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Abstract XML database systems emerge as a
result of the acceptance of the XML data model.
Recent works have followed the promising approach
of building XML database management systems
on underlying RDBMS’s. Achieving query process-
ing performance reduces to two questions: (i) How
should the XML data be decomposed into data
that are stored in the RDBMS? (ii) How should
the XML query be translated into an efficient plan
that sends one or more SQL queries to the underly-
ing RDBMS and combines the data into the XML
result? We provide a formal framework for XML
Schema-driven decompositions, which encompasses
the decompositions proposed in prior work and
extends them with decompositions that employ
denormalized tables and binary-coded XML frag-
ments. We provide corresponding query process-
ing algorithms that translate the XML query con-
ditions into conditions on the relational tables and
assemble the decomposed data into the XML query
result. Our key performance focus is the response
time for delivering the first results of a query. The
most effective of the described decompositions have
been implemented in XCacheDB, an XML DBMS
built on top of a commercial RDBMS, which serves
as our experimental basis. We present experiments
and analysis that point to a class of decomposi-
tions, called inlined decompositions, that improve
query performance for full results and first results,
without significant increase in the size of the database.

� Andrey Balmin has been supported by NSF IRI-
9734548.
�� The authors built the XCacheDB system while on
leave at Enosys Software, Inc., during 2000.

Schema
Info

RDBMS

Data
Storage

Tables’
Def.

XCacheDB
Query Processor

XML Results

Tuple Streams

Loading

Tuple
Insertion

Querying

View

XQuery

SQL Query

Optional User
Guidance

Schema Processor

Schema Decomposition

Data 
Decomposer

XML
Data

XML
Schema

XCacheDB
Loader

Fig. 1 The XML database architecture

1 Introduction

The acceptance and expansion of the XML model
creates a need for XML database systems [STZ+99,
BFRS02,DFS99,MFK+00,SKWW01,Rys01,JMC00,
BKKM00,NDM+01,GMW99,SW00,eXc,X-H] . One
approach towards building XML DBMS’s is based
on leveraging an underlying RDBMS for storing
and querying the XML data. This approach al-
lows the XML database to take advantage of ma-
ture relational technology, which provides reliabil-
ity, scalability, high performance indices, concur-
rency control and other advanced functionality.

We provide a formal framework for XML Schema-
driven decompositions of the XML data into re-
lational data. The described framework encom-
passes the decompositions described in prior work
on XML Schema-driven decompositions [STZ+99,
BFRS02]
and extends prior work with a wide range of de-



compositions that employ denormalized tables and
binary-coded non-atomic XML fragments.

The most effective among the set of the de-
scribed decompositions have been implemented in
the presented XCacheDB, an XML DBMS built on
top of a commercial RDBMS [BPSV00]. XCacheDB
follows the typical architecture (see Figure 1) of
an XML database built on top of a RDBMS [MFK+00,
SKWW01,STZ+99,BFRS02,DFS99]. First, XML
data, accompanied by their XML Schema [W3C01a],
is loaded into the database using the XCacheDB
loader, which consists of two modules: the schema
processor and the data decomposer. The schema
processor inputs the XML Schema and creates in
the underlying relational database tables required
to store any document conforming to the given
XML schema. The conversion of the XML schema
into relational may use optional user guidance.
The mapping from the XML schema to the re-
lational is called schema decomposition.1 The data
decomposer
converts XML documents conforming to the XML
schema into tuples that are inserted into the rela-
tional database.

XML data loaded into the relational database
are queried by the XCacheDB query processor. The
processor exports an XML view identical to the
imported XML data. A client issues an XML query
against the view. The processor translates the query
into one or more SQL queries and combines the re-
sult tuples into the XML result. Notice that the
underlying relational database is transparent to
the query client.

The key challenges in XML databases built on
relational systems are

1. how to decompose the XML data into rela-
tional data,

2. how to translate the XML query into a plan
that sends one or more SQL queries to the un-
derlying RDBMS and constructs an XML re-
sult from the relational tuple streams.

A number of decomposition schemes have been
proposed [STZ+99,BFRS02,FK99,DFS99]. How-
ever all prior works have adhered to decompos-
ing into normalized relational schemas. Normal-
ized decompositions convert an XML document
into a typically large number of tuples of different
relations. Performance is hurt when an XML query
that asks for some parts of the original XML doc-
ument results into an SQL query (or SQL queries)
that has to perform a large number of joins to re-
trieve and reconstruct all the necessary informa-
tion.

1 XCacheDB stores it in the relational database as
well.

We provide a formal framework that describes
a wide space of XML Schema-driven denormalized
decompositions and we explore this space to opti-
mize query performance. Note that denormalized
decompositions may involve a set of relational de-
sign anomalies; namely, non-atomic values, func-
tional dependencies and multivalued dependencies.
Such
anomalies introduce redundancy and impede the
correct maintenance of the database [GMUW99].
However, given that the decomposition is trans-
parent to the user, the introduced anomalies are
irrelevant from a maintenance point of view. More-
over, the XML databases today are mostly used in
web-based query systems where datasets are up-
dated relatively infrequently and the query per-
formance is crucial. Thus, in our analysis of the
schema decompositions we focus primarily on their
repercussions on query performance and secondar-
ily on storage space and update speed.

The XCacheDB employs the most effective of
the described decompositions. It employs two tech-
niques that trade space for query performance by
denormalizing the relational data.

– non-Normal Form (non-NF) tables eliminate
many joins, along with the particularly expen-
sive join start-up time.

– BLOBs are used to store pre-parsed XML frag-
ments, hence facilitating the construction of
XML results. BLOBs eliminate the joins and
“order by” clauses that are needed for the ef-
ficient grouping of the flat relational data into
nested XML structures, as it was previously
shown in [SSB+00].

Overall, both of the techniques have a positive
impact on total query execution time in most cases.
The results are most impressive when we measure
the response time, i.e. the time it takes to out-
put the first few fragments of the result. Response
time is important for web-based query systems
where users tend to, first, issue under-constrained
queries,
for purposes of information discovery. They want
to quickly, retrieve the first results and then issue
a more precise query. At the same time, web inter-
faces do not need more than the first few results
since the limited monitor space does not allow the
display of too much data. Hence it is most impor-
tant to produce the first few results quickly.

Our main contributions are:

– We provide a framework that organizes and
formalizes a wide spectrum of decompositions
of the XML data into relational databases.

– We classify the schema decompositions based
on the dependencies in the produced relational
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schemas. We identify a class of mappings called
inlined decompositions that allow us to consid-
erably improve query performance by reducing
the number of joins in a query, without a sig-
nificant increase in the size of the database.

– We describe data decomposition, conversion of
an XML query into an SQL query to the un-
derlying RDBMS, and composition of the rela-
tional result into the XML result.

– We have built in the XCacheDB system the
most effective of the possible decompositions.

– Our experiments demonstrate that under typ-
ical conditions certain denormalized decompo-
sitions provide significant improvements in query
performance and especially in query response
time. In some cases, we observed up to 400%
improvement in total time (Figure 23, Q1 with
selectivity 0.1%) and 2-100 times in response
time (Figure 23, Q1 with selectivity above 10%).

The rest of this paper is organized as follows.
In Section 2 we discuss related work. In Section 3,
we present definitions and framework. Section 4
presents the decompositions of XML Schemas into
sets of relations. In Section 5, we present algo-
rithms for translating the XML queries into SQL,
and assembling the XML results. In Section 6, we
discuss the architecture of XCacheDB along with
interesting implementation aspects. In Section 7,
we present the experiment results. We conclude
and discuss directions for future work in Section 8.

2 Related Work

The use of relational databases for storing and
querying XML has been advocated before by [BFRS02,
STZ+99,FK99,MFK+00,DFS99,SKWW01]. Some
of these works [FK99,MFK+00,DFS99] did not as-
sume knowledge of an XML schema. In particu-
lar, the Agora project employed a fixed relational
schema, which stores a tuple per XML element.
This approach is flexible but it is less competitive
than the other approaches, because of the perfor-
mance problems caused by the large number of
joins in the resulting SQL queries. The STORED
system [DFS99] also employed a schema-less ap-
proach. However,
STORED used data mining techniques to discover
patterns in data and automatically generate XML-
to-Relational mappings.

