrictive to demand that data structures must obey a single tree-pattern.
Furthermore, concatenating all possible path structures into a single XPath expression can
be tedious. Therefore, we use a short-hand notation of amoeba{dz, @b, d3), to de-
scribe XML data whose structure is unknown except it constructs an amoeba consisting of

nodeds, do, andds.

To represent both of rigorous and fluctuated tree structures easily, we introduce the no-
tion of anamoeba domairwhich can express various patterns of path structures, including
twigs and amoebas:

Definition 2.4.1 (Amoeba Domain) An amoeba domain D is a pair B (V, P), where V
is a set of XML nodes belonging to one of the node typ¢E.,iA, T}, thus if ve V is an
element or attribute node, v has a name. P is a boolean combination of predicates applied
to nodes in V. P must contain at least a condition that V constructs an amoeba. Other
allowable predicates in P are as follows:

e For two nodes w in V, u is an ancestor (or parent) of v.

¢ Value predicates, #, >, etc. for a text node¢ V; e.g. t= 100

e A condition to specify a subset of V, s@yb, c}, constructs an amoeba, denoted

{a,b,c).

Although there should be a discussion about the choice of predicates, we limit the number
of predicates in the amoeba domain for illustrative purpose.

In the definition of the amoeba domain, a node\setust construct an amoeba, but it
does not specify which node will be the common ancestor in order to allow flexibility of the
data structure. On the other hand, an amoeba domain can represent a fixed tree structure,
which is usual for XPath expressions. For example, by using an XPath expression, we
simply denote an amoeba domain@s = //bookititle to specify a tree structure which
consists ofbook andtitle nodes, wherditle nodes must be a child of ok node in the
XML document.
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D1 = //book/title

seller 1 D: = /seller//customer/name
D3 =€ customer, order)
book_list 2 customer_list, 9 order_list o5
o
book 3 book 6 customer . customer 22 order.
® uisbn @ oisbn 10 @ ﬁ"j 1 ® i 2@ ot e i
tite . @4 © 7 name wporr name | @ 28 @27 @ 33
5@ "xxl" tltlg 2" 12@ pending 24@ 002" 1" ol
"Foundation of Databases" . "Jack" . 13 ”LL{Cy” 28 book customer book customer
"Database Management Systems" note [ ] @30 @34 @ 36
order 14 order 18 —@14 @isbn |@id  Gisbn id
@id ® id "cancelled” 29O 031 35 @37
. . element node book . 15 book . 19 exl" "c002" mex 2" 002"
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170 210
el " "xx2"

Figure 2.4: Amoeba domains

Given an amoeba domalb, itsinstancesdenoted D], is a set of amoebas in an XML
document matching a structure pattern specifie®@bkigure 2.4 shows some examples of
amoeba domains and their instances. For an amoeba d@nain/bookititle, we denote
its instances afD1] or [[//book/title]. The amoeba domain &, = /seller//customer/name
involves three nodesgller, customer andname, in which eactame node must be a child
of a customer node, anctustomer andname nodes must be an descendant of shter
node, which is the root of the XML document. To select the amoelsastdmer andorder
nodes, we use a notati@y =[[{customer, order)], which means a set of amoebas that one
of the customer andorder node is a common ancestor of the other in an XML document.
Another extreme example is an XML document, which can be represenjéeasvhich

contains an amoeba consisting of every node in the document.

2.4.1 Node Labels

It is essential to have a capability to specify some nodes in an amoeba domain. In re-
lational databases, a table has columns and each column has a name. Hence, the relational
database users can perform algebraic operations by specifying data columns by name. As

its counterpart in XML, we can use node hames in the amoeba domain. For example, in
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an amoeba domaibsz ={customer, order), we can use node namesstomer andorder

to specify nodes. To avoid ambiguity of node names between several amoeba domains,
we use a dot notation: for example, when = //order/@id, Ds = //customer/@id, we can
distinguish these tw@id nodes aP4.@id andDs.@id, or we simply denote these node
labels arder@id andcustomer@id. We denote a text node corresponding a node label

as |n]. For example, ¢rder@id], [title] specify a text node obrder@id, title, respectively.

In this thesis, we consider that the inputs and outputs of an XML quergraceba
domains 0, ..., Dy, and a query is evaluated usimgptancesof each input amoeba do-
main, [D1], ..., [Dk]. Then, the query produces instances of another amoeba domain.
XML queries often involve intermediate results, which are themselves instances of amoeba
domains. Constructing each intermediate amoeba domains and their node names can be
a daunting task. Therefore, for readability, we assume node namashardedto the
intermediate amoeba domains.

For example, if we perform a filtering operation on an amoeba dobain/book/@isbn
and generate the another amoeba dondie: //book[@isbn="xx1"], we can use the node
namebook andbook@isbn in both of the amoeba domailsandD’.

2.4.2 Projection

To retrieve a specific set of XML nodes from instances of an amoeba domain, we
define theprojectionof an amoeba domain, denotegd, (D), whereNL is a list of node
labels and is an amoeba domain. Since the projected nodes may not comprise an amoeba
when|NL| > 1 , we add the root node of the XML document to each projection result to
ensure that the output is also an amoeba domain. For example, a proiggtigihook (D)
returns amoebas consisting of three nodeter, book, and the root node; evendfder and
book have no common ancestor, the root node is on their behalf. Note that, however, in the
following descriptions, we omit the root node from instances of a projection for brevity.
For example, given a ligiL of node labeld s, ..., Lyn and an amoeba domaid, each
instancet of a projectionty (D) is denoted = (ty, ..., tm), where eacly corresponds the
node label;, andt does not contain the root node unless it is containadLin
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2.5 Amoeba Join

The requirement of path structures within query statements is a serious obstacle to
using XML DBMSs. Amoeba joins a method for overcoming this problem by allowing
structural fluctuations in the underlying XML database, and retrieving data matching the
query of interest. The amoeba join requires no explicit path structures; node names and
keywords are dfticient to perform searches.

Even when using a schema or DataGuides [18], which is a summary of path structures
of XML, learning the entire structure is morgiitult than creating a list of all types of tag
and attribute names. We investigated a benchmark XML document provided by XMark
[49] (scalability=1.0, 114 MB). The document contained 83 tags and attribute names and
548 distinct paths. As a consequence, database users should have much more information
on tags and attributes than that of path structures, which nfésr diepending on con-
text. This is why query processing without explicit path structures, which is achieved by

amoeba join, is promising.

Given amoeba domains, for exampl®, = //order, D, = //book andD3 = //customer,
an amoeba join constructs their amoebas, allowing structural fluctuations. A similar op-
eration is astructural join [3], which concatenates two nodesq if p is an ancestor of
g. The structural join is generally used to process descendant/Axisi€ries. However,
to handle structural fluctuations, we also have to consider the following gagean an-
cestoror descendant aj. In addition, there are indirect structural relationships involving
more than two nodes, for example, hgalandq are connected through another node

To define the amoeba join, we introduce some notations. Nlebe a list of node
labels, and be a list of input amoeba domaiby, .. ., Dx. We sayl covers NLif for each
amoeba domail; contains at least one node labeNi, and also every node label kL
is contained in some amoeba domain.iThe definition of the amoeba join is as follows:

Definition 2.5.1 (Amoeba Join) Given a list NL of node labelsiL.. Ly, and a list | of
input amoeba domainsiD.. ., Dy that covers NL, where each; > (V;, P;), an amoeba
join, denoted Ay (1), produces another amoeba domain B (V’, P’) such that V is a
union of \4,...,Vk, and P must hold all of the predicates;P.. ., Pk, and also P must
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Figure 2.5: Amoeba join afook, customer, order nodes.

have a constraint that a node set specified by L, L, constructs an amoeba, that is

V=V, P=(l.lma AP

1<izk 1<i<k

For exampleAJy ger book customer (P1, D2, D3) contains an additional predicagerder,
book, customer), and generates all instances of amoebas in the XML document, matching
some structures iRigure 2.3. Amoeba join processing algorithms are described in Chapter
4,

The definition ofD’ = AJyL(Da, ..., Dk) says that thepartial structure specified by
NLis an amoeba. Nevertheless, every instand® tlecomes an amoeba. Lgig be input
amoebas oAJyL (D1, D2), wherep € [D1], q € [D2]. Whenp U g € [AJu(D1, D2)1,
two amoebap, g must have an overlap, since their partial structure constructs an amoeba.
Since XML is not a DAG, the root node of this overlapped part (amoeba) cannot have
two distinct parent nodes, eventually one of the amoeba rogtsgpfnust be an ancestor
of the other amoeba, and thpsU q is also an amoeba. When more than two amoebas
are involved, we can apply the above discussion by seeing two of the input amoebas; the
one containing the root node of the partial amoeba, and the other. Therefore, the result of

AInL(D1,...,Dy) is also an amoeba domain.

When a node tuplé = (ty,...,ty) is an instance ok (1), wherel is a list of input
node domains, and L is a list of node labels to join, we cdlls an amoeba (or an amoeba

tuple) ift has a common ancestor of the other noddsamd we call its common ancestor
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t (1 < r < m) theamoeba rooof t. Figure 2.5is an example of amoeba join. An amoeba
join Adorder, book, customer(//order, customer, book) gives a set of amoebas containing
node tupleg(6, 2, 7), (8,9, 12)} (bold numbers represent amoeba roots). The amoeba join
operation is adaptive to various XML structures; It can capturete node (6) even if it

is under thepending tag (5), and also it detects hierarchical changerdér andcustomer
nodes.

To locate such complicated XML structures, the least common ance$taysafe
frequently used [34, 56]. Note that, however, amoeba join is not a process of conlpating
of a given node set. THea nodes oforg, manager andlocation nodes inFigure 2.5include
the root nodebook_order (id = 1). Every node in XML can reach the others through the
root. For example, node 2 and 12, which are apparently irrelevant, can be connected via the
root. Therefore, the Ica method is not appropriate for finding relationships between nodes.
Amoeba join is similar to théca method in that it finds a common ancestor; however, it
limits common ancestor nodes to those belonging to one of the nodes specfiedBy
using this rule, the relationships among nodes are bound to a common ancestor, i.e., the
amoeba root. The amoebadHigure 2.5are bound by 2 or 8. If there is no such bound, as
in thelca method, the relationships among the connected nodes are very weak.

When the root node of XML happens to be contained in one of the domains, any node
tuple becomes an amoeba. In general, such a query is no use. If the root node is required
in order to specify the context of queries, amoeba join with a context dohaitenoted
AJC\L(Dg, D1, ..., Dy), is preferable. It restricts the search region of the query under the

specified context nodes.

2.5.1 Amoeba Join Syntax

Here, we introduce syntax of amoeba join expressions:
S="AJCE(GE)*")”"

E :=F|$variable:=F|S

F := XPath-expr(P <value>)? | <value>

P==|=|#<|>]|<]2
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To make expressive queries for extracting valuable information, we extended amoeba join
to incorporate XPath expressions. For example, an amoeba join exprasggiater, cus-

tomer) collects all pairs (amoebas) ofder and customer elements that have ancestor-
descendant relationships. As along as each input domain of an amoeba join expression
is given by an XPath expression, there is no need to specify & lisbf node labels to

join, because we can use the return node of an XPath expressionjtie.gode in an
XPath expressiofbook/titile, as a join target. In the next chapter, we explain situations
whenNL becomes dferent from the return nodes of the input amoeba domains, but such
NL can be determined automatically. In order to speblty explicitly, we can use vari-

able references. For exampke]($x = customer, $x/name, order) joins customer nodes,

its child name nodes ancrder nodes. This expression is identical to an amoeba join
operationAJestomer, name, order(//customer/name, order), in which the amoeba domain

D =//lcustomer/name substitutes the variable references.