The works of [STZ+99] and [BFRS02] consid-
ered using DTD’s and XML Schemas to guide map-
ping of XML documents into relations. [STZ+99]
considered a number of decompositions leading to
normalized tables. The “hybrid” approach, which
provides the best performance, is identical to our

“minimal 4NF decomposition”. The other approaches
of [STZ+99] can also be modeled by our frame-
work. In one respect our model is more restrictive,
as we only consider DAG schemas while [STZ+99]
also takes into account cyclic schemas. It is pos-
sible to extend our approach to arbitrary schema
graphs by utilizing their techniques. [BFRS02] stud-
ies horizontal and vertical partitioning of the min-
imal 4NF schemas. Their results are directly ap-
plicable in our case. However we chose not to ex-
periment with those decompositions, since their
effect, besides being already studied, tends to be
less dramatic than the effect of producing denor-
malized relations. Note also that [BFRS02] uses a
cost-based optimizer to find an optimal mapping
for a given query mix. The query mix approach
can benefit our work as well.

To the best of our knowledge, this is the first
work to use denormalized decompositions to en-
hance query performance.

There are also other related works in the inter-
section of relational databases and XML. The con-
struction of XML results from relational data was
studied by [SSB+00,FTS00,FMS01]. [SSB+00] con-
sidered a variety of techniques for grouping and
tagging results of the relational queries to produce
the XML documents. It is interesting to note the
comparison between the “sorted outer union” ap-
proach and BLOBs, which significantly improve
query performance. The SilkRoute [FTS00,FMS01]
considered using multiple SQL queries to answer
a single XML Query and specified the optimal ap-
proach for various situations, which are applicable
in our case as well.

Oracle 8i/9i, IBM DB2, and Microsoft SQL
Server provide some basic XML support [BKKM00,
Rys01,JMC00]. None of these products support
XQuery or any other full-featured XML query lan-
guage.

Another approach towards storying and query-
ing XML is based on native XML and OODB tech-
nologies [SW00,NDM+01,GMW99]. The BLOBs
resemble the common object-oriented technique of
clustering together objects that are likely to be
queried and retrieved jointly [BDK92]. Also, the
non-normal form relations that we use are similar
to path indices, such as the “access support rela-
tions” proposed by Kemper and Moerkotte [KM92].
An important difference is that we store data to-
gether with an index, similarly to Oracle’s “index
organized tables” [BKKM00].

A number of commercial XML databases are
avaliable. Some of these systems [Kru,Ell,M/G]
only support API data access and are effectively
persistent implementations of the Document Ob-
ject Model [W3C98a]. However, most of the sys-
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tems [Coh,eXc,XML,Inf,Ipe,Wir,Neo,SW00,Ope,
X-H,Apa,XYZ]
implement the XPath query language or its vari-
ations. Some vendors [SW00,eXc,Neo] have an-
nounced XQuery [W3C01b] support in the upcom-
ing versions, however only X-Hive 3.0 XQuery pro-
cessor [X-H] and Ipedo XML Database [Ipe] were
publically available at the time of writing.

The majority of the above systems use native
XML storage, but some [eXc,X-H,Wir] are imple-
mented on top of object-oriented databases. Be-
sides the query processing some of the commer-
cial XML databases support full text searches [Ipe,
X-H,XYZ], transactional updates [Coh,eXc,XML,
Ipe,Wir,Neo] and document versioning [Ipe,Wir].

Even though XPath does not support heteroge-
neous joins, some systems [SW00,Ope] recognize
their importance for the data integration applica-
tions and provide facilities that enable this feature.

Our work concentrates on selection and join
queries. Another important class of XML queries
involve path expressions. A number of schemes
[LM01,HSKA+] have been proposed recently that
employ various node numbering techniques to fa-
cilitate evaluation of path expressions. For instance,
[LM01] proposes to use pairs of numbers (start
position and sub-tree size) to identify nodes. The
XSearch system [XP] employs Dewey encoding of
node IDs to quickly test for ancestor-descendant
relationships. These techniques can be applied in
the context of XCacheDB, since the only restric-
tion that we place on node IDs is their uniqueness.

3 Framework

We use the conventional labeled tree notation to
represent XML data. The nodes of the tree cor-
respond to XML elements, and are labeled with
the tags of the corresponding elements. Tags that
start with the “@” symbol stand for attributes.
Leaf nodes may also be labeled with values that
correspond to the string content.

Note that we treat XML as a database model
that allows for rich structures that contain nesting,
irregularities, and structural variance across the
objects. We assume the presence of XML Schema,
and expect the data to be accessed via an XML
query language such as XQuery. We have excluded
many document oriented features of XML such as
mixed content, comments and processing instruc-
tions.

Every node has a unique id invented by the
system. The id’s play an important role in the con-
version of the tree to relational data, as well as in

the reconstruction of the XML fragments from the
relational query results.

Definition 1 (XML document) An XML doc-
ument is a tree where

1. Every node has a label l coming from the set
of element tags L

2. Every node has a unique id
3. Every atomic node has an additional label v

coming from the set of values V . Atomic nodes
can only be leafs of the document tree. 2

♦

Figure 2 shows an example of an XML doc-
ument tree. We will use this tree as our running
example. We consider only unordered trees. We
can extend our approach to ordered trees because
the node id’s are assigned by a depth first traversal
of the XML documents, and can be used to order
sibling nodes.

3.1 XML Schema

We use schema graphs to abstract the syntax of
XML Schema Definitions [W3C01a]. The following
example illustrates the connection between XML
Schemas and schema graphs.

Example 1 Consider the XML Schema of Figure 3
and the corresponding schema graph of Figure 4.
They both correspond to the TPC-H [Cou99] data
of Figure 2. The schema indicates that the XML
data set has a root element named Customers,
which contains one or more Customer elements.
Each Customer contains (in some order) all of the
atomic elements Name, Address, and MarketSeg-
ment, as well as zero or more complex elements
Order and PreferedSupplier. These complex ele-
ments in turn contain other sets of elements.

Notice that XML schemas and schema graphs
are in some respect more powerful than DTDs
[W3C98b]. For example, in the schema graph of
Figure 4 both Customer and Supplier have Ad-
dress subelements, but the customer’s address is
simply a string, while the supplier’s address con-
sists of Street and City elements. DTD’s cannot
contain elements with the same name, but differ-
ent content types.

Definition 2 (Schema Graph) A schema is a
directed graph G where:

2 However, not every leaf has to be an atomic node.
Leafs can also be empty elements.
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<?xml version = "1.0" encoding = "UTF-8"?>

<xsd:schema xmlns:xsd = "http://www.w3.org/2000/10/XMLSchema">
<xsd:element name = "customers">

<xsd:complexType>
<xsd:sequence>

<xsd:element ref = "customer" minOccurs = "0" maxOccurs = "unbounded"/>
</xsd:sequence>

</xsd:complexType>
</xsd:element>
<xsd:element name = "customer">

<xsd:complexType>
<xsd:all>

<xsd:element ref = "number"/>
<xsd:element ref = "name"/>
<xsd:element ref = "address"/>
<xsd:element ref = "market"/>
<xsd:element ref = "orders" minOccurs = "0" maxOccurs = "unbounded"/>
<xsd:element ref = "preferred_supplier" minOccurs = "0" maxOccurs = "unbounded"/>

</xsd:all>
</xsd:complexType>

</xsd:element>
<xsd:element name = "number" type = "xsd:integer"/>
<xsd:element name = "name" type = "xsd:string"/>
<xsd:element name = "address" type = "xsd:string"/>
<xsd:element name = "market" type = "xsd:string"/>
<xsd:element name = "orders">

<xsd:complexType>
<xsd:all>

<xsd:element ref = "number"/>
<xsd:element ref = "status"/>
<xsd:element ref = "price"/>
<xsd:element ref = "date"/>
<xsd:element ref = "lineitem" minOccurs = "0" maxOccurs = "unbounded"/>

</xsd:all>
</xsd:complexType>

</xsd:element>
<xsd:element name = "preferred_supplier">

<xsd:complexType>
<xsd:sequence>

<xsd:element ref = "number"/>
<xsd:element ref = "name"/>
<xsd:element ref = "address"/>
<xsd:element ref = "nation"/>
<xsd:element ref = "balance"/>

</xsd:sequence>
</xsd:complexType>

</xsd:element>
<xsd:element name = "status" type = "xsd:string"/>
<xsd:element name = "price" type = "xsd:float"/>
<xsd:element name = "date " type = "xsd:string"/>
<xsd:element name = "lineitem">

<xsd:complexType>
<xsd:sequence>

<xsd:element ref = "part"/>
<xsd:element ref = "supplier"/>
<xsd:element ref = "quantity"/>
<xsd:element ref = "price"/>
<xsd:element ref = "disc ount" minOccurs = "0"/>

</xsd:sequence>
</xsd:complexType>

</xsd:element>
<xsd:element name = "part" type = "xsd:integer"/>
<xsd:element name = "supplier" type = "xsd:integer"/>
<xsd:element name = "quantity" type = "xsd:float"/>
<xsd:element name = "discount" type = "xsd:float"/>

<xsd:element name = "nation" type = "xsd:string"/>
<xsd:element name = "balance" type = "xsd:float"/>

</xsd:schema>

Fig. 3 The TPCH XML Schema

child of g, and min and max are min/maxOccur
labels of the g → gc edge.

♦

Figure 5 illustrates how the content types are
assigned and used in the document validation. The
Address element on the right is valid with respect
to the schema graph on the left. Each schema node
is annotated with its content type. For example,
the type of the “choice” node is {{Street},{PO
Box}}. The document validation is done by map-
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Fig. 4 Schema Graph notation
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Fig. 5 Content Types and Document Tree Validation
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Fig. 6 Schema graphs (a) and (b) are equivalent.
Graph (c) is normalization of graph (a).

ping XML tree nodes to the tag nodes of the schema
graph (mappings are shown by the dashed lines),
in such a way that the bag of types corresponding
to the children of every XML node is a member
of the content type of the child of the correspond-
ing schema node. For example, the children of the
Address element belong to the content type of the
“all” node.

Normalized Schema Graphs To simplify the pre-
sentation we only consider normalized schema graphs,
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where all incoming edges of link nodes have
maxOccurs = 1. Any schema graph can be con-
verted into, a possibly less restrictive, normalized
schema graph by a top-down breadth-first traver-
sal of the schema graph that applies the following
rules. For every link node N that has an incoming
edge with minOccurs = inMin and maxOccurs =
inMax, where inMax > 1, the maxOccurs is set
to 1 and the maxOccurs of every outgoing edge
of N is multiplied by inMax. The result of the
product is “unbounded” if at least one parame-
ter is “unbounded”. Similarly, if inMin > 1, the
minOccurs is set to 1 and the minOccurs of every
outgoing edge of N is multiplied by inMin. Also,
if N is a “choice”, it gets replaced with an “all”
node with the same set of children, and for every
outgoing edge the minOccur is set to 0. For exam-
ple, the schema graph of Figure 6(a) will be nor-
malized into the graph of Figure 6(c). Notice that
the topmost “choice” node is replaced by “all”,
since a customer may contain multiple addresses
and preferred supplier records.

Without loss of generality to the decomposi-
tion algorithms described next, we only consider
schemas where minOccurs ∈ {0, 1} and manOccurs
is either 1 or unbounded. We use the following
symbols: “1”, “*”, “?”, “+”, to encode the “minOc-
curs”/“maxOccurs” pairs. For brevity, we omit “1”
annotations in the figures. We also omit “all” nodes
if their incoming edges are labeled “1”, whenever
this doesn’t cause an ambiguity.

We only consider acyclic schema graphs. Schema
graph nodes that are pointed by a “*” or a “+”
will be called repeatable.

4 XML Decompositions

We describe next the steps of decomposing an XML
document into a relational database. First, we pro-
duce a schema decomposition, i.e., we use the schema
graph to create a relational schema. Second, we de-
compose the XML data and load it into the corre-
sponding tables. We use the schema decomposition
to guide the data load.

The generation of an equivalent relational schema
proceeds in two steps. First, we decompose the
schema graph into fragments. Second, we gener-
ate a relational table definition for each fragment.

Definition 5 (Schema Decomposition) A schema
decomposition of a schema graph G is a set of frag-
ments F1, . . . , Fn, where each fragment is a subset
of nodes of G that form a connected DAG. Every
tag node of G has to be member of at least one
fragment. ♦

Order

LineItem

Part
Supplier Price

Quantity

Discount
?

Status

Number

Price

Date

Preferred
Supplier

Name

Number
Nation

Address

Street City

*

Customer

Address

Market
SegmentName

*

Customers

+

*

Fig. 7 An XML Schema decomposition

Due to acyclicity of the schema graphs, each
fragment has at least one fragment root node, i.e.,
a node that does not have incoming edges from any
other node of the fragment. Similarly, fragment
leaf nodes are the nodes that do not have outgo-
ing edges that lead to other nodes of the fragment.
Note that a schema decomposition is not necessar-
ily a partition of the schema graph – a node may
be included in multiple fragments (Figure 7).

Some fragments may contain only “choice” and
“all” nodes. We call these fragments trivial, since
they correspond to empty data fragments. We only
consider decompositions which contain connected,
non-trivial fragments, where all fragment leafs are
tag nodes.

DAG schemas offer an extra degree of free-
dom, since an equivalent schema can be obtained
by “splitting” some of the nodes that have more
than one ancestor. For example, the schema of Fig-
ure 6(b), can be obtained from the schema of Fig-
ure 6(a) by splitting at element Address. Such a
split corresponds to a derived horizontal partition-
ing of a relational schema [ÖV99].

Similarly, element nodes may also be elimi-
nated by “combining” nodes. For example, an all(a∗, b, a∗)
may be reduced to all(a∗, b) if types of both a’s
are equal 3. Since we consider an unordered data
model, the queries cannot distinguish between “first”
and “second” a’s in the data. Thus, we do not need
to differentiate between them. A similar DTD re-
duction process was used in [STZ+99]. However,
unlike [STZ+99] our decompositions do not require
reduction and offer flexibility needed to support
the document order. Similar functionality is in-
cluded in LegoDB [BFRS02].

3 We say that types A and B are equal, if every
element that is valid wrt A is also valid wrt B, and
vice versa.
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Definition 6 (Path Set, Equivalent Schema
Graphs) A path set of a schema graph G, denoted
PS(G), is the set of all possible paths in G that
originate at the root of G. Two schema graphs G1

and G2 are equivalent if PS(G1) = PS(G2). ♦

We define the set of generalized schema decom-
positions of a graph G to be the set of schema de-
compositions of all graphs G′ that are equivalent
to G (including the schema decompositions of G
itself.) Whenever it is obvious from the context we
will say “set of schema decompositions” implying
the set of generalized schema decompositions.

Definition 7 (Root Fragments, Parent Frag-
ments) A root fragment is a fragment that con-
tains the root of the schema graph. For each non-
root fragment F we define its Parent Fragments
in the following way: Let R be a root node of F ,
and let P be a parent of R in the schema graph.
Any fragment that contains P is called a parent
fragment of F . 4 ♦

Definition 8 (Fragment Table) A Fragment Ta-
ble T corresponds to every fragment F . T has an
attribute ANID of the special “ID” datatype5 for
every tag node N of the fragment. If N is an
atomic node the schema tree T also has an at-
tribute AN of the same datatype as N . If F is not
a root fragment, T also includes a parent reference
column, of type ID, for each distinct path that
leads to a root of F from a repeatable ancestor A
and does not include any intermediate repeatable
ancestors. The parent reference columns store the
value of the ID attribute of A. ♦

For example, consider the Address fragment
table of Figure 8. Regardless of other fragments
present in the decomposition, the Address table
will have two parent reference columns. One col-
umn will refer to the Customer element and an-
other to the Supplier. Since we consider only tree
data, every tuple of the Address table will have
exactly one non-null parent reference.

A fragment table is named after the left-most
root of the corresponding fragment. Since multiple
schema nodes can have the same name, name col-
lisions are resolved by appending a unique integer.

We use null values in ID columns to repre-
sent missing optional elements. For example, the
null value in the POBox id of the first tuple of the
Address table indicates that the Address element

4 Note that a decomposition can have multiple root
fragments, and a fragment can have multiple parent
fragments.

5 In RDBMS’s we use the “integer” type to represent
the “ID” datatype.

2            3         4           null     …
6            7 null         8 …
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POBox
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Fig. 8 Loading data into fragment tables

with id=2 does not have a POBox subelement. An
empty XML element N is denoted by a non-null
value in ANID and a null in AN .