Amoeba join can be used with explicit path querie/book_order, "Kevin”) computes
amoebas that havwsok_order nodes directly under the root node, and text nodes with a
value of Kevin. To express a hoaesuch that a texy occurs in the subtree rootedxatwe
provide the statement = y. For example, the expressionstomer = "Kevin” designates
thecustomer tag containing the text node "Kevin”, whether it is a child or descendant node

of the customer node.
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Purifying XML Structures

The notion of functional dependency has an essential role in data modeling. The existing
proposals of functional dependencies for XML are based on fixed paths, imposing severe
structural constraints on XML data. Our definition of FDs for XML are based on the notion
of amoeba so as to allow various XML structures. In this section, we explain functional
dependency can be a strong tool to represent XML structures, while allowing flexibility of
data modeling.

3.1 Functional Dependency

In relational databases, a functional dependency (FD) can be defined on attributes
(relational terminology for column names) in a relation. In tree-structured XML, however,
there is no flat relation such as a table. Therefore, we first have to defineldkien in
XML. In the previous work of FDs [5, 10, 11, 32], it is considered that XML has no
counterpart of relations in relational databases, so several new definitions of FDs tailored
to XML, which are based on paths, have been developed. In contrast to these approaches,
our method utilizes the notion of the amoeba to define a relation in XML, which usually
has a zig-zag shape. A relational database has a flat schema to specify relations, while in

XML, the amoeba structure of XML data forms relations.

We describe the functional dependency for XML with node labels in amoeba domains.
Let X be a list of node labels, and be a single node label, a functional dependency for

30
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Figure 3.1: Functional dependencies define XML structures.

XML is expressed a¥X — Y. Before defining FDs for XML, we show some notations:
let F be a set of FDs, theNL(F) is the set of node labels appearingHn Given a listl

of amoeba domainBy, ..., Dy, if eachD; contains at least one node labelNi.(F), and

all node labels ilNL(F) are contained in, we sayl covers NI(F). Now, we introduce

relationin XML, which is a special case of an amoeba domain:

Definition 3.1.1 (Relation in XML) Let F be a set of FDs, and ... ., Dk, where each
D; = (V;, Py), be a list of amoeba domains that covers(N). We say an amoeba domain
R(F) = (V,P)is arelation in XML if V = i<« Vi, and P = (A1<ic, Pi) A (X1, Y1)
A= A {Xm, Ym), Where eacKX|, Yj) corresponds to each FDjX— Yj in F; nodes in

Xj, Yj must constitute an amoeba.

WhenF contains an FDAB — C, an instance of a relatidR(F) must satisfy a structural
constraini A, B, C); nodeA, B andC construct an amoeba. For example, wkea {book,
customer — order, order — book, order — customer}, then a relatiorR(F) = (V, P) has
nodesbook, customer, andorder in the node se¥, and its predicat® demands thagbook,
customer, order), {order, book) and{order, customer) must be amoebas. Figure 3.1, an

amoeba domaib; satisfies these predicates, thus we Bays a relation with respedt.

We are now ready to define FD for XML.:
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Definition 3.1.2 (FD for XML) We say a relation @) satisfies an FD X Y € F if for
each pair of amoebas, g € [R(F)], p.X = g.X implies pY = q.Y, where pX is a list of
nodes in p corresponding each node label in X.

The equality of two nodesy, n; is defined as
ny = nyiff |d(n1) = id(nz),

where the functiond(n) returns a node ID assigned to nadevhenn € E U A, or a text
value ofnwhenne T.

Intuitively, an FDX — Y specifies that a node set belonging<taniquely determines
a node belonging t&¥. For example, irFigure 3.1, an FDorder — book is defined, that is
for eachorder node, a singléook node must be uniquely located; book nodes20628, 34
belong toorder nodes 1418, 26, 32, respectively.

A relational database has a schema, so FDs can be defined using instance values of
attributes in a relation. In XML, however, in addition to the value-based FDs, we also
neednode-basedrDs to define a relation in XML. For example, with two FDsler —
book andorder — customer, we can identify both obook and customer nodes from an
order node. It works as if we have anmder table, the schema of which {srder, book,
customer).

Although we use both of text values and node IDs to define FD, its fundamental prop-
erty, that is, FD is defined using a relati@hand its instances, is never changed, since
our definition also fixes a relatioR(F) and uses its instances [iIR(F)]. The extension
of the equality to the node IDs and text values has no di@eteto the definition of FDs.
Consequently, with the notion of the relation in XML, which is described with an amoeba
domain, we can apply important results in the dependency theories even in XML, such as
inference rules of Armstrong’s axioms [2, 39, 52].

By using Armstrong’s axioms, we can deduce a clodttreof FDs implied fromF.

Let F andG be sets of FDsF andG are equivalent iF* = G* [52]. It has been well
understood that this notion of equivalence is useful in defining a minimal set of FDs,
especially in that we can use a set of FDs such that each FD contains only a single node in
the right side.
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<student id="1">
<semester year="2006">

DS F1 A>B <class id="CS301"/>
° ° :___(s ) A. ¥Y¥— A-C <grade>A</grade>
B cd i _ </semester>
Co Bc VAN D=(A,B) & (A, C) </student>
® e .
2 .
B B A—>B <class id="CS301"/>
® ® (s2) B . B <report>
° : .
"o ‘e A c ¥ <student id="1"/>
c A ¢ ‘o i D=CAB)&(B,C) <grade>A</grade>
) ) S </report>
Smmm— </class>
‘e Ceo |i(s3) 9 F3
"e e A B ¥—AB—>C <grade>
B A i e i <student id="1"/>
o o D=(A, B, C) <class id="CS301"/>
<note>excellent!</note>
""""""""" </grade>

Figure 3.2: Allowable structural fluctuations vary according to aset FDs, and useful
examples of XML structures fdf3, whenA = student, B = class, andC = grade.

3.2 Examples of Functional Dependencies

To make correspondence between FDs and XML structures, we consider XML nodes
conforming to an amoeba are semantically related. If there are partial dependencies within
an amoeba, XML structures must represent these relationships, so allowable structural
fluctuations vary according to a setof FDs. Figure 3.2 illustrates variations of XML
structures for several sets of FDs. An FD for two nodes is easy to represent, since it
corresponds to ancestor-descendant relationships in XMlaGdF;). An FD involving
more than two nodes, e.@¢.B — C, uses somewhat tricky structurés, B, C), but these
can be usedftectively. For example, XML data iRigure 3.2illustrate the benefits of using
various data structures for grouping and enhancing the information (seadnawster,

report andnote elements are used).

Here, we show some examples of FDs using the XML datgare 3.1
e book — book@isbn : Eachbook hode must have a@isbn attribute node.

e book@isbn — book : The reverse of the above FD. In XML, every attribute must

belongs to a single element, so this type of FD always holds for all attribute nodes.

e book, customer — order : Any order node is identified by a pair afook andcustomer
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node. In other words, either of tlh@ok or customer node is not sfiicient to locate

anorder node.

e [order@id] — order : Given anorder@id value (text node), we can uniquely deter-
mine theorder node. In this case, aitder@id value is a key (global ID) of anrder
node, and no duplicate value efder@id is allowed in the XML document.

e book_list, [book@isbn] — book : With the information of eook_list node and@isbn
value, a book node can be determined. For exampledidielist node 2 and a value
"xx1” locate thebook node 3. With this FD, nbook node is allowed to have the same
book@isbn value in the context of theook_list node. This example can be consid-
ered as aelative key[11], which localizes the key definition under the specified
path, since unigueness bok@isbn] values is also localized in the context of the
book_list node, but various data structures are allowed compared to the relative keys
proposed in [11].

3.3 Resolving FDs

To represent that the result of an amoeba join satisfies structural constraints specified
by F, we introduce another form of the amoeba joiJ=(1), wherel is a list of input

amoeba domains:

Definition 3.3.1 (Amoeba Join Resolving FDs)Given a set F of FDs, and a list | of in-
put amoeba domains that covers (¥, where NI(F) is a list of node labels appearing
in F, we say an amoeba join of the form &) resolves F, if its output amoeba domain
is R(F), a relation that conforms to F.

The result of an amoeba jo#J: (1) must satisfy predicates R(F). In Figure 3.1, for
example, the amoeba domdn is a result of theAJg (order, book, customer).
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3.4 Amoeba Join Decomposition

The computation of an amoeba joJ:(l) usually involves many XML structures
violating the given functional dependencies. For example, amoeb@sa#, customer,
order) in Figure 3.1 contain some irrelevant structures such as 10618), which does
not satisfy an FDorder — book. If a customer node has many morader or book nodes,
the number of irrelevant structures to be produced is likely to increase. Therefore, its
computational cost could be quite huge.

Our solution to this problem is tdecomposan amoeba join operation into a nested
form of several amoeba joins so that temporary results could be minimized by the use of
functional dependencies. This method enables us to selectively retrieve XML structures
that satisfy each functional dependency, and avoids extracting unwanted XML structures:

Theorem 3.4.1 (Amoeba Join Decomposition).et F be a set of FDs, and | be a list of
input amoeba domains which covers (f. Leta: X — Y be an FD in F, we can

decompose an amoeba join operation as follows:
AJ() = Ady(AJe_igy(1 = 1), 1)

where I'is a subset of |, and each amoeba domair’ihds no corresponding node labels
in NL(F — {a}), so I' might be an empty list. When F or | is empty,~AlJ is an empty

amoeba domain.

proof by induction. Let amoeba join expresssiofsQ be AJ:(l), Adxy(AJr_a(l —
1M, 17), respectively. WhelfF| = 2, an instance € P is an amoeba, satisfying structural
constraints implied by the FDs i — {a} anda: X — Y € F, consequently? c Q. Letq
be an instance d). F — {a} consists of an FD, saf% — B. Thus, the result of) satisfies
{X, Yy and{A, BY, thatisq e R(F); Q c P.

When|F| > 2, because of the hypothesis of the inductidds 5 (1 —1”) can be totally
decomposed into the forfJx, v, (Adx,.v,(. . . (Adx, v, (- --)))), whereX; — Y; € F — {a}.
Thus, every instance d satisfies predicate§Xi, Y1), ...¢{Xn, Yn), in addition, {X, Y}
because of the outmost amoeba join operation. Therefore the number of predicates is
equal betwee andQ, consequently? = Q. O
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———————

pincrol  Awee Ado.c
2: 0O—>»B :\ T unnecessary T
B:0>C A Yo operation AJo.s
AJo,c B AJs,c,0
/\ many instances / T\

C @) B C O
AJF(B, C, O) AJF(B, C, O)
= AJB, ¢, o(AJFi(B, C, O)) = AJo, c(AJFi(B, C, O))

=AJB, ¢, 0(4Jo, B(AJF2(C, O), B)) = AJo, c(AJo, B(AJF2(B, C, O)))
= AJB, ¢, o(4Jo, B(AJo, ¢(C, O), B)) = AJo, c(AJo, B(AJB, c, o(B, C, O)))

Figure 3.3: Decomposition ordeffacts the generated amoeba join schedules.