Data Load We use the following inductive defi-
nition of fragment tables’ content. First, we define
the data content of a fragment consisting of a sin-
gle tag node N . The fragment table TN , called
node table, contains an ID attribute ANID , a value
attribute AN , and one or more parent attributes.
Let us consider a Typed Document Tree D′, where
each node of D is mapped to a node of the schema
graph. A tuple is stored in TN for each node d ∈ D,
such that (d → N) ∈ D′. Assume that d is a child
of the node p ∈ D, such that (p → P ) ∈ D′. The
table TN will be populated with the following tu-
ple: 〈APID = pid, ANID = did, AN = d〉. If TN

contains parent attributes other than APID , they
are set to null.

A table T corresponding to an internal node N
is populated depending on the type of the node.

– If N is an “all”, then T is the result of a join
of all children tables on parent reference at-
tributes.

– If N is a “choice”, then T is the result of an
outer union 6 of all children tables.

– If N is a tag node, which by definition has ex-
actly one child node with a corresponding table
TC , then T = TN �� TC

The following example illustrates the above def-
inition. Notice that the XCacheDB Loader does
not use the brute force implementation suggested
in the example. We employ optimizations that elim-
inate the majority of the joins.

6 Outer union of two tables P and Q is a table T ,
with a set of attributes attr(T ) = attr(P ) ∪ attr(Q).
The table T contains all tuples of P and Q extended
with nulls in all the attributes that were not present
in the original.
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F
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11
a

4N
F

decom
posi-

tion
because

all
its

fragm
ents

are
4N

F
fragm

ents
(i.e.

the
fragm

ent
tables

are
in

4N
F
).

N
ote

that
a

fragm
ent

is
4N

F
if

and
only

if
it

does
not

include
any

“*”
or

“+
”

labeled
edges,

i.e.
no

tw
o

nodes
of

the
fragm

ent
are

connected
by

a
“*”

or
“+

”
la-

beled
edge.W

e
assum

e
that

the
only

dependencies
present

are
those

derived
by

the
decom

position.
E

very
X

M
L

Schem
a

tree
has

exactly
one

m
ini-

m
al4N

F
decom

position,w
hich

m
inim

izes
the

space
requirem

ents.
From

here
on,

w
e

only
consider

m
inim

al
decom

positions.
P

rior
w

ork
[ST

Z
+
99,B

F
R

S02]
considers

only
4N

F
decom

positions.
H

ow
ever

w
e

em
ploy

denor-
m

alized
decom

positions
to

im
prove

query
execu-

tion
tim

e
as

w
ell

as
response

tim
e.

P
articularly

im
portant

for
perform

ance
purposes

is
the

class
of

inlined
decom

positions
described

below
.

T
he

in-
lined

decom
positions

im
prove

query
perform

ance
by

reducing
the

num
ber

ofjoins,and
(unlike

M
V

D
decom

positions)
the

space
overhead

that
they

in-
troduce

depends
only

on
the

schem
a

and
not

on
the

dataset.
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ecom

p
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s
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ecom

p
osition

s)A
non-M

V
D

fragm
ent

is
one

w
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all
“*”

and
“+

”
labeled

edges
ap-

pear
in

a
single

path.
A

non-M
V

D
decom

position
is

one
that

has
only

non-M
V

D
fragm

ents.
A

n
in-

lined
fragm

ent
is

a
non-M

V
D

fragm
ent

that
is

not
a

4N
F

fragm
ent.

A
n

inlined
decom

position
is

a
non-M

V
D

decom
positions

that
is

not
a

4N
F

de-
com

position.
♦

T
he

non-M
V

D
fragm

ent
tables

m
ay
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func-

tionaldependencies
(F

D
’s)

that
violate

the
B

C
N

F
condition

(and
also

the
3N

F
condition

[G
M

U
W

99]),
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they
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non-F

D
M

V
D
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exam
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C
ustom
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F
igure
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D
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m

e
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breaks
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B

C
N

F
condition,
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is

“c
preferredSupplier

id”.
H

ow
ever,
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table

has
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non-F
D

M
V

D
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From
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point
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view
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fragm

ent
table
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join
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ent

tables
that

correspond
to

a
line

of
tw

o
or

m
ore

4N
F

fragm
ents.

For
exam

ple,
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ent
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ofF

igure
10
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fragm
ent
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correspond
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the
4N

F
fragm

ents
C
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ers

and
P
referredSupplier
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F
igure

11.
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num

ber
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w
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fragm
ent
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.
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ber
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tuples
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the
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num
ber
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tuples
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edge
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w
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num
ber
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F
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ill
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result

ofthe
join

of
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1
and

F
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schem

a
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that

for
every

tuple
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F
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one
m
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tuple,
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in
F
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T

hird,if
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edge
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w
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w
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the
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1
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and
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We found that the inlined decompositions can
provide significant query performance improvement.
Noticeably, the storage space overhead of such de-
compositions is limited, even if the decomposition
include all possible non-MVD fragments.

Definition 11 (Complete Non-MVD Decom-
positions) A complete non-MVD decomposition,
complete for short, is one that contains all possible
non-MVD fragments. ♦

The complete non-MVD decompositions are only
intended for the illustrative purpose, and we are
not advocating their practical use.

Note that a complete non-MVD decomposition
includes all fragments of the 4NF decomposition.
The other fragments of the complete decomposi-
tion consist of fragments of the 4NF decomposition
connected together. In fact, a 4NF decomposition
can be viewed as a tree of 4NF fragments, called
4NF fragment tree. The fragments of a complete
minimal non-MVD decomposition correspond to
the set of paths in this tree. The space overhead
of a complete decompositions is a function of the
size of the 4NF fragment tree.

Lemma 2 (Space Overhead of a Complete
Decomposition as a Function of Schema)
Consider a schema graph G, its complete decompo-
sition DC(G) = {F1, . . . , Fk}, and a 4NF decom-
position D4NF (G). For every XML data set, the
number of tuples of the complete decomposition is

|DC(G)| =
k∑

i=1

|Fi| < |D4NF (G)| ∗ h ∗ n

where h is the height of the 4NF fragment tree of
G, and n is the number of fragments in D4NF (G).

Proof Consider a record tree R constructed from
an XML document tree T in the following fashion.
A node of the record tree is created for every tuple
of the 4NF data decomposition D4NF (T ). Edges
of the record tree denote child-parent relationships
between tuples. There is a one to one mapping
from paths in the record tree to paths in its 4NF
fragment tree, and the height of the record tree
h equals to the height of the 4NF fragment tree.
Since any fragment of DC(G) maps to a path in
the 4NF fragment tree, every tuple of DC(T ) maps
to a path in the record tree. The number of path’s
in the record tree P (R) can be computed by the
following recursive expression: P (R) = N(R) +
P (R1) + . . . + P (Rn), where N(R) is the number
of nodes in the record tree and stands for all the
paths that start at the root. Ri’s denote subtrees
rooted at the children of the root. The maximum
depth of the recursion is h. At each level of the

recursion, after the first one, the total number of
added paths is less than N . Thus P (R) < hN .

Multiple tuples of DC(T ) may map to the same
path in the record tree, because each tuple of DC(T )
is a result of some outerjoin of tuples of D4NF (T ),
and the same tuple may be a result of multiple
outer joins (e.g. A �� B = A �� B �� C, if
C is empty.) However the same tuple cannot be a
result of more than n distinct left outerjoins. Thus
|DC(G)| ≤ P (R) ∗ n. By definition |D4NF (G)| =
N ; hence |DC(G)| < |D4NF (G)| ∗ h ∗ n. �	

4.1 BLOBs

To speed up construction of the XML results from
the relational result-sets XCacheDB stores a bi-
nary image of pre-parsed XML subtrees as Binary
Large OBjects (BLOBs). The binary format is op-
timized for efficient navigation and printing of the
XML fragments. The fragments are stored in spe-
cial BLOBs tables that use node IDs as foreign
keys to associate the XML fragments to the ap-
propriate data elements.