The decomposition in Theorem 3.4.1 can be used repeatedly to derive a series of
amoeba joins to calculate the original amoeba jafigure 3.3 illustrates query sched-
ules generated by amoeba join decompositions. For simplicity, weBuSeand O to
denote both of node labels and amoeba domaimsdK, customer andorder, respectively.
When we choose the FB,C — O as a first decomposition target, the query schedule
becomes as left-hand scheduleFigure 3.3. This schedule reduces the search space of
possible amoebadfectively by evaluating functional dependencies f3 and f2 in earlier
steps, making it unnecessary to consider f1. On the other hand, the right-hand side sched-
ule uses the other FD first, which ends up enumerating all possible structural fluctuations,
and afterwards makes selections using FDs.

Functional dependencies are frequently observed between parents and their children,
e.g.,order@id — order; the order node must be the parent of theler@id node. In this

case, we can explicitly decompose the amoeba join using parent-child join:

Corollary 3.4.2 ForanFD a: P - C orC — P in F, where P is the parent node of C,

the amoeba join decomposition can be expressed as follows:
AJE(l) = PCoc(AJr_a(1 = 1"),17),

where PG denotes the parent-child join, which is a specialized version of an amoeba
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join that connects parent nodes P and child nodes C.

3.5 FD Based XML Query Processing

When FDs are defined for an XML document, even if there are no explicit path struc-
tures in the query statements, a relation of XML specifies XML structures of interest.
Unlike relational databases that have fixed tables, a relation in XML varies according to
query context. IrFigure 3.1, for example, if we want to query a pair bbok andcustomer
nodesprder nodes are also required to deteebk andcustomer nodes connected through
order nodes (illustrated aB,). On the other hand, just to retrieve omkyok andtitie nodes
(D7), we cannot use FDs relateddastomer or order, sincebook nodes 36, which are not
contained irD,, should be included in the result. LML be a list of node labels contained
in a query. We have to select FDs that are related to nod&d.inln other wordsNL
defines a set of FDs that conforms to a relation.

All relevant nodes to query nodes ML can be determined by calculating a closure
NL* of node labels [52, 39]. The computation WL* can be performed as follows: if
there is an FD such that all node labels in its left side are containéd_jradd a node
label in the right side of the FD tNL, then repeat this process until there is no change in
NL. We call the set of FDs used in this procesgastext FQ denotedy .

For example, suppode = {book customer — order, order — book, order — customer}.
WhenNL = {book, customer}, NL* = {book, customer, order}, andFy is identical toF
because all FDs are used. Whdh = {book, title}, NL™ = NL andFy_ is empty as no
FDs are involved. This means no structural constraint is found betawgrandtitle. If
we addtitle — book to F, thenFy | becomegtitle — book]}.

A relation R(FyL) is a result amoeba domain of a query for node®in In other
words, XML structures for querying nodes L are defined byrR(Fn). When no FD is
defined for some node labele NL, we just perform amoeba joisn (AJg, (1), n) so
as to retrieve amoebas containingother nodes ifNL — n satisfiesFy.. For example,
AJr(book, order, title) is evaluated with a nested amoeba join:

AJoook, order, title (AJr (book, order), title),
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since there is no FD faitle nodes. While an amoeba joAJg(book, customer) requires
order nodes, bubrder is not specified in the query, so we have to eliminatier nodes

using a projection after the amoeba join processing:

AJr(book, customer) = mpaok customer (AJr (book, customer, order)).

3.6 Ubiquitous Keys

Tree structures are not fficient to represent data models of the real world, which
tend to have a graph structure [25]. To accommodate XML's single-tree structure to the
graph-structured data model, we have to manage multiple hierarchies of XML data within
a single XML documentFigure 3.1is an example of multiple hierarchigsyok_list, cus-
tomer_list andorder_list.

In addition, to make connections between these hierarchies, we need keys for XML
[11] to relate nodes in an XML document. A key is a special case of an FD, and it can be
used to uniguely locate XML nodes. However, to manage mixtures of variously structured
data, rather than using one-to-one connection of nodes with keys, which oblige the users to
specify both sides of connected nodes explicitly, it is more convenient to make equivalent
classes of XML nodes to automatically connect related nodes. In this section, we introduce

theubiquitous keyswhich define equivalent classes of XML nodes.

We denote aibiquitous key for a node labeY asX — Y, which has the same syntax
with FDs, but is diferent in that it imposes no structural constraint on XML data, and if
two amoebag, g agree onX, that isp.X = g.X, thenp =, ¢, that isp andq belong to
an equivalent class specified byFor exampley; = [book@isbn] — book is a ubiquitous
key specifying thabook nodes with the sam@isbn value are equivalent.

A ubiquitous keyyp,: book, customer — order is another example. However, the right-
hand side ofp, uses node IDs obook andcustomer nodes, which are usually managed
in the internals of a DBMS, so the user cannot specify the equivalent classeohodes
within a query statement. In this case, we need ubiquitous keys for bathokfand
customer nodes. For example, ubiquitous kggsok@isbn] — book and[customer@id] —
customer are required to provide text values for eactbodk andorder nodes inp;.
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We must define ubiquitous keys so that we can resolve all non-text nodes in the left-
hand side with text nodes by recursively traversing a set of ubiquitous keys from the right-
hand side to the left-hand side. We uge) to denote the set of all node labels found in the
above traversals from, and callo(¢) key domainsFor example, given ubiquitous keys:

91 . [book@isbn] — book

@2 . book, customer — order
@3 . [customer@id] — customer,
their key domains are as followso(¢1) = {[book@isbn]}, p(¢2) = {book, customer,

[book@isbn], [customer@id]}, andp(y3) = {[customer@id]}. Equivalence of XML nodes
u, v specified by a ubiquitous key, denotedu =, v, can be determined by using text

nodes contained in(y):

Definition 3.6.1 (Equivalent Class of XML Nodes)Let ¢ be a ubiquitous key, aney)
be its key domains. Let F be a set of FDs, and R be a relat{&n§g), where F,) is a
set of context FDs for node labelsgfy). Given two nodes,w contained in amoebas @
in [RI, respectively, &=, v iff for each text node label | ip(¢), p.l = q.l.

Let NL = p(¢), equivalent XML nodes can be retrieved with a quédg, (1). For
example, instances &(F,,)) are illustrated with red and blue circlesfigure 3.1, and
book nodes enclosed with the same colored one are equivalent. On the other hand, there is
no equivalenbrder nodes fory,, instances of which are iB», since there is no instances
p, g € [D2] such that a pair ofbook@isbn] and[customer@id] values are the same.

As for the value equality of text nodes, we simply compare text values as strings, and
it is sufficient for the purpose of this paper. For various options of value equality of XML
nodes, see the discussion in [11].

An amoeba join operation is capable of querying structural fluctuations. For example,
however, there is no matching amoetimok, pending, order, title) in the XML data of
Figure 3.1, failing to retrieve meaningful information. Our approach to this problem is
to collect fragments of amoebas allowingll values, for examplgbook, null, null, title)
and (book, pending, order, null). Then, merge these tree-frame fragments based on the
equivalence obook elements specified by ubiquitous keys. We Agéto denote such an

amoeba join operation that allowsill values:
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key domains

(P5) Projection T hook, pending, order, tite il el I

(P4) 3 4 “xx1” 5
Merge Equivalent Nodes [book@isbn] 6 7 "“xx2" 8
(P3) 16 17 “xx1” 13 14
Collect Tree Fragments AJ* book, pending, order, title | 20 21 “xx2” 13 18
/ 'X \ 28 29 ot
34 35 “xx2"

AJ* book, order pending tittle

/ \ key value

PC order (P2) Resolve FDs lmerge & projection

[book@isbn] pending order title
{3, 16, 28} “xx1” 13 14 5

book book@isbn (P1) Key Value Query | $6,20,39 | 2" | 13 | 18 | 8 |

Figure 3.4: Amoeba Join Schedule A (book, [pending, order, title]). AJ* computes
fragments of amoebas, then these fragments are merged to fill blank columns.

Definition 3.6.2 (AJ*) Let NL be a list of node labels, and | be a list of input amoeba
domains covering NL, an amoeba join @dI) outputs the same amoeba domain with
AJnL(1), except that each result amoeba is allowed to have null nodes other than the node

corresponding a first node label in NL.

To facilitate ubiquitous keys, instead &), we useAJ* to decompose an amoeba
join operation.Figure 3.4 illustrates a schedule of an amoeba join qu@ry: AJ: (book,
[pending, order, title]), which computes the equivalent classebafk nodes while resolving
FDs. First, to detect equivalence bfok nodes, the schedule @ collectsbook and
book@isbn nodes, then perform PC-join of them sinamk@isbn — book (P1). Among
the inputs ofQ, book andorder have a structural constraint given by the leler —
book, SO we have to connect them by usingd operation P2), then compute structural
fluctuations ofbook, pending, order andtitle nodes P3). Figure 3.4 shows the intermediate
result in the phase@). Although every node id dfook@isbn in Figure 3.4is different, by
comparing their key values, that[isook@isbn], we can find equivalent rows (amoebas).
In (P4), equivalent rows are merged to fill the blank column, and incomplete rows that
still hasnull values are eliminated. Finally, by using projectmrthe query reports only
requested nodes by users 5], and the result is the lower table figure 3.4.



Chapter 4

Amoeba Join Processing

Amoeba join can be used as a query method which does not require explicit path structures
in query statements; tag names or keywords afigcgent to perform searches. This chap-
ter introduces several amoeba join processing algorithms. The performance evaluation of

these algorithms will be described in Chapter 6.

4.1 Preliminaries

Given a listl of input amoeba domain®,, ..., Dk and a listNL of node labels, an
amoeba joinAJy (1) receives instance tuples = (di,...,dk), whered €[D1] x--- X
[Dk1. Then, the amoeba joiady (1) locates a set of instance tuples, such that the projec-
tion of each instance tupton NL, denoted byry (d), composesamoeba

Note that, amoeba join processing is independent of node retrieval from databases;
we can separate database scans for instances of amoeba domains from the amoeba join
processing. This independence is important because it enables amoeba join to be incorpo-
rated into other existing query-processing techniques.

In the algorithm descriptions that follow, we assume that every XML node is labeled
with an interval étart,end [33]. This type of the XML index is illustrated iFigure
5.1in Chapter 5. A pair of two arbitrary intervals is disjoint; one subsumes the other as
a subrange. By encoding XML tree structure hierarchy in the form of an interval tree,
detection of ancestor-descendant relationships between two nodes becomes a containment

41
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test of two intervals, i.e. a nodeis an ancestor of another nodeft p.siarit < Q.start A

Q.end < P.end-

4.2 Brute-force Amoeba Join

First, we describe a process to determine whether a given node tuple is an amoeba.
The functionisAmoeba(t) receives a node tuple= my.(d), which is a projection of an
instance tupled on NL, and returngrue if it finds a node interval irt with the smallest
start value that completely contains the other intervals. Such an interval is the common
ancestor of the others; i.e., this node tuple constructs an amoeba.

With the decision functioisAmoeba(t), we can write a simple brute-force amoeba join
processing algorithmaA{gorithm 1). This brute-force version computes all permutations

of the input sets, but is apparently ffieient.

Algorithm 1 Brute-force Amoeba Join Algorithm
Input: Instances of amoeba domaibs, . . ., Dy, and a listNL of node labels

Output: A setR of amoebas

: R< il

(I

2: for all instance tuplel in the permutatioff D1] x - - - x [Dx] do
3: if isAmoebafy(d)) then

4: pushd into R

5 return R

Two more dhicient amoeba join algorithms are detailed below. The sweep algorithm
improves the brute-force algorithm by sequentially sweeping the input node sets. The

quicker algorithm reduces diskJs by localizing search regions.

4.3 Sweep Algorithm of Amoeba Join

By sorting the input amoeba domains in advance in the order of start values of nodes
specified inNL, it becomes moreficient to find amoebas because the amoeba root of
a node tuplg = (ti,...,ty) always has the smallest start valuetin . ., t,. The sweep
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algorithm @lgorithm 2) searches amoeba root nodes by sweeping the sorted input node
sets.

Algorithm 2 Sweep Amoeba Join Algorithm
Input: Sorted instances of input amoeba domdns. . ., Dy, and a listN L of node labels

Output: A setR of amoebas

1: R<nil.

2: while truedo

3: if some of[D1], ..., [Dk] is emptythen

4: return R// no more amoeba tuples

5. create a node tuple = (ty,...,tn) = =znL(d), whered is an instance tuple
d =([D4].front, ...[Dg].front)

6: Letsbe the smallest start node indextjthentg is the smallest node ifD4], .. .,
[D«]l

7. if isAmoebal) then

8: // sis the amoeba root node index in t

9: By searching the range d(start, ts.end in each[D;] (1 < j <k, j # ), collect

instances of D] that have descendant nodestgfwhich are specified ifNL,

then construct a sé; of these instances.

10: As is a set containing only the instance [@s] which has the current amoeba
rootts.
11: If every Aj(1 < j < K) is not empty, all permutations of, ..., Ac) construct

amoeba tuples, so insert them ifo

12:  remove the instance containibgfrom [Ds]] // all amoebas rooted by t are found

In Step 6 ofAlgorithm 2, a nodets with the the smallest value in the input is assumed
to be an amoeba root. Because no other element in the input sets has a smaller start value
thants, scanning the range ofs(start ts.end in Dj(1 < j <k, j # ) is suficient to find
all descendant nodes &f (Step 9). Then using these descendant nodeg@ame: can
enumerate all amoeba tuples rootedbfStep 11). When the algorithm reaches Step 12,
itis assured that all amoebas whose root’s start value is smaller than or equal to the current
amoeba root candidateare found.
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4.4 Heuristics for Search Space Reduction

Here, we introduce thquicker algorithm a more elaborate version of amoeba join,
which is integrated with index look-ups. While the sweep algorithm reads all nodes in
the given query domains from the database, the quicker algoritigarighm 3) tries to
reduce this disk/Ds. For brevity of explanation, to specify each instance of an input
amoeba domain, we mention only nodes, which belongsltocontained in the instance.

For example, we denote a nodspecified inNL in an instance of an amoeba dom&in
asv € [D] ignoring the other nodes contained in the instance.

For a node tuple to be an amoeba, each node in the tuple must be a descendant of
the amoeba root node. When a nodé considered a part of an amoeba, its amoeba
root is eitherv or one of its ancestor nodesigure 4.1 illustrates this idea of localizing
database scans within the descendant area of an amoeba root node candidate. Given a
pivot node, which is considered a component of an amoeba, the quicker algorithm in Step
5 finds its ancestor nodes, i.e., amoeba root candidates, then searches the descendant area
for other components of amoeba tuples. The quicker algorithm chooses pivot nodes from
the smallest domain, sdy;, because the smaller the cardinaliy|, the fewer amoeba
root candidates and their descendant nodes (components of amoebas).

For this purpose, we use the frequency count (or its estimation) of nodes belonging to
each of the query domains. Given domains of an amoeba join qukiyD1, . .., Dy), let
E = (e, ...,&) be frequency oD, ..., Dx. When the value oD;| is availableg = |Djl,
if not, & = co. A function f sortsg so thater;) < --- < ef(k). Quicker algorithm chooses
pivot nodes fronD+ () (Step 4).

The quicker algorithmAlgorithm 3) utilizes three types of index scan; for retrieving
nodes inD¢(y), which is the smallest domain (Step 2); for retrieving ancestor nodes of a
pivot node (Step 5); and for scanning descendant nodes of an amoeba root candidate (Step
11). A database index that supports these three types of index scans is required to perform
the quicker algorithm. In Chapter 5, we show dhiogent XML index that supports these

scans.

This type of search space reductidfigiire 4.1) is not available in thdca method,
because alta node tends to be the root of XML, it does not reduce the search space at all.

Another reason that makes this optimization possible is the design concept of amoeba join,
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Algorithm 3 Quicker Amoeba Join Algorithm
Input: Input amoeba domaird;, ..., Dy, a listNL of node labels, and sorting function

f

Output: A setR of amoebas

1: Initialize priority queues (sorted by start ord€}) < empty(i = 1,...,K)
2: fill the Q¢ (y) with nodes inD¢(y) by fetching from the databagsdex scan)
3: fori=1...|Dfyldo
4:  pivot= Qs(y).top
5:  query pivot’s ancestor nod@sdex scan), then push them into correspondiQg(p #
f(1)).
repeat
s = the smallest start node index@y.top, .. ., Qk.top.

ts = Qs.top// an amoeba root candidate

pop all entrieqy ahead of thes, i.e. Yq € Q;, g.start < ts.start
10: for j = f(1)... f(k)do

11: push unread descendant nodessah D into Q;. (index scan)

12: goto Step 17f Q; is empty (s cannot be an amoeba root)

13: // all of the Qp(p # (1)) is not empty

14: By searching the range ofs(start, ts.end in eachQ;(1 < j <k, j # ), collect

descendant nodes &f then construct a set of these nodgs

15: As = {ts} // contains only the current amoeba root candidate

16: If every Aj(1 < j < K) is not empty, all permutations oA, ..., Ac) construct
amoeba tuples, so insert them ifRo

17: pop Qs // all amoebas rooted by ts are computed

18: until s= f(1)// exit when the pivot node is popped

19: return R
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Figure 4.1: A small number of pivot nodes helps to reduce index scan ranges.

which tries to find common ancestor nodes frepecific domainswhile the approach of
thelca or slca[34, 56] is to find common ancestors from thstire nodesn an XML

document.

4.5 Disk I/O Performance

When the height of an XML tree is, the number of nodes retrieved by one ancestor
query is at mosh. The quicker algorithm retrieves ancestor nodes for each nd@a iy,
and thus it requireb|D+(1)| node retrievals from the database. Another factor that defines
the disk JO performance of the quicker algorithm is how many node retrievals the heuristic
of Figure 4.1 saves. LetD; be a sub-domain ob;, which is retrieved by the quicker
algorithm; then, the number of nodes scanned in the quicker algorithidig)| + |D}| +
---+|Dy]. However, the sweep algorithm consumes all nodes in the query domains; i.e., it
searchefD;|+- - - +|Dy| nodes. WhefD+(y)| is suficiently small, as in the example shown
in Figure 4.1, |D{] is typically considerably smaller thdbj|. In addition, the height of the
XML, h, is generally limited; only rarely if larger than 100. Consequently, the quicker
algorithm is often less costly in terms of digkdlthan the sweep algorithm.

This search space reduction is similaptesshing selectiora query optimization tech-
nique for relational databases [39]. XML typically contains many repeat paths, and there-
fore, reducing the size of query domains by attaching conditions, such as predicates on text
values, to the path expression queries is a common method. Hence, the quicker algorithm
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utilizes a simple optimization to reduce diglok.
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Chapter 5

XML Indexing

Several indexing methods have been proposed to encode tree structures and path struc-
tures of XML, which are generally callestructure indexesThese indexes enable us to
efficiently query XML data according to several structural conditions. Although amoeba
join operations can be performed without using structures, initial inputs of the amoeba
join, e.g.//book, /lcustomer/name, etc., should be retrieved using node hames or some path
contexts. In addition, the quicker algorithm described in the previous chapter requires
retrievals of ancestor or descendant nodes of a specific context node.

From these considerations, we observed that an index for XML has to process tree
structures and path structursgnultaneously In this chapter, to handle these various
aspects of XML, we present the design of our novel multidimensional index. Previous
work of XML indexing has often developed specialized data structures tailored to some
query patterns to handle this multidimensionality, however, their availability to the other
types of queries has been obscure. Our method can be implemented on top of the standard
B+-tree, and is adaptive to various combinations of structural predicates, including su

paths, ancestor, descendant, etc.
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Figure 5.1: Interval labels of XML

5.1 Backgrounds

5.1.1 Tree-Structure Indexes

XML has a tree structure, however, ancestor and descendant axes canfhicidely
evaluated with standard tree navigations such as depth-first or breadth-first traversals. To
make faster the process of ancestor-descendant queries, two types of node labeling meth-
ods have been developed; théerval label[33] and theprefix label[37]. The interval la-
bel (see als&igure 5.1) utilizes containment of intervals to represent ancestor-descendant
relationships of XML nodes. For example, if an interval label of a npdentains another
interval of a nodey, p is an ancestor aj. The prefix label assigns node id paths from the
root node to each node so that if the label of a npde a prefix of the label of a nodg
p is an ancestor aj. Both of the node labeling strategies are fundamentally same in that
they are designed to instantly detect ancestor-descendant relationships of two XML nodes.
This operation is calledtructural joins[3]. Figure 5.1 shows an example of the interval
label. The interval assigned to each node subsumes intervals of its child and descendant
nodes. These node labels are favorable in that they can be aligned in the document order
of nodes by seeing start values of these intervals. Therefore, these labels can also be used
to traverse the tree structures of XML in both of the depth-first and breadth-first manner.

We call this types of indexes for tree navigatitree-structurendexes.
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Figure 5.2: Projection of the interval labels (start, end) on a 2D-plain

5.1.2 Path-Structure Indexes

To eficiently evaluate path expression queries, in addition to the tree-structure indexes,
we also needgath-structureindexes, which reduce the overhead of tree navigation by
clustering nodes that belong to the same tag or attribute name paths. There are many
proposals how to encode path structures of XML, varying from simply assigning an integer
id to each independent path in the XML document [29] to creating a summary graph of
path structures [18, 35].

When a query contains the descendant-gXjisWe can localize the search spaces for
the descendant nodes. For example, an XPath gueapgan/item can be decomposed into
two pathsjy/Japan and//item, and the search space fotem will be localized according to
the results of/Japan (Figure 5.1 andFigure 5.2). Therefore, the tree-structure and path-
structure indexes should be integrated to evaluate this types of queries.

In addition, we usually have to query not only with tag names of XML nodes but
also withsyfix paths For example, an XPatiapan//headline/item contains a sflix path



CHAPTER 5 XML INDEXING 51

1 news\ 11 editorial\Japan\news\

2 Japan\news\ 12 editoria\CA\USA\news\

3 headline\Japan\news\ 13 sports\Japan\news\

4 headline\NY\USA\news\ 14 USA\news\

5 headline\CA\USA\news\ 15 NY\USA\news\

6 item\headline\Japan\news\ 16 traffic\NY\USA\news\

7 item\headline\NY\USA\news\ 17 info\traffic\NY\USA\news\

8 item\editorial\Japan\news\ 18 jam\info\traffic\NY\USA\news\
9 item\editoriaN\CA\USA\news\ 19 CA\USA\news\
10 item\sports\Japan\news\

Figure 5.3: Inverted Path Labels Bigure 5.1

/Iheadline/item. Rather than queryinfeadline anditem nodes individually, it is far more
efficient to scan nodes that havdisupaths//headline/item directly, since there are many

item nodes whose parents are not tieadline nodes. To improve accessibility tofix

paths, the p-label has been proposed [57]. The essence of the p-label is to invert the
sequences of paths occurring in the XML document, which weigedrted pathsand

align these inverted paths in the lexicographical order considering each tag or attribute
name in the paths as a comparison ufigure 5.3 shows an example of inverted paths,
where each inverted path is labeled with an integer id. To evaluate an XPath/fjeery

we have to collect nodes whose inverted path ids are contained in the ratd [8/hen

a more detailed path is specified, for examplaadiine/item, the query range narrows to

[6, 8). With the inverted path ids, we can perfornfisupath queries with range searches.