By default, every subtree of the document ex-
cept the trivial ones (the entire document and
separate leaf elements) is stored in the Blobs ta-
ble. This approach may have unnecessarily high
space overhead because the data gets replicated
up to H − 2 times, where H is the depth of the
schema tree. We reduce the overhead by providing
a graphical utility, the XCacheDB Loader, which
allows the user to control which schema nodes get
“BLOB-ed”, by annotating the XML Schema. The
user should BLOB only those elements that are
likely to be returned by the queries. For exam-
ple, in the decomposition of Figure 10 only Order
and PreferredSupplier elements were chosen to
be BLOB-ed, as indicated by the boxes. Customer
elements may be too large and too infrequently re-
quested by a query, while LineItem is small and
can be constructed quickly and efficiently without
BLOB’s.

We chose not to store Blobs in the same tables
as data to avoid unnecessary increase in table size,
since Blob structures can be fairly large. In fact, a
Blob has similar size to the XML subtree that it
encodes. The size of an XML document (without
the header and whitespace) can be computed as

XMLSize = EN ∗ (2ESize + 5) + TN ∗ TSize

where EN is the number of elements, ESize is the
average size of the element tag, TN is how many
elements contain text (i.e. leafs) and TSize is the
average text size. The size of a BLOB is:

BLOBSize = EN ∗ (ESize + 10) + TN ∗ (TSize + 3)
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u
ery)

A
query

is
a

tuple〈C
,E

,R
〉,

w
here

C
is

called
condition

tree,
E

is
called

con-
dition

expression,
and

R
is

called
result

tree.

C
is

a
labeled

tree
that

consists
of:

–
E

lem
ent

nodes
that

are
labeled

w
ith

labels
from

L
.
E

ach
elem

ent
node

n
m

ay
also

be
labeled

w
ith

a
variable

V
a
r(n).

–
U

nion
nodes.T

he
sam

e
setofvariablesm

ust
occur

in
all

children
subtrees

of
a

U
nion

node.
T

w
o

nodes
cannot

be
labeled

w
ith

the
sam

e
variable,unless

their
low

est
com

-
m

on
ancestor

is
a

U
nion

node.
E

is
a

logical
expression

involving
logical

predi-
cates,

logical
connectives,

constants,
and

vari-
ables

that
occur

in
C

.
R

is
a

tree
w

here
internal

nodes
are

labeled
w

ith
constants

and
leafnodes

are
labeled

either
w

ith
variables

that
occur

in
C

or
w

ith
constants.

Som
e

nodes
m

ay
also

have
“group-by”

labels
consisting

of
one

or
m

ore
variables

that
occur

in
C

.
If

a
variable

V
labels

a
leaf

l∈
R

then
V

is
in

the
group-by

labelof
l
or

the
group-by

labelof
an

ancestor
of

l.

♦

T
he

query
sem

antics
are

based
on

first
m

atch-
ing

the
condition

tree
w

ith
the

X
M

L
data

to
obtain

bindings
and

then
using

the
result

tree
to

struc-
ture

the
bindings

into
the

X
M

L
result.

T
he

sem
antics

ofthe
condition

tree
are

defined
in

tw
o

steps.
F
irst,

w
e

rem
ove

U
nion

nodes
and

produce
a

forest
of

conjunctive
condition

trees,by
traversing

the
condition

tree
bottom

-up
and

re-
placing

each
U

nion
node

non-determ
inistically

by
one

of
its

children.
T

his
process

is
sim

ilar
to

pro-
ducing

a
disjunctive

norm
al

form
of

a
logical

ex-
pression.

Set
of

bindings
produced

by
the

condi-
tion

tree
is

defined
as

a
union

of
sets

of
bind-

ings
produced

by
each

ofthe
conjunctive

condition
trees.Form

ally,
let

C
be

a
condition

tree
of

a
query

and
t
be

the
X

M
L

docum
ent

tree.conjunctive
L
et

V
a
r(C
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the
set

of
variables
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C

.
L
et

C
1 ...C

l

be
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set
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condition
trees
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C

.
N

ote
that

V
a
r(C
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=

V
a
r(C

i ),∀
i
∈

[1
,l].

A
vari-

able
binding

β̂
m

aps
each

variable
of

V
a
r(C

)
to

a
node

of
t.T

he
set

ofvariable
bindings

is
com

puted
based

on
the

set
ofcondition

tree
bindings.A

con-
dition

tree
binding

β
m

aps
each

node
n

of
som

e
conjunctive

condition
tree

C
i

to
a

node
of

t.
T

he
condition

tree
binding

is
valid

if
β
(root(C

i ))
=

root(t)
and

recursively,
traversing

C
depth-first

left-to-right,
for

each
child

c
j

of
a

node
c
∈

C
i ,

assum
ing

c
is

m
apped

to
x
∈

t,there
exists

a
child

x
j

of
x

such
that

β
(c

j ))
=

x
j

and
la

bel(c
j )

=
la

bel(x
j ).

T
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set
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consists

ofallbind-
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1
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x
1 ,...,V

n
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x
n ]

such
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tree
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=
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x
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n
�→

x
n
,...],such

that
V

1
=
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a
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a
r(c

n ).
T
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N
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that

the
vari-
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M
L
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tent
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condition

ex-
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w
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ex-
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ple,
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F
igure

13
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X

M
L
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H

ow
ever,

w
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condition
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w
e
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O

nce
a

set
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qualified
bindings
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resulting

X
M

L
docum
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tree
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structuralrecursion
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the

result
tree

R
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T
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R

w
ith

the
full

set
of

qualified
bindings

B
.
T
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R
top-dow
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sub-tree

R
(n)

rooted
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node
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partial
set
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B
′

(w
e
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w
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(n
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the
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L
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n
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of
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tag
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L

w
ithout
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M

L
tree

w
ith
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</root>

FOR $C IN document(‘‘customers.xml")/

Customers/Customer

$N IN $c/Name

$O IN $c/Order

WHERE not empty(

FOR $P IN $o/LineItem/Price

WHERE $P > 30000

RETURN $P

)

RETURN

<result>

{$N}
{$O}

</result>

</root>

Fig. 14 The XQuery equivalent to the query of Fig-
ure 13

root labeled L. The list of children of the root is
the concatenation F (n1, B

′′)# . . . #F (nm, B′′),
where
n1, n2, . . . , nm are the children of n. For each
of the children, the partial set of bindings is
B′′ = B′.

Group-By: If n is of the form L{V1, . . . , Vk}, where
V1, . . . , Vk are group-by variables, F (n, B′) con-
tains an XML tree Tv1,...,vk

for each distinct set
v1, . . . , vk of values of V1, . . . , Vk in B′.
Each Tv1,...,vk

has its root labeled L. The list
of children of the root is the concatenation
F (n1, B

′
1)# . . . #F (nm, B′

m), where n1, n2, . . . , nm

are the children of n. For Tv1,...,vk
and ni the

partial set of bindings is
B′

i = ΠV (ni)(σV1=v1AND...ANDVk=vk
B′), where

V (ni) is the set of variables that occur in the
tree rooted at ni.

Leaf Group-By: If n is a leaf node of form
V {V1, . . . , Vk}, the result is a list of values of
V , for each distinct set v1, . . . , vk of values of
V1, . . . , Vk in B′.

Leaf Variable: If n is a single variable V , and V
binds to an element E in B′, the result is E. If
the query plan is valid, B′ will contain only a
single tuple.

The result of the query is the forest F (r, B),
where r is the root of the result tree and B is the
set of bindings delivered by the condition tree and
condition expression. However, since in our work
we want to enforce that the result is a single XML
tree, we require that r does not have a “group-by”
label.

Example 4 The condition tree and expression of
the query of Figure 13 retrieve tuples 〈N, O〉 where
N is the Name element of a Customer element with

an Order O that has at least one LineItem that has
Price greater than 30000. For each tuple 〈N, O〉 a
Result element is produced that contains the N
and the O. This is essentially query number 18
of the TPC-H benchmark suite [Cou99], modified
not to aggregate across lineitems of the order. It
is equivalent to the XQuery of Figure 14.

For example, if the query is executed on data of
Figure 2, the following set of bindings is produced,
assuming that the Order elements are BLOB-ed.

〈$N/Name29[“Customer1”],
$O/Order3, $P/Price9[35840.07]〉
〈$N/Name29[“Customer1”],
$O/Order13, $P/Price18[66854.93]〉
〈$N/Name29[“Customer1”],
$O/Order13, $P/Price24[57670.05]〉

Numbers in subscript indicate node ID’s of the
elements; square brackets denote values of atomic
elements and subelements of complex elements.
First, a single root element is created. Then, the
group-by on the Result node partitions the bind-
ings into two groups (for Order3 and Order13),
and creates a Result element for each group. The
second group-by creates two Order elements from
the following two sets of bindings.

〈$O/Order3, $P/Price9[35840.07]〉
and
〈$O/Order13, $P/Price18[66854.93]〉
〈$O/Order13, $P/Price24[57670.05]〉

The final result of the query is the following
document tree:

root100[
Result101[

Name29[‘‘Customer1"],
Order3[. . .],

Result102[
Name29[‘‘Customer1"],
Order13[. . .]

]
]

We can extend our query semantics to ordered
XML model. To support order-preserving XML
semantics, group-by operators will produce lists,
given sorted lists of source bindings. In particular
the group-by operator will order the output ele-
ments according to the node ID’s of the bindings
of the group-by variables. For example, the group-
by in query of Figure 13 will produces lists of pairs
of names and orders, sorted by name ID and order
ID.
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be constructed for these elements. Given the de-
composition of Figure 17 which includes BLOBs of
Order elements, another valid plan for the query
of Figure 13 will be identical to the query itself,
with a plan decomposition consisting of a single
fragment.

We illustrate the translation of query plans
into the SQL queries with the following example.

Example 5 Consider the valid query plan of Fig-
ure 16, which assumes the 4NF decomposition with-
out BLOBs of Figure 11. This plan will be trans-
lated into SQL by the following process. First, we
identify the tables that should appear in the SQL
FROM clause. Since the condition tree is partitioned
into four fragments, the FROM clause will feature
four tables:

FROM Customer C, Order O,
LineItem L1, LineItem L2

Second, for each fragment of the condition tree,
we identify variables defined in this fragment that
also appear in the result tree. For every such vari-
able, the corresponding fragment table attribute is
added to the SELECT clause. In our case, the result
includes all variables, with the exception of $P :

SELECT DISTINCT C.name, O.order id, O.number,
O.status, O.price, O.date,L1.lineitem id,
L1.part number, L1.supplier number,
L1.price, L1.quantity, L1.discount

Third, we construct a WHERE clause from the
plan condition expression and by inspecting the
edges that connect the fragments of the plan de-
composition. If the edge that connects a parent
fragment P with a child fragment C is a regular
edge, then we introduce the condition
tbl P.parent attr = tbl C.parent ref
If the edge is “soft”, the condition
tbl P.parent attr =* tbl C.parent ref, where
“=*” denotes a left outerjoin. An outerjoin is needed
to ensure accurate reconstruction of the original
document. For example, an order can appear in
the result even if it does not have any lineitems.
In our case, the WHERE clause contains the follow-
ing conditions:

WHERE C.cust id = O.cust ref
AND O.order id = L2.order ref
AND O.order id =* L1.order ref
AND L2.price > 30000

Notice, that the above where clause can be op-
timized by replacing the outerjoin with a natural

Order

LineItem

Part
Supplier Price

Quantity

Discount
?

Status

Number

Price

Date

Preferred
Supplier

Name

Number
Nation

Address

Street City

*

Customer

Address

Market
SegmentName

*

Customers

+

*

Fig. 17 Inlined schema decomposition used for the
experiments

$O: Order

$L: LineItem

$LR: Part

$LS: Supplier

$LP: Price

$LQ:Quantity

$LD:Discount

$OS: Status$ON: Number
$OP: Price

$OD: Date

Customer

$N:Name

Customers

Condition Tree

LineItem

$P: Price

Order {$O}

LineItem {$L}

$LR{$LR}

$LS{$LS}

$LP{LP}

$LQ{$LQ}

$LD{$LD}

$LS{$LS}

$LN{$NL}

$OP{$OP}

$OD{$OD}

Result{$N,$O}

$N

Result Tree
root

Condition Expression
$P > 30000

Fig. 18 A Possible Query Plan

join because the selection condition on L2 implies
that the order O will have at least one lineitem.

Finally, the clause ORDER BY O.order id is ap-
pended to the query to facilitate the grouping of
lines of the same order, which allows the XML re-
sult to be constructed by a constant space tagger
[SSB+00].

The resulting SQL query is:

SELECT DISTINCT C.name, O.order id, O.number,
O.status, O.price, O.date,L1.lineitem id,
L1.part number, L1.supplier number,
L1.price, L1.quantity, L1.discount
FROM Customer C, Order O,
LineItem L1, LineItem L2
WHERE C.cust id = O.cust ref
AND O.order id = L2.order ref
AND O.order id = L1.order ref
AND L2.price > 30000
ORDER BY O.order id
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Now consider a complete decomposition with-
out BLOBs. Recall, that a complete decomposi-
tion consists of all possible non-MVD fragments.
This decomposition, for instance, includes a non-
MVD fragment Customer-Order-LineItem (COL
for short) that contains all Customer, Order and
LineItem information. This fragment is illustrated
in Figure 17. The COL fragment can be used to
answer the above query with only one join, using
the query plan illustrated in Figure 18.

SELECT DISTINCT COL.name, COL.order id,
COL.number, COL.status, COL.price, COL.date,
L1.lineitem id, L1.part number, L1.price,
L1.supplier number, L1.quantity, L1.discount
FROM COL, LineItem L1
WHERE COL.order id = L1.order ref
AND COL.line price > 30000
ORDER BY COL.order id

Finally, consider the same complete decompo-
sition that also features Order BLOBs. We can use
the query plan identical to the query itself (Fig-
ure 13), with a single fragment plan decomposi-
tion. Again a single join is needed (with Blobs
table), but the result does not have to be tagged
afterwards. This also means that the ORDER BY
clause is not needed.

SELECT DISTINCT COL.cust name, Blobs.value
FROM COL, Blobs
WHERE COL.line price > 30000
AND COL.order id = Blobs.id

The XCacheDB also has an option of retriev-
ing BLOB values with a separate query, in order
to improve the query response time. Using this
option we eliminate the join with the Blobs table.
The query becomes

SELECT DISTINCT COL.cust name, COL.order id
FROM COL WHERE COL.line price > 30000

The BLOB values are retrieved by the follow-
ing prepared query:

SELECT value FROM Blobs WHERE id = ?

The above example demonstrates that the BLOBs
can be used to facilitate construction of the results,
while the non-4NF materialized views can reduce
the number of joins and simplify the final query.
The BLOBs and inlined decompositions are two
independent techniques that trade space for per-
formance. Both of the techniques have their pros
and cons.

Effects of the BLOBs

Positive: Use of BLOBs may replace a num-
ber of joins with a single join with the Blobs
table, which, as our experiments show, typi-
cally improves performance. BLOBs eliminate
the need for the order-by clause, which im-
proves query performance, especially the re-
sponse time. BLOBs do not require tagging,
which also saves time. BLOBs can be retrieved
by a separate query which significantly improves
the response time.

Negative: The BLOBs introduce significant space
overhead. The join with the Blobs table can be
expensive especially when the query results are
large.

Effects of the Inlined decomposition

Positive: The denormalized decompositions re-
duce number of joins, which may lead to bet-
ter performance. For instance, eliminating high
start-up costs of some joins (e.g. hash join),
improves query response time. Since the query
has fewer joins, it is simpler to process; as the
result, query performance is much less depen-
dant on the relational optimizer. During our
experiments with the normalized decomposi-
tions, we encountered cases when a plan pro-
duced by the relational optimizer simply could
not be executed by our server. For example,
one of such plans called for a Cartesian prod-
uct of 5000 tuples with 600000. We never en-
countered such problems while experimenting
with the inlined decompositions.

Negative: The scans of denormalized tables take
longer because of the increased width. The in-
lining, also introduces space overhead.

5.2 Minimal Plans

Out of the multiple possible valid plans we are
interested in the ones that minimize the number
of joins.