5.2 Multidimensional Aspects of XML

In this section, we show why the integration of tree-structure and path-structure in-
dexes is so importantigure 5.2 shows the mapping of the intervatsart, end) in Figure
5.1into a two-dimensional plane. The benefit of the interval labeling is that we can enclose
all ancestor (descendant) nodes of some nodes within its upper left (lower right) rectangu-
lar region. For example, all ancestor nodes ofvenode (2134) is enclosed in its upper
left rectangle. The process of a query, sayvs/Japan//item, has to accurately extraiosgm

nodes within the subtree rooted bypan (a shaded region in the figures). Since some
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item nodes exist out of this region, the index structure for XML demands the capability to
capture nodes by the combinationswdrt, end, and paths.

Although the 2D plane is useful to track ancestor and descendant nodes, we also need
the information of the node depth (level) to process wild-cards in path expressions. For
example, XPath expressiongws/* and /news/US/*/*/*, which are useful to investigate
the structure of XML database, require the level informationfliciently collect the an-
swer nodes, since without indexes for the level values, its process has to traverse the tree-
structure in depth-first or breadth-first manner; it isffireéent when the depth is deep. Our
experimental results confirm the ffieiency of these tree traversal methods for wild-card

queries, i.e. the sibling-axis steps.

XPath [15] has 11 types of axis steps for tree navigations, thatmacestor de-
scendantparent child, attribute, preceding-sibling following-sibling ancestor-or-self
descendant-or-selpreceding andfollowingt. Among them, the six types of axis steps,
ancestor(-or-self), descendant(-or-self), preceding and following, can be processed with
the two-dimensional indexes for the interval laletart, end). The parent, child, preceding-
sibling and following-sibling axis-steps require allwért, end, level values, since start and
end values are not fiicient to detect parent-child relationships of nodes. If attribute nodes
of XML are modeled as child nodes of tags, the attribute-axis can be seen the same with
the child-axis. Therefore, all of 11 axis-steps can be processed with the combination of
(start, end, level) indexes, i.e. a tree-structure index.

In addition to the tree-structure indexes, if we have a path-structure index, wéfiean e
ciently answer XPath queries, even if these answers are contained in meandering regions
as illustrated in the query region farews/Japan//item in Figure 5.2. Therefore, to cre-
ate a multi-dimensional index of tree-structures and path-structures of XML is a key to

accelerate XML query processing.

1The other two axis steps defined in XPath [15] arertamespacandself axis, which do not require any
tree traversal.
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5.3 Multidimensional XML Index

In order to construct an XML database, we utilize a combination of tree-structure
indexes, and path-structure indexes. Although, there are many proposals for labeling each
type of index, we adopted labels that can be easily represented with integers.

We encode every XML node with a label:
(start, end, level, path, text),

wherestart andend represent interval labels of XML, anelel is the node depth. Theth
is the inverted path id described in Section 5.1.2. {Ekeis a text content enclosed in the
tag or attribute. Every attribute element in XML is assigned the same interval and level
value with its belonging tag, so as to learn the subtree range of the tag from the index of
the attribute node.

Although we utilized the interval labels for tree structures, other labeling schemes,
such as prefix labels, can substitute them, and the XML label wi(pbtefix-label, level,
path, text). Each prefix label contains all prefix labels of its ancestor nodes, so there is no
need to have end values for ancestor queries. The path labels also can be replaced simply

with tag IDs or other labels.

The above labeling scheme is used to create our multidimensional index. To index
multidimensional data, it is general to use R-tree, which groups together nodes that are
in close spatial proximity. However, implementations of R-tree are not yet as matured as
B+-tree, which is broadly employed in the industrial strength DBMSs, while R-tree is not.
Although B+-tree is a one-dimensional index structure, we can store the multidimensional
data into the B-tree by using a space-filling curve [42], such as Hilbert curve, Peano
curve etc. The space-filling curve traces the entire multidimensional space with a single
stroke, and it can be used to align multidimensional points in one dimensional space.

However, what kind of space-filling curve is suited for XML indexing? To answer
this question, let us confirm our objective to construct multidimensional indexes; that is
to make clusters of nodes that have same attribute values as possible, for example, nodes
having same level values and sam#éigpaths, so that we carfiently query nodes with
combinations of these attribute values, i.e. start, end, level and path.
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Figure 5.5: Z-order specifies a position on the z-curve.

To meet this demand, we chose a straightforward apprdetetmterleavingof coordi-
nate values. It gives a position on theurve[38, 42], which is also a space-filling curve.
The interleave function illustrated iRigure 5.4 receives coordinate values of a point as
input, and from their bit-string representations, it retrieves single bits from heads of co-
ordinate values in a round-robin manner, then computeg-tireler, which is an absolute
position on the z-curveF{gure 5.5). This linear ordering of XML nodes enables us to
implement the multidimensional index on top of the-Bee. In addition, each step in the
z-order inFigure 5.4 has a role to split each dimension. The first step splits each dimension
into two, and the second step splits each slice into 2, resultin@ #nLslices, and so on.
If two nodes are close in the multidimensional space, their z-values are also likely to be
close in the some steps. It means these nodes will be probably placed in the same leaf

page in the B-tree, and it is the nature of bit-interleaving.
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5.3.1 Normalizing Index Resolution

The interleave function extracts bits beginning from the MSB (most significant bit).
When value domains of the interleaved indexes are féer@int, for example, the domain
of start values is & start < 210, and that of level values is 8 level < 23, the change
of a value in a smaller domain has as equal significance to the z-order as that of the larger
domains. In general, the depth of XML documents is not greater than 100, while the
interval label for XML requires as large a value as the number of nodes, which can be
more than 100,000. Thus, if we use the same bit-length number to represent each index
value, the level values are less important in the z-order, and we fail to separate XML nodes
level by level. It will deteriorate the sibling query performance.

To avoid this problem, we adjust thesolutionof each index, which is the maximum
bit length that is enough to represent all values in the index domain. We denote the reso-
lution of an index as. For example, when a domain of some index is a rang&[Q), its
resolutionr is [log, Vmax]. Thenormalize,(v) function converts an integer valwewhose
resolution isr, into anm-bit integer value. We defineormalize,(v) = [v/2"~™], ignoring
the fraction. For example, when = 8 and the resolution of each index(efart, end, level,
path) is 10, 10, 3 and 4, respectively, an XML index (100, 105, 3, 2) is normalized to the 8-
bit values (25, 26, 96, 32). By using normalized index values to compute z-orders, we can
adjust the resolution so that level or path values, whose domains are usually $iedtl, a
much more to the z-order than start or end values. We simply denote this normalization

process for some nodeasnormalizép).

5.3.2 Range Query Algorithm

The idea that utilizing z-curve for multidimensional indexes is first mentioned in the
zkd-BTree [38] and is improved in the UB-tree [7]. Although both of them extended the
standard B--tree structure to make itfécient for multidimensional queries, we introduce
a multidimensional range query processing algorithm without modifying existinty&e
structures. In our algorithm, we need only two standard functions for ther€e;find and
next The find(k) receives a key valuk and finds the smallest entry whose key value is

greater than or equal o Thenex{e) returns the next entry of an entgyjin the B+-tree.
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Figure 5.6: Range query algorithm

We denote the z-order of a noge= (start, end, level, path) aszordel(p), and coordi-
nates specified by the z-ordeascoord(z). Then,coord(zordelp)) = p. Each entry in
the B+-tree has the structurezcordeinormaliz€p)) = p, and sorted in the z-order. To
perform a multidimensional query for a hyper-rectangle regips, pe), whereps and
pe are the multidimensional points specifying the beginning and end points of the query
range, we can utilize a property of z-orders; all poiptin the query range& satisfy
zordel(ps) < zordel(p) < zorder(pe) [7].

Algorithm 4 shows the range query algorithm, aRidure 5.6 illustrates its behavior.
Since all nodes are aligned in the z-order in thetBee, we have to scan the key range of z-
order fromzordernormaliz€ps)) to zordenormalizgeii(pe)), Wherenormalizgei(p) is a
function to calculate ceiling valuegs/2"~™], of each normalized coordinate valge ™,
wherer is a resolution of a dimension, antis a common bit length after normalizing each
coordinate. That z-orders computed from normalized coordinate values may have round
errors, so there is a case tlword(normaliz€p)) is contained in the normalized query
rangeN Q(normaliz€ps), normalizeeii(pe)), but p is not in Q, since if we de-normalize
NQ, illustrated inFigure 5.6 as pseudo-query range, it is always equal to or larger than
Even though, the containment test f0Q (Step 10) is useful to detect whether the current

z-order is completely out of range @. In this case, we can compute thextZorder
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Algorithm 4 Range query algorithm
Input: Q(ps, Pe) : query range
Output: A node set within the query range

1: NQ = (normalizéps), normalizeeii(pe)) // normalized query range of Q
. Zg = zordelps), Ze = zorder(pe)
. Z = Zg// set the initial z-order to the beginning of the query range

. // find an entry e in the B+-tree that has the smallest z-order larger than z

2

3

4

5. e= find(2
6: while eis notnil do

7 Zz=ez [/ ezisthe z-order (key value) of the entry e
8 if z> Z. then

9 return// end of the query

10: if coord(2) is contained iMNQthen

11: while eis notnil ande.z=zdo

12: // retrieve nodes whose z-order is zin the B+-tree

13: if the entryeis contained iMQ then

14 outpute

15: e=nex{e) // move to the next entry of ein the B+-tree

16: else

17: nextZorder= the smallest z-order larger thamnd contained itN Q.
18: e = find(nextZordey

that re-enters into the query b&kQ (Step 17). It skips some nodes in the outside of the
query box and saves diskd costs. An éicient algorithm to compute next z-orders is
described in [40]; in essence, this algorithm locates the most-significant bit-position, say
j, in the z-order that can be safely set to one without jumping out of the query range, then
adjusts other bit values which are lower thaeo that the z-order becomes the smallest

one contained in the the query range but larger than the original z-order.



Chapter 6

Experimental Results

We evaluated the performance of our XML indexing method in comparison with the stan-
dard XML index structures. By using these indexes, we also measured the performance
of several amoeba join processing algorithms, and the performance gain achieved by the

amoeba-join decomposition techniques.

6.1 Settings

Implementation. We implemented all of the database indexes and algorithms-in C
The index implementation usestBrees provided by the BerkeleyDB library [50]. Given
an XML document, we labeled each XML node wititart, end, level, path ID, text). The

pair (start, end) is an interval representation of XML nodes [33], described in Chapter
5. Thelevel is the depth of a node in the XML tree, and required to detect parent-child
relationships of XML nodes. Thgath ID represents an inverted path ID assigned to each

independent path. Thext is a text content encapsulated by tags or attributes.

Machine Environment. As a test vehicle, we used an Windows XP, Pentium M 2GHz
notebook with 1GB main memory and 5,400 rpm HDD (100GB).

Database Settings The page size of the-Btree is set to 1K. We prepared a somewhat
larger size of the page caches (128MB) so as to ignorefteetef inadvertent disk/O
delay, which is usually caused by random-disk accesses. This is because moving the

disk head is the most time-consuming disk operation, in addition, fiieeteof which

58
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significantly varies according to OS status and the types of storages, e.g. IDE, SCSI,
RAID5, flash memories, etc. Hence, we set up so that most of the queries can be performed
on the main memories after the database contents are cached, but a query that inherently
requires many page-fetch operations has to perform actual disk reads; This type of query
processing becomes slower when we have smaller caches. In the following experiments,
for each query, we measured the average performance of hot-runs when disk pages are

fully or partially cached.

6.2 XML Index

First, we evaluated the query performance of the proposed index in Chapter 5 for
several types of queries, e.g. ancestor, descendant, sibling, and fiatlipseries, which
are the basic components to process more complicated queries such as structural joins [3],
twig-queries [27], etc.

Our system, called Xerial, uses the index structure described in Chapter 5, which has
the form: z-order= (start, end, level, path, text), where the values af-orderare keys of
B+-tree entries; each XML nodes are sorted in ascending order of the z-order within the
B+-tree. Every z-order is represented with 64-bit integer. And also, albef end, level
andpath values are described with 32-bit integers. These values are normalized to 16-bit
integers when computing z-orders.

To clarify the benefit of our method, we prepared two competitors for Xesialt
index and path-start index. The start index simply sorts XML nodes in the order afart
values. It has the data structurgatt = end, level, path, text) in B+-tree. Thepath-start
index, ((path, start) = end, level, text), sorts nodes first byath, then bystart orders. These
structures can localize search space of path queries within some subtree range, and similar
structure is utilized in [14, 33]. However, the following experiments reveal that such

simple integration of indexes has several weak points.
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Figure 6.1: DB construction time and DB size.

6.2.1 Database Size

We compared database sizesstit index and Xerial. Figure 6.1 shows their actual
database sizes and construction times for various scaling factors (1 to 10) of the XMark’s
benchmark XML documents [49]. The secondary indeKigure 6.1 shows the database
size if we constructs three+Btree indexes foend, level, path values to complement the
functionality of thestart index. Even though Xerial has additional z-orders, its database
size is almost the same with thert index, and also it is much more compact than creating
multiple secondary indexes. It is mainly because thetige of Xerial has some duplicate
entries having the same z-orders, and it makes smaller the number of key values stored in
the internal pages of the4Btree, while thestart index stores each start value, which has
no duplicates. Therefore, the use of z-order is beneficial to make lower the depth of the
B+-tree.

6.2.2 Query Performance

The following experiments are conducted on an XMark document (113MB, scaling
factor= 1.0), and we measured the average times for individual query operations, ignoring
the output costs of reporting the query results.
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Figure 6.2: Stix-path query performandeeft)

Figure 6.3: Subtree query performariagght)

Suffix Path Query. First, we compared performance offflsx path queries.Figure 6.2

shows how fast each index can collect nodes that have the same fiathssurhepath-

start index, which has clusters of fiix paths is the fastest, and Xerial performs as fast as
the path-start index, because the interleave function of Xerial also plays a role to group
together nodes which have the sam#igypath. Thestart index is weak in processing this

type of queries since it has to scan the whole index because the information of paths is
stored in the leaf pages of therBree, so we omit its result.

In order to show that the importance of having flexibility for the choice of node labels,
we also compared the performance offisupath queries when inverted path cannot be
used. Theag-start index uses tag IDs instead of inverted path IDs, so it must perform
several nested structural joins [3] to achieve the answer, and shows poor performance
other than the3, that is the tag-only query.

Subtree Retrieval Thestartindex is the most suitable data structure for subtree retrievals
because nodes in a subtree are sequentially ordered. It shows the fastedtiteselé ).
Nevertheless, both of Xerial apdth-start index show almost identical performance to the

start index.

Ancestor Retrieval. Ancestor query is useful to retrieve parent or ancestor information
from some node directly accessed from additional secondary index structures such as the
one for traversing IDREF edges, or inverted indexes for text contents. This query needs
to find nodes which satisfgtart < s A e < end where §, €) are start and end position
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Figure 6.4: Ancestor query performance

of the base node of the querigure 6.4 shows the performance of the ancestor queries
for various positions of base nodes, whasel is 12. Thestart index processes this query

from the root node, and it skips subtrees which are not the ancestor of the base node.
The performance of Xerial is stable, because it can eliminate the search space by using a
combination ofstart andend axes. On the other hand, thath-start index breaks the start
order down into multiple clusters grouped by path IDs. Consequently, it cannot utilize the
tree structure of XML. In addition, it cannot eliminate the search space by usirepdhe
values, therefore it is irfBcient when the base node of the query has a lot of preceding
nodes in the document order. Tétert index has the same deficit. This result indicates that
the ancestor query performance sdrt and path-start indexes depends on the database
size, and the position of the query context node.

Sibling Retrieval. Notable usage of sibling node retrievals is to find blank spaces for
node insertions, to compute parent-child joins and wild-card(*) queries. Xerial remarkably
outperforms the other indexeBiqure 6.5). This is because these indexes except Xerial
have dificulty to find nodes in the target level. Thert index must repeat searching the
tree for a node in the target level with a depth-first traversal, while skipping unrelated
descendant nodes occasionally. phth-start index performs this process in every cluster

of paths. This descendant skip works well when the target depth of sibling is low; however,
as the level becomes deeper, it cannot skip so many descendants and the costéféee B
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Figure 6.5: Sibling query performance

searches increases. To see thidfiniency, we also provided the result using sequential
scan of the entire index, and it shows similar performance tatteindex andpath-start

index for deep levels.

In summary, to ficiently process queries of ix paths, siblings, subtrees and an-
cestors, thatart-index and thepath-start index require additional secondary indexes. For
examplestart index should have indexes fosvel andpath, andpath-start index needs at
least three indexes fend, level, andsuffix path. Our experiments show Xerial’s all-around
performance for various types of queries. In spite of this faculty, the index size remains

compact.

Discussion Here, we would like to mention some tips that finally lead us to this per-
formance. At first, we used 32-bit integers to represent z-orders, but this implementation
performs poorly for every types of queries in the experiments. This is because the 32-bit
z-order splits each dimension only td4lices. Itis too coarse and results in that too many
nodes are assigned the same z-orders; there are many overflewteegeBpages, slowing

down every search operations. On the other hand, if we use the finest resolution so that
every point in the multidimensional space has a unique z-order, such large key values will
soon fill the internal pages of thetBtree and end up lowering the+Btree’s branching

factors. This also deteriorates the search speed. The optimal resolution might be achieved
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wheneach disk paglave a unique z-order. To accomplish this, the UB-tree [7] extended

the implementation of the Btree.

6.3 Amoeba Join Processing

We measured the performance of three amoeba join algorithms explained in Chapter
4; brute-force (BF), sweep (SW), and quicker algorithm(QK). The first two algorithms can
incorporate various indexing techniques, so we compared them using sequential scans (S)
of XML nodes, and moref&cient index-based scans (l), using the XML index of Xerial.
This led to five types of amoeba join algorithms:/BRbrute-force with sequential scan),
BF/I (brute-force with index scan), S\ (sweep join processing with sequential scan),
SW/I (sweep join processing with index scan), and QK (quicker algorithm), which is a
mixture of index scanning and join processing. The goal of this section is to demonstrate
how we can reduce the computational cost of amoeba joins by using combinations of XML

indexes and amoeba join algorithms.

Implementation. The sequential scan method (S) reads XML nodes sequentially stored
in the B+-tree in the order of their start values. As for the index-base scan methodk (SW
and BFI) and the quicker algorithm (QK), we used Xerial's index which fisogent for

finding descendant nodes that belong to specific paths. The parent node retrieval in the
quicker algorithm (QK) utilizes ancestor query in the Xerial’'s index. In addition, to ef-
ficiently retrieve input amoeba domains containing text predicates, we constructed an in-
verted index for text valuegext = start) that looks up the start value (ID) of a node from

its text value. This type of the inverted index is used for QK,/§\ahd BFI.

The reason we evaluated the sequential scan method is that it is somewhat analogous
to node stream processing, such as in handling SAX events, since this scan reads the
entire list of nodes to perform a query. Another reason to compare the index-based scan
methods to the sequential scan methods is to see that the former method, using some index
structures, is not too complex to invoke a lot of random disk access. Too much random
access may make query-processing algorithms slower than a sequential scan of all records.

The quicker algorithm (QK), used rough estimates of node frequenciegs;ah input

amoeba domain has a text predicate, we asgime 1 or otherwisgD;| = o, because
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Figure 6.6: Structural fluctuation in XMark

XMark (factor = 0.1, 12M) XMark (factor = 0.5, 57M) XMark (factor = 1.0, 114M)
QK SWwi/l SW/S BF/I  BF/S | QK SW/I SW/S BF/l BF/IS | QK SW/l SW/S BFI BF/S
Q1271 039 547 >8d > 8d |22.91 1.97 30.81 >3y > 3y [62.20 4.17 69.09 > 24y >24y
Q2| 0.06 0.32 557 106.75 115.94]0.05 1.20 29.34 >0.5h >0.5h|0.06 2.67 67.12 >11h >11h
Q3| 0.05 0.11 543 20.02 2642 |0.07 397 2941 >0.1h >0.1h|0.06 8.95 66.02 >0.5h >0.5h
Q4(0.06 041 7.98 >30y >30y|0.05 10.96 43.41 >162c > 162c] 0.07 22.12 90.95 > 2631c > 2631c

Q1 : AJ(emph, bold, keyword) Q2 : AJ(emph, bold, keyword=>"aboard notes")
Q3 : AJ(item, @id="item100", description) Q4 : AJ(item, @id="item100", description, location, text)
h : hours (= 3600 sec), d : days (= 24h), y: years (= 365d), c: centuries (= 100y)

Figure 6.7: Amoeba join performance (sec.).

the response size of a keyword search is usually less than that of a path query. Although

a more accurate estimation strategy could be accommodated, thifégesitifor locating

one of the small domains.

Data Sets In the following experiments, we also used XMark’s benchmark XML documents[49],
which contains a lot of structural fluctuations undenéts tags. Figure 6.6 shows a part

of its DataGuide [18], a summary of path structure. The cycles in the DataGuide show

that three taggeyword, emph, andbold occur in arbitrary order within the document. We
prepared three types of XMark document, varying the scaling facter6.(, 0.5 and 1.0).

Their structures were too complex to determine the path structures for a specific context,

showing that amoeba join is also useful for querying such complicated XML data.

Amoeba Join Performance

Figure 6.7 shows the performance of the amoeba join quegast¢ Q4). In the brute-
force algorithms B and BF'S, some the computational complexity was too huge to com-
pute the result; thus, we show their estimation time, which was calculated using the per-

mutation size of a query and the elapsed time for processing its first 500,000 nodes.
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In Q1, the quicker algorithm was slower than the sweep algorithm/(Shécause the
sizes ofemph, bold, andkeyword were fairly large. As a consequence, excessive ancestor
node retrievals in the quicker algorithm deteriorated its performance. When a query con-
tains predicatesq2, Q3, andQ4), the quicker algorithm performs an order of magnitude
faster than the others because the size of the domain constrained by a constant gets smaller.
Therefore, a combination of QK and SMalgorithms provides the fastest performance;
when there is no low-frequency domain in a query, it uses thd, SAWd otherwise it uses
the QK.

The performance of SY®8 scaled according to the database size. Although the time
required to scan the entire database was the samedtoim Q4, the processing af4 in
SW/S was the slowest; because the tuple &izné a query &ects the join performance.

The same is true for S However, the performance of the quicker algorithm was stable

regardless of tuple size.