Definition 14 (Minimal Plan ) A valid plan is
minimal if its plan decomposition P ′ contains the
smallest possible number of partitions Pi. ♦

Still, there may be situations where there are
multiple minimal plans. In this case the plan gen-
erator uses the following heuristic algorithm, which
is linear in the size of the query and the schema de-
composition. When the algorithm is applied on a
minimal non-MVD decomposition it is guaranteed
to produce a minimal plan.

– 1. Pick any leaf node N of the query.
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use

64M
B

of
R

A
M

for
buffer

space.
W

e
flush

the
buffers

betw
een

runs,
to

ensure
the

independence
ofthe

experim
ents.Statistics

are
col-

lected
for

all
tables

and
the

relationaldatabase
is

set
to

use
the

cost-based
optim

izer,
since

the
un-

derlying
database

allow
s
both

cost-based
and

rule-
based

optim
ization.

T
he

X
C

acheD
B

connects
to

the
database

through
a

100M
b

sw
itched

E
thernet

netw
ork.W

e
also

provide
experim

ents
w

ith
11M

b
w

ireless
E

thernet
connection

betw
een

the
system

s,
and

show
the

effects
of

a
low

er-bandw
idth,

high-
latency

connection.
A

ll
previous

w
ork

on
X

M
L

query
processing,

concentrated
on

a
single

perform
ance

m
etric

–
to-

tal
tim

e,
i.e.

tim
e

to
execute

the
entire

query
and

output
the

com
plete

result.
H

ow
ever,

w
e

are
also

interested
in

response
tim

e.W
e

define
the

response
tim

e
as

the
tim

e
it

takes
to

output
the

first
ten

re-
sults.

Q
ueries

W
e

use
the

follow
ing

three
queries

(see
F
igure

22):

Q
1

T
he

selection
query

ofE
xam

ple
4

returns
pairs

ofcustom
er

nam
es

and
their

orders,ifthe
order

contains
at

least
one

lineitem
w

ith
p
rice

>
P

,
w

here
P

is
a

param
eter

that
ranges

from
75000

(qualifies
about

15%
oftuples)

to
96000

(qual-
ifies

no
tuples).

Q
2

also
hasa

range
condition

on
the

supplier.T
he

param
eterofthe

supplier
condition

is
chosen

to
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E
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L
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C
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$SN
: N

um
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C
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er

$O
: O
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L
ineItem

C
ondition E

xpression:
$P >

 P A
N

D
 $SN
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 $L

SN

$N
: N

am
e

$P: Price

Preferred
Supplier

$SN
: N

um
ber

$L
SN

: Supplier
N

um
ber

root

$N
: N

am
e

Q
1 C

ondition
Q

2 C
ondition

Q
3 C

ondition
Q

1,Q
2,Q

3 R
esult

$O
: O

rder

C
ustom

ers
C

ustom
ers

C
ustom

ers

R
esult{$N

,$O
}

F
ig

.
2
2

T
h
ree

q
u
eries

u
sed

fo
r

th
e

ex
p
erim

en
ts

filter
out

about
50%

of
custom

ers
on

the
aver-

age.
N

otice
that

since
this

query
refers

to
both

orders
and

suppliers,it
cannot

be
answ

ered
us-

ing
a

single
non-M

V
D

fragm
ent.

Q
3

T
his

query
finds

custom
ers

that
have

placed
expensive

orders
w

ith
preferred

suppliers
(i.e.

custom
er

contains
a

prefered
supplier

and
an

order
w

ith
an

expensive
item

from
this

sup-
plier.)

N
otice

the
join

betw
een

S
u
p
p
l
i
e
r

and
L
i
n
e
I
t
e
m.

T
esting

various
decom

positions
W

e
com

pare
the

follow
ing

query
decom

positions:

1.
4N

F
schem

a
decom

position
w

ithout
B

L
O

B
s,

w
hich

consistsofthe
follow

ing
four

tables:C
u
s
t
o
m
e
r,

O
r
d
e
r,L

i
n
e
I
t
e
m,and

P
r
e
f
S
u
p
p
l
i
e
r

(F
igure

11).
T

he
above

four
tables

occupy
64

M
B

of
disk

space.
T

his
case

corresponds
to

a
typical

de-
com

position
considered

in
the

previous
w

ork
[ST

Z
+
99,B

F
R

S02].
2.

Sam
e

4N
F

decom
position

as
above

w
ith

the
addition

of
a

B
L
O

B
s

table
that

stores
O

rder
subtrees.T

his
table

takes
up

150
M

B
.

3.
Inlined

decom
position

of
F
igure

17,w
hich

in-
cludes

tw
o

non-M
V

D
fragm

ents:S
u
p
p
l
i
e
r

and
C
u
s
t
o
m
e
r
-
O
r
d
e
r
-
L
i
n
e.

T
hese

tw
o

tables
oc-

cupy
137.5

M
B

.
T

his
decom

position
also

in-
cludes

O
rder

B
L
O

B
s.

W
e

also
consider

a
decom

position
that

contains
an

M
V

D
fragm

ent
C
u
s
t
o
m
e
r
-
O
r
d
e
r
-
S
u
p
p
l
i
e
r

and
a

separate
table

for
L
i
n
e
I
t
e
m.H

ow
ever,the

exper-
im

ents
show

that
this

approach
is

not
com

petitive.
T

he
space

overhead
(the

tw
o

tables
take

up
alm

ost
600

M
B

)
translates

into
poor

query
perform

ance.

D
iscussion

T
he

left
side

of
F
igure

23
show

s
the

total
execution

tim
e

of
the

three
queries

plotted
against

the
selectivity

of
the

condition
on

price,
w

hich
essentially

controls
the

size
of

the
result.

For
Q

1,
1%

selectivity
translates

into
a

1.5
M

B
result

X
M

L
file.For

Q
2

and
Q

3
the

rates
are

about
0.75

M
B

and
0.4

M
B

respectively.
T

he
right

side
of

F
igure

23
show

s
the

response
tim

e
of

the
sam

e
queries.

R
ecall,

in
the

response
tim

e
experim

ents
the

queries
return

top
ten

top-levelob
jects,i.e.the

result
size

is
constantly

around
10

K
B

.
A

ll
the

“total
tim

e”
graphs

exhibit
the

sam
e

trend.
T

he
“4N

F
”

line
starts

higher
than

the
“in-

lined”
one,because

ofthe
tim

e
it

takes
the

database
to

initiate
and

execute
m

ultiw
ay

joins.
H

ow
ever,

the
slope

of
the

“inlined”
line

is
steeper

because
of

the
space

and
I/O

overhead
derived

from
the

denorm
alization.

T
able

scans
take

longer
on

the
“inlined”

tables.
B

L
O

B
sim

prove
perform

ance
ofthe

sm
allqueries,

but
their

effects
also

dim
inish

as
the

result
sizes

grow
.For

sm
aller

results
(less

than
2

M
B

ofX
M

L
)

4N
F

w
ith

B
L
O

B
s

consistently
outperform

s
4N

F
w

ithout
B

L
O

B
s

by
200%

to
300%

.
A

s
the

result
sizes

increase,join
w

ith
the

B
L
O

B
s
table

becom
es

m
ore

expensive
in

com
parison

to
the

extra
joins

needed
to

reconstruct
the

result
fragm

ents.
T

he
m

ain
advantage

of
the

X
C

acheD
B

is
its

response
tim

e.
B

oth
inlining

and
B

L
O

B
s

signif-
icantly

sim
plify

the
SQ

L
query

w
hich

is
sent

to
the

relationaldatabase,w
hich

allow
s

the
server

to
create

the
result

cursor,in
som

e
cases,

alm
ost

in-
stantaneously.

T
he

irregularities
that

are
be

observed
in

the
graphs

(e.g.a
notch

on
the

“4N
F

w
ithout

B
L
O

B
s”

line
ofallthree

“totaltim
e”

graphs
around

the
1%

selectivity)
are

m
ostly

due
to

the
different

plans
picked

by
the

relationaloptim
izer

for
different

val-
ues

of
the

param
eter.

N
otice

that
on

the
Q

3
re-

sponse
tim

e
graph

the
“Inlined”

line
uncharacter-

istically
dips

betw
een

the
6-th

and
7-th

points
(se-

lectivity
values

1.6%
and

4.3%
).It

turns
out

that
at

that
point

the
optim

izer
reversed

the
sides

of
the

hash
join

of
C
O
L

and
S
u
p
p
l
i
e
r

tables,
w

hich
im

proved
perform

ance.

7.1
E
ff
ects

of
higher

C
P
U

/bandw
idth

ratio

Q
uery

processing
on

the
inlined

schem
a

requires
less

C
P

U
resources

than
on

the
4N

F
schem

a,since
few

er
joins

need
to

be
perform

ed.
H

ow
ever,

pre-
joined

data
needs

to
be

read
from

the
disk,w

hich
requires

m
ore

I/O
operations

than
reading

data
required

for
the

join.Ifthe
database

optim
izer

cor-
rectly

picks
join

ordering
and

join
strategies,a

ta-
ble

w
ill

not
be

scanned
m

ore
than

tw
ice

for
a

join,and
m

ost
ofthe

tim
e,

a
single

scan
w

ill
be

suffi
cient

[G
M

U
W

99].
T

his
tradeoff

w
as

observed
w

hen
the

database
w

as
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Fig. 23 Experimental results
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X
C

acheD
B

 "cold"
Ipedo "cold/w

arm
"

X
-H

ive D
B

 "cold"
X

-H
ive "w

arm
"

X
C

acheD
B

 "w
arm

"

F
ig

.
2
4

T
h
e

to
ta

l
ex

ecu
tio

n
tim

e
o
f

Q
1

o
n

n
a
tiv

e
X

M
L

d
a
ta

b
a
ses

v
s.

X
C

a
ch

eD
B

installed
on

a
500M

H
z
system

w
ith

a
slow

(4200R
P

M
)

ID
E

disk.
In

this
setting,

the
4N

F
decom

position
w

ith
B

L
O

B
s

often
provided

for
faster

querying
than

the
inlined

one.
For

exam
ple,

in
a

fast
disk

setup
a

Q
1-type

query
w

ith
result

size
2

M
B

ac-
cording

to
F
igure

23
takes

about
7.5

sec
on

both
4N

F
and

Inlined
schem

as.O
n

a
server

w
ith

slow
er

disk
the

sam
e

query
took

8.2
sec

w
ith

the
4N

F
decom

position
and

11.6
sec

w
ith

the
Inlined

de-
com

position.
B

L
O

B
s
are

sensitive
to

interconnect
speeds

be-
tw

een
the

database
serverand

the
X

C
acheD

B
,since

they
include

tags
and

structure
inform

ation
in

ad-
dition

to
the

data
itself.

B
L
O

B
-ed

query
results

are
som

ew
hat

larger
than

those
containing

only
atom

ic
values,

and
on

slow
er,

high-latency
links,

netw
ork

speed
can

becom
e

the
bottleneck.For

ex-
am

ple,Q
1

w
ith

B
L
O

B
s
takes

34.2
seconds

to
com

-
plete

on
a

11M
b

w
ireless

netw
ork.T

he
sam

e
query

in
the

sam
e

setup,but
on

a
100M

b
E

thernet
takes

only
7.5

sec.

7.2
C
om

parison
w
ith

a
C
om

m
ercial

X
M

L
D

atabase

W
e

com
pared

the
perform

ance
ofX

C
acheD

B
against

tw
o

com
m

ercialnative
X

M
L

database
system

s:X
-

H
ive

4.0
[X

-H
]

and
Ipedo

3.1
[Ipe].

For
this

set
of

experim
ents

w
e

only
m

easured
total

execution
tim

e,because
these

tw
o

databases
could

not
com

-
pete

w
ith

the
X

C
acheD

B
in

response
tim

e,
since

they
are

unable
to

return
the

first
result

ob
ject

before
the

query
execution

is
com

pleted.
B

oth
system

s
support

subsets
ofX

Q
uery

w
hich

include
the

query
Q

1,as
it

appears
in

E
xam

ple
4

and
as

it
w

as
used

in
the

X
C

acheD
B

experim
ents

above.H
ow

ever,w
e

did
not

use
Q

1
because

the
X

-
H

ive
w

as
not

able
to

use
the

value
index

to
speed-

up
range

queries.
T

hus,
w

e
replaced

range
condi-

tions
on

price
elem

ents
w

ith
equality

conditions

on
“part”,

“supplier”,
and

“quantity”
elem

ents,
w

hich
have

different
selectivities.

For
Ipedo

w
e

w
ere

not
able

to
rew

rite
the

query
in

a
w

ay
that

w
ould

enable
the

system
to

take
ad-

vantage
of

the
value

indices.
A

s
a

result,
the

per-
form

ance
of

the
Ipedo

database
w

as
not

com
peti-

tive
(F

igure
24),

since
a

full
scan

of
the

database
w

as
needed

every
tim

e
to

answ
er

the
query.

In
all

previous
experim

ents
w

e
m

easured
and

reported
“cold-start”

execution
tim

es,
w

hich
for

X
-H

ive
w

ere
significantly

slow
er

than
w

hen
the

query
ran

on
“w

arm
”

cache.For
instance,the

first
execution

ofa
query

that
used

a
value

index,gen-
erated

m
ore

disk
traffi

c
than

the
second

one.
It

m
ay

be
the

case
that

X
-H

ive
reads

from
disk

the
entire

index
used

by
the

query.T
his

w
ould

explain
relatively

long
(22

seconds)
execution

tim
e

for
the

query
that

returned
only

four
results.T

he
second

execution
ofthe

sam
e

query
took

0.3
seconds.For

the
less

selective
queries

the
difference

w
as

barely
noticeable

as
the

“w
arm

”
line

of
F
igure

24
indi-

cates.
W

e
do

not
reportresults

for
the

Q
3

query,since
both

X
-H

ive
and

Ipedo
w

here
able

to
answ

er
it

only
by

a
fullscan

ofthe
database,and

hence
they

w
ere

not
com

petitive.

8
C

on
clu

sion
s

an
d

F
u
tu

re
W

ork

O
ur

approach
tow

ards
building

X
M

L
D

B
M

S’s
is

based
on

leveraging
an

underlying
R

D
B

M
S

for
storing

and
querying

the
X

M
L

data
in

the
pres-

ence
ofX

M
L

Schem
as.W

e
provide

a
form

alfram
e-

w
ork

for
schem

a-driven
decom

positions
ofthe

X
M

L
data

into
relational

data.
T

he
fram

ew
ork

encom
-

passes
the

decom
positions

described
in

prior
w

ork
and

takes
advantage

of
tw

o
novel

techniques
that

em
ploy

denorm
alized

tables
and

binary-coded
X

M
L

fragm
ents

suitable
for

fast
navigation

and
output.

T
he

new
spectrum

of
decom

positions
allow

s
us

to
trade

storage
space

for
query

perform
ance.

W
e

classify
the

decom
positions

based
on

the
dependencies

in
the

produced
relational

schem
as.

W
e

notice
that

non-M
V

D
relationalschem

as
that

feature
inlined

repeatable
elem

ents,provide
a

sig-
nificant

im
provem

ent
in

the
query

perform
ance

(and
especially

in
response

tim
e)

by
reducing

the
num

ber
ofjoins

in
a

query,w
ith

a
lim

ited
increase

in
the

size
of

the
database.

W
e

im
plem

ented
the

tw
o

novel
techniques

in
X

C
acheD

B
–

an
X

M
L

D
B

M
S

built
on

top
of

a
com

m
ercial

R
D

B
M

S.
O

ur
perform

ance
study

in-
dicates

that
X

C
acheD

B
can

deliver
significant

(up
to

400%
)

im
provem

ent
in

query
execution

tim
e.
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Most importantly, the XCacheDB can provide or-
ders of magnitude improvement in query response
time, which is critical for typical web-based appli-
cations.

We identify the following directions for future
work:

– Extend to more complex queries.
– Extend our schema model from DAG’s to arbi-

trary graphs. This extension will increase the
query processing complexity, since it will allow
recursive queries which cannot be evaluated in
standard SQL.

– Consider a cost-based approach for determin-
ing a schema decomposition given a query mix,
along the lines of [BFRS02].

– Enhance the query processing to consider plans
where some of the joins may be evaluated by
the XCacheDB. Similar work was done by [FMS01],
however, they focused on materializing large
XML results, whereas our first priority is min-
imizing the response time.
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