6.4 Nested Amoeba Join

In this section, we present thefidirences of the amoeba join performance when using

amoeba join decomposition techniques.

Data Set The data set we used in the experiments is synthesized XML documents of the
book store data, the data structure of which is the same with the one illustregiaie

3.1in Chapter 3, but the numbers béok, customer and order nodes are dierent. We
prepared various sizes of this XML data; 1M, 5M, 25M and 50M, in which we defined
FDs: F = { book, customer — order, order — book, order — customer}, and a ubiquitous

key: [book@isbn] — book.

Figure 6.8 shows performances of various types of amoeba join queries;igmé 6.9
shows their evaluation schedules using the nested form of amoeba@ing2 andQ3
are the amoeba join operations without using decomposition techniques,Quhtiskes
FDs into considerationQ3 suffers from many instances of structural fluctuations; for the
data set of 25M and 50M, we could not complete the q@Erybecause this computation
caused out of memory errors. On the other hayudis evaluated ficiently.

Since everyrder node must always accompany uniguek andcustomer nodes due
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query statement M #result 5M #result 25M #result 50M #result
Q1 AJ(book, order) 0.24 9403 1.14 46146 5.60 223637| 11.34 447174
Q2 AJ(customer, order) 0.14 9403 0.64 46146 3.24 223637 6.44 447174
Q3 AJ(order, book, customer) 3.00 583603| 14.89 2857746 Outof Memory Out of Memory
Q4 AJF(order, book, customer) 0.51 9403 211 46146| 10.41 223637 21.25 447174
Q5 AJ*(book, order) 0.32 16094 1.51 79102 7.46  383420| 15.17 766740
Q6 AJ*(book, [order, pending, titile]) 1.17 66094 7.74 359102| 112.08 1753420( 486.66 3516740
Q7 AJ*F(book, [order, pending, titile]) 0.91 16594 4.30 81902| 21.19 397120| 88.51 792420

Figure 6.8: Performance of amoeba joins (sec.) and their result sizes.

query statement schedule
Q1 AJ(book, order) AJ (book, order)
Q2 AJ(customer, order) AJ (customer, order)
Q3 AJ(order, book, customer) AJ (order, book, customer)
Q4 AJF (order, book, customer) AJo,c (AJ o,b (order, book), customer)
Q5 AJ*(book, order) AJ* (book, order)
Q6 AJ*(book, [order, pending, titile]) |AJ* b,o,p,t (PC(book, book@isbn), order, pending, titile)
Q7 AJ*F(book, [order, pending, titile])|AJ* b,o,p,t (AJ* b,o (PC(book, book@isbn), order), pending, title)

Figure 6.9: Queries used in the experiments, and their evaluation schedules.

to the FDs, the number of results should be the same thrQugiQ4. However, the result
size of Q3 is quite huge. Suppose that eatlstomer under thecustomer list (illustrated
in Figure 3.1) hasn order nodes, where eadftder node has a chilbook node. Since)3
does not consider the connection framer to book, for eachcustomer node, there are
n x n instances of the amoel@rder, book, customer). This is the reason of the poor
performance ofQ3. It indicates that the right-hand scheduleFigure 3.3 cannot be used
to compute the relation farder nodes.
Q5, Q6 andQ7 use the amoeba join allowinll values.Q6 andQ7 retrievebook@isbn
nodes to detect equivalence tafok nodes. WhileQ6 does not consider the FBtder —
book, Q7 joins order andbook nodes with theAJ« operation. The reasap7 outperforms
Q6 is that, inQ6, there are a tremendous number of amoebas that conmnektsiodes
and order nodes through aending node; these amoebas violate the Bider — book.
Considering that enclosing XML nodes with tags is an essential method to enhance the
information of XML data, e.g. the example of tpending node or XML data inFigure
3.2, to properly decompose an amoeba join according to FDs is quite important to optimize
its processing.
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Conclusions

To the best of our knowledge, we are the first to propose the noti@maleba which

makes it possible to smoothly incorporate functional dependencies into XML. Our exper-
imental results of amoeba join and its decomposition techniques confirm the availability
of our methods. Our proposed XML index method faéent in terms of the index size,
query performance and its availability in that it can be implemented on top of the standard
B+-tree. In this chapter, we explain related work, and discuss several open problems and

future work, then finally we conclude this thesis.

7.1 Related Work

7.1.1 Amoeba Join

Querying an XML database without knowledge of path structure was first addressed
in [34], and refined in [56]. Both studies used variations of the least common ancestor
method [ca) to find the smallest tree containing all target nodes. Amonddh&odes
that connect common node sets (tags or keywords), the one that forms the smallest subtree
is defined as the smallest least common anceskcs) (56]. The precise definition dflca
is as follows: giverk node setd;, D, ..., Dy, for example,D; and D, are node sets
matching XPath/book, //order, a nodev belongs to theslcaif v € Ica(Dg, ..., Dx) and for

all u € Ica(D4,..., Dy), vis not an ancestor af. In summary, a subtree rooted from an

68
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slcanode does not contain othlea nodes.

book_order '
i ) slca of (book, order)

not an slca book

of (book, title) 2 [ ]

reference tltle custome
3 6
software

book "Professional XML"

W sica of (book, title)
title

5
"Data on the Web"

order

Figure 7.1: Theslcanode ofbook andorder, and theslcanode ofbook andtitle

One problem with this approach is that telea might be the root node of an XML
document. XML is a single rooted tree, so every node set can be connected using the root
node.Figure 7.1shows illustrates this defect. Astcaof book, order nodes is the root node,
book_order. In addition, when theslcaapproach is applied tBigure 7.1 to find pairs of
book andtitle elements, it misses the node pair (2, 6) because the node 2 contains the node
4, which is anlca of book, title hode 4, thus node 2 is not atca In general, XML data
semantics are too complex to be detected automatically using simple rules. In addition,
although the method of [56] is optimized to search $twa nodes, it focuses mainly on
keyword versus database queries. It cannot detect element inclusion relationships. For
example, it can find the keyword “Data on the Web”, but is not capable of assuring this
word is is contained within the paretitte tag; it might be connected to tlheok node 2 in
Figure 7.1

XRank [22] applies keyword-based search to XML. It locates XML elements that con-
tains all given keywords. Unlikslca XRank is aware of recursion of XML structure.
However, it siifers from two drawbacks: (1) it does not distinguish tag name from textual
content; (2) it cannot express complex query semantics [34].

Finding an exact match in XPath queries can b&aiilt, and thus studies have inves-
tigated ways to relax the condition of rigorous matching in regular path expressions [4].
The types of relaxation are explained in [4]. These include dropping or weakening pred-
icates or query nodes, and adding an explicit disjunction, which is similar to querying all
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structural fluctuations. The proposed amoeba join method contains the essence of query
relaxations, but is novel in that it is also able to handle situations in which the high and
low nodes of a query tree are reversed.

DogmatiX [55] attempts to solve structural fluctuations using nearest neighbor heuris-
tics that connect nodes within some metrics. However, the method cannot address all
possiblen™?! structural fluctuations.

Approximate join [21] locates documents with similar structures afiérdint forms.

It is more general than amoeba join because it includes changes in tag names. Although
approximate join can accommodate various similarity measures, it is optimized to tree edit
distances, which must preserve ancestor node order in a query; that is, unlike amoeba join,
it cannot reverse ancestor-descendant relationships.

Static typing of XML [12] is another way to handle structural fluctuation. It detects
mismatches between paths described in query statements and schemata. Such discrepan-
cies are reported as compile-time (static) errors of the query. This prevents writing invalid
queries that do not match any document path. In other words, it is not necessary to cover
all path possibilities because the query compiler presents the available paths. A major
drawback of this approach, however, is that it requires a schema, which is not mandatory
in XML.

7.1.2 Functional Dependencies

Functional dependencies and keys are well studied themes to reduce redundancy of
data and to avoid update anomalies [2, 39, 52]. In recent years, these notions have been
imported to XML; keys [10, 11] and FDs [5, 32] for XML have been proposed. The XML
standard [9] also has a key specification using ID attributes in DTD and IDREFS to refer
another nodes from attributes of XML elements. However, these keys cannot be used other
than assigning global IDs.

Reducing redundancy and several update anomalies in XML databases are important
themes for research. These topics have been studied mainly in RDBMS, and have recently
been imported into XML by Arenas and Libkin [5]. They discussed a normalization of an
XML document and proposed XNF (XML Normal Form), which is an XML counterpart
of Boycodd-Normal Form (BCNF) [39] in relational databases. BCNF has an essential
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role to detect redundant data in tables and to sophisticate the relational databases design.
All of these previous studies tailored to XML use fixed paths to specify FDs, which cannot
handle structural fluctuations of XML data.

Jagadish et al. [25] exemplified the needs of multiple hierarchies to describe data with
XML. Their proposal is to represent various aspects of the data model with multiple XML
trees with diferent colors. However, the use of colors exceeds the descriptive power of
XML. By contrast, equivalent classes of XML nodes presented in this paper can be used
without extending the syntax of XML. These two approaches are conceptually the same
in that they make connections between XML nodes.

7.1.3 XML Database

In literature, there are various types of XML labeling methods. The 1-index [35] and
DataGuide [18] summarize structures of XML documents, by ulirgimilarity relation-
ship or its variant [1]. Hicient updates for the 1-index is studied in [28]. It solves the
problem of cascading updates of the 1-index caused when IDREF edges are added. Al-
though these indexes are useful to glance the entire structure of an XML document, they
are not sfficient to detect ancestor-descendant relationships of given two nodes.

In this thesis, we use the interval representation [33] of tree structures of XML. As
another approach to label XML nodes, we can use contiguous orders [17] or Dewey [13]
orders etc. Note that, however, node insertions or deletions need heavy maintenance of
these numbers. Tatarinov et al. [51] provides lazy-renumbering strategies of contiguous
node labels, but it still needs periodical maintenance of node labels. The integer intervals
are also weak for updates, since blank space for future node insertions will be exhausted.

There are some proposals to make these labels tolerant for node insertions, including
VLEI codes [30], ORDPATH [37], P-PbiTree labeling [58] etc. Among them, to imple-
ment ORDPATH [37] is relatively easier since it is a variation of the Dewey order, and has
no ambiguity in the node labeling strategy. However, to retrieve sibling ndtegatly,
the ORDPATH requires additional index for level values. Our proposed index has a capa-
bility to incorporate these labeling strategies as long as we can define the total order on
node labels. For example, the combination of ORDPATH, level and inverted path values

provides update tolerant and high-performance XML index. The weak point of the OR-
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DPATH is that its label length is not scalable for large XML documents. For the detalil
discussion about the lower or upper bound of the length of XML node labels, see the work
by Edith Cohen et al. [16].

Although we have presented our original implementation of XML indexes using the
B+-tree, to implement XML databases with existing RDBMS might be possible. However,
some points should be taken into consideration. First, almost all relational databases are
nottree-award20]; i.e. query optimizations using properties of XPath axis steps or search
space reduction using the combination of tree structures dfig paths are not available.
Second, all of XML node labels are to be stored in a single table; it might lower the

concurrency of transactions since every transaction requires the table lock.

In Chapter 6, we observed excessive ancestor quer{gajifFigure 6.7) are the bottle
neck of the performance. As a solution to this, we can use the stair case join proposed
by Grust et al. [20], which saves unnecessary disk scans by computing overlaps of query

regions.

ViST [54] index structure utilizes path-prefix of XML and supports a top-down de-
scendant traversal. The benefit of this top-down approach is that it can localize search
regions of descendant tags within some subtrees. This combination of subtree regions and
tag names is similar to the range query presented in this thesis.

Similar optimization by creating XML specific index structure is researched by Jiang
et al. [26]. Neither of them, however, mentions the integration of tag names or path
sufixes, which we have proved to be a key factor to improve ancestor or wild-card query
performance.

The use of the UB-tree [7] to index XML documents is proposed in [6]. Its coordinates
are combinations of text values, document IDs, and paths and their appearance orders
generated from DTDs. Integration of text values to the index is an interesting problem that
we do not have mentioned in this work. Note that, however, if we integrate text values
to the index structure, every update to the text values invokes subsequent maintenance of
the indexes. On the other hand, Kaushik et. al. propofiademt algorithms to process
queries containing predicates for text values [29]. Their approach assumes text value
indexes are separated from structure indexes, so it is more promising in that it can leverage

traditional IR technologies to index text contents of XML.
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7.2 Discussion

7.2.1 Managing Scientific Data

In general, data models of the real world require not only tree-structures of XML but
also graph structures to represent relationships between data objects. This highlights a
problem in XML data modelingone hierarchy isn't enougf25]. To complement tree-
structured XML to accommodate graph-structured data model, we need duplicate mate-
rialization of the same objects (deep copies), or node references to connect related data
(shallow copies).

Two XML documents inFigure 7.2 and Figure 7.3 illustrate their dfferences. These
XML data represent cell data retrieved from our Bioinformatics database, named SCMD
(Saccharomyces Cerevisitorphological Database) [47Fi{gure 7.4), which collects cell
images of budding yeast mutants for analyzing gene functions from the shape of cells.
These SCMD’s XML data contain information of cell shapes and clusters of cells grouped
by the cell sizesFigure 7.2 uses deep copies to fill the information of each element, while
Figure 7.3 utilizes shallow copies to reduce duplicate elements.

Deep copies of data objects in XML lead to an expansion of data size and update
anomalies, while slimmed down XML data with shallow copies using IDREFs [9] or
value-based references results in heavy use of value-based joins in queries.

The use of shallow copies is obviouslffieient in terms of the storage space, however,
when developing SCMD, we frequently used deep copies to report the analysis results of
clustering, some statistical methods, etc. It is because writing queries to connect shallow
copies was atedious task, and updates of the existing data is rare, so we duplicated the data
many times. However, with the capability of ubiquitous keys, the use of shallow copies is
not a serious obstacle to the XML data modeling. We are now working on to develop an

efficient query scheduler that takes ubiquitous keys into considerations.

In addition, we need hierarchical key structures, which is frequently used in scientific
databases, to manage enormous amount of data. In SGhdDrd 7.4), we maintain
millions of cell data, extracted from 273,813 photos (micrographs). Each photo and cell
belong to one of 4,782 types of yeast mutants. For such a large database, it seemed to be

a hard task to assign a global ID to each cell, since according to the tuning parameters,
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<scmd>

<cell_list>
<cell id="1">
<size>498</size>
<cluster id="c1">
<property>large</property>

</cluster>
</cell>
<cell id="2">
<size>120</size>
<cluster id="c2">
<property>small</property>
</cluster>
</cell>
<cell id="3">
<size>521</size>
<cluster id="cl1">
<property>large</property>
<note>largest</note>
</cluster>
</cell>

</cell_list>

<cluster id="cl1">
<property>large</property>
<cell id="1">

<size>498</size>
</cell>
<cell id="3">
<size>521</size>
<note>largest</note>
</cell>
</cluster>

<cluster id="c2">
<property>small</property>

<cell id="2">
<size>120</size>
</cell>
</cluster>
</scmd>

Figure 7.2: Deep XML
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<scmd>

<cell_list>
<cell id="1">

<size>498</size>
</cell>
<cell id="2">
<size>120</size>
</cell>
<cell id="3">
<size>521</size>
</cell>

</cell_list>

<cluster id="c1">
<property>large</property>
<cell id="1"/>
<cell id="3">
<note>largest</note>
</cell>
</cluster>

<cluster id="c2">
<property>small</property>
<cell id="2"/>
</cluster>
</scmd>

Figure 7.3: Shallow XML
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Figure 7.4: Hierarchical key structures of SCMD, and examples of clusters grouped by

cell sizes

our image processing program fails to extract some cells or entire cells in a photo. Thus,
we used triples of local IDs of cells, photo IDs, and ORFs (the unique identifiers of yeast
mutants, e.g. YOR202w, YALOO5c,... etc.), as primary keys of c€lture 7.5shows an
example of XML data when integrating these hierarchical key structures.

There are 1 :m relationships between nodesf:photo and photo:cell; SCMD uses
localized cell IDs for each photo, and local photo IDs for each @ifgite 7.4). Therefore,
to identify each cell and its shallow copies in the database, we negshtie and orf
information to which theell belongs.

Functional dependencies and ubiquitous keys are indispensable to describe this types
of semantic relationships. For example, we can define FDs and ubiquitous keys for SCMD
as follows:

FDs..

e cell — photo : Each cell belongs to a single photo.
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<scmd>
<cell_list>
<orf id="YOR202w">
<photo id="1">
<cell id="1">
<size>498</size>
</cell>
</photo>
<photo id="2">
<condition date="2006-Jul-01">
<humidity>98</humidity>
<cell id="1">
<size>120</size>
</cell>
</condition>
</photo>
</orf>

<orf id="YAROO5c">
<photo id="1">

<cell id="1">
<size>521</size>
</cell>
</photo>
</orf>

</cell_list>

<orf id=’’'YOR202w’’>
<cluster id="cl1">
<property>large</property>
<cell id="1">
<photo id="1"/>
<note>largest</note>
</cell>
</cluster>

<cluster id="c2">
<property>small</property>
<cell id="1">
<photo id="2"/>
</cell>
</cluster>
</orf>
</scmd>

Figure 7.5: Clustering result of the cells of YOR202w according to their sizes.
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e photo — orf : Each photo belongs to a single orf.
(Ubiquitous) Keys..

e orf, photo, [cell@id] — cell : Givenorf andphoto nodes, and aell id, we can identify

a singlecell.
e orf, [photo@id] — photo : A pair of orf node anchhoto@id value identifies @hoto.
e [orf@id] — orf : An orf@id is a global ID of arorf node.

By allowing structural fluctuations to the XML database that has a hierarchical key
structure, we can reduce the burden of data modeling. In the definition of hierarchical
keys proposed by Buneman et. al [11], every cell element must obey a fixed structure, e.g.
llorfiphoto/cell. Our method enables XML structures reorganized as long as they satisfy
the given set of FDs. For example, Rigure 7.5, we can insert the condition data when
the photo was takem(midity, etc.), and also we can replace the hierarchical orderfof
photo andcell nodes (see around thiester nodes) to make clarify that these data represents

clusters of cells.

7.2.2 Functional Dependencies

Our definition of FDs for XML is novel in that it utilizes the notion of amoeba do-
mains, and thus several problems remain open. First, we rieigmt storage for XML
data utilizing FDs. In relational databases, keys has an essential role to perform loss-less
decomposition of relations [2]. It is beneficial to reduce storage space; it enables internal
pages of index structures, such as B-trees, to hold only key values, since other attribute
data placed in leaf pages can be associated with keys. What is the counterpart of loss-less
decomposition in XML?

An efficient XML index for the amoeba join is also required. Although a relation in
XML is dynamically defined, patterns of relations using nodell iffF) might not be so
many. Thus, it might be possible to avoid evaluating the same patterns of amoeba joins by
creating some indexes in advance.

The amoeba join decomposition has several options of its processing order. One of

the optimization methods is to remove unnecessary predicates. For example, some set of
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structural constraints, e.qA, BY and{B, C), substitutes for the other predicate such as
{A, B,C). In addition, the order selection of amoeba join schedules should be addressed,
which might require cost-based estimation of a query plan.

As we shown in the experimental results, some input amoeba domain that has few
nodes, for exampleforder@id = "1, can be utilized to localize the search region, and
makes éicient the amoeba join processing. This types of techniques, called pushing-
down predicates, might also be useful.

As for data modeling, we are not sure that FDs can be used on behalf of a schema
of XML, because to describe FDs for every nodes in an XML document might be trou-
blesome, and to confirm the correctness of the semantics implied by the FDs might be
difficult, too. We need some sophisticated way to specify FDs for XML, in addition, we

also have to confirm that updates of XML data do not cause any violation of FDs.

Another problem we have to tackle esvnershipof XML nodes. Figure 7.6 illus-
trates this problem; the R&D (research and development) department has a Biology sec-
tion; David is a manager of R&D department; Kevin is a manager of the Biology sec-
tion. In this example, the amoeba domdifept, manager) contains two pairs,dept,
manager = "David”), and @ept, manager="Kevin’); the latter is incorrect result. A sim-
ple solution is to define the amoeba domainnafnager nodes adD1 =//dept/manager,
D, =//section/manager, then distinguish these managers with node labglsvanager and
D,.manager. However, this approach fixes the path structure, and consequently we are
not allowed to enclose the manager nodes with another tagdeptidetail/manager, etc.
Therefore, we need some method to detect which node hasvihershipof eachmanager
node. One of the solution to this problem might be to create a scope thatnhideger
elements under theection node from thelept node when evaluating amoeba joins.

<dept name="R&D">
<manager>David</manager>
<section name="Biology">
<manager>Kevin</manager>
</section>
</dept>

Figure 7.6: An example in which ownership of tinanager nodes must be considered.
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7.2.3 XML Database

One of the reason we pursue the use eftBee to index XML data is that we aim
to support transactions in our XML DBMS. Transaction management of DBMS involves
several essential components of the DBMS [19]; padikebmanager, lock manager, data-
base logging for recovery, and also access methods, such-&#®&s or R-trees. These
modules seem to be able to implement independently, however, all of them have a lot of
interdependencies. High-performance implementation of transactional indexes include in-
tricate protocols for latching, locking, and logging. The-Bees in serious DBMSs are
riddled with calls to the concurrency and recovery code, and this logic is not generic to all
access methods - it is very much customized to specific logic of the access method, and
its particular implementation [23]. Therefore, care should be taken to adopt another index
structure; it inevitably means throwing out the tons of detailed techniques we have devel-
oped to achieve the transaction performance withties. That is also a reason why the
transaction management of R-tree, which is famous as a multidimensional index structure,
is not seriously supported in most of the DBMS products, including both of commercial
and open-source programs.

7.3 Conclusions

The existence of variously structured XML data, called structural fluctuation, has been
a serious obstacle to manage XML databases. This problem arises because there are va-
rieties of XML structures to represent the same meaning data. Neverthelagdjziyg
structural fluctuations, we have emphasized that we can enhance the expressive power of
XML data. The contributions described in this paper include:

e The notion of amoeba domain to capture structural fluctuations. With this capability,

functional dependencies and keys are smoothly incorporated into XML.

e A departure from path-expression queries by using dynamic relations; XML struc-
tures of interest are automatically determined from a set of FDs and input node sets.

e Amoeba join operations and its decomposition techniques for optimizing query ex-

ecution.
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¢ Ubiquitous keys to denote equivalent classes of XML node, which makes easier to
manage multiple hierarchies of XML data.

e Several amoeba join processing algorithms. Among them, the quicker algorithm

performed well, and it is scalable to the size of an XML document.

¢ An XML indexing method, which facilitate various types of XML queries, including
ancestor, descendant, siblingffsupath, etc. In addition, our index structure and
multidimensional range query algorithm can be implemented on top of the standard
B+-tree.
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