
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Processing XML in Database Systems

Schmidt, A.

Publication date
2002

Link to publication

Citation for published version (APA):
Schmidt, A. (2002). Processing XML in Database Systems. [Thesis, externally prepared,
Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:24 May 2023

https://dare.uva.nl/personal/pure/en/publications/processing-xml-in-database-systems(b9b3cbde-0768-4fce-96c8-a062fce2f711).html


Chapterr  4 

Queryingg XML Data 

Inn this chapter1, we discuss issues around opening up the contents of XML documents 
too users by means of query languages. We start out by looking at how XML documents 
cann be bulkloaded efficiently and show that we again can take advantage of the tree 
structuree of documents to gain speed. We then look at how relational query algebras 
cann be extended to support regular path expressions; a solution that makes full use 
off  Monet XML will be presented. Then, we study a new query operator, the meet, 
thatt allows users to query XML documents even if they are not familiar with the tag 
structuree in the database. Eventually, we discuss an extension to the relational algebra 
andd SQL language which is not only useful for querying XML but also in a broader 
context. . 

4.11 Bulkloading XML 

Thee popularity of XML as a exchange and storage format brings about large amounts 
off  documents to be stored, maintained and analysed - a challenge that traditionally has 
beenn tackled with Database Management Systems. To open up the content of XML 
documentss to analysis with declarative query languages, efficient bulk loading tech-
niquess are a prerequisite. Database technology has traditionally been offering support 
forr these tasks but yet falls short of providing efficient automation techniques for the 
challengess that large collections of XML data raise. In this section, we discuss bulk-
loadingg techniques for Monet XML as a storage back-end; since many applications 
relyy on relational databases, which are designed towards large data volumes, our results 
carryy over to a larger context. Furthermore, we also present a bulk deletion technique, 
putt it into an application context and look at a case study when to use edit-scripts to 
navigatee through and make changes to a document tree by chasing references and when 
too use bulk deletion, a technique we can expect to work better when we want to update 
largee data volumes. We then conclude this section with a performance study. 

4.1.11 Introductio n 

Still,, there is a lack of large scale native XML query engines that go beyond search 
enginee functionality so that the massive amounts of XML data produced by today's 
applicationss escape attempts of disclosure for analysis and maintenance. While it is 

ii  Parts of this chapter were published in [SWK99, WSK99, SKW01, SK02, WSv+02, WGLGS02] 
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certainlyy possible to convert XML data to other formats for which solutions exists, 
fromm a software engineering point of view it would be preferable to go for 'all XML' 
solutions.. A viable approach to achieving this goal is to adapt relational database tech-
nologyy to store and maintain XML documents as proposed in the previous chapter or, 
forr example, in [DFS99, FK99] and nicely demonstrated in [STH+99, KMOOb]. The 
advantagee of this approach is that the XML repository inherits all the power of mature 
relationall  technology like indexes, transaction management etc. As a first step towards 
thiss goal researchers and industry have been extending query languages like SQL with 
XMLL specific constructs [SKS+01] that make it possible to deploy XML-based data 
managementt in mission critical scenarios. However these solutions still assume a tra-
ditionall  data model and make it more difficult than necessary to use XML in all layers 
off  a software system. 

Traditionally,, database technology has been offering support for processing large 
amountss of data. Whereas there has already been considerable research into query 
languagess and logical data models for XML data - early references are [BDHS96, 
AQM+97]]  -, there have only been few proposals to meet the challenge of scaling 
XMLL databases up to production levels as achieved by relational engines and, thus, 
too gain acceptance among practitioners. Naturally, XML warehouses, /.<?., collections 
off  XML documents gathered from remote sources, inherit the power of relational ware-
housess [Rou97] but they also face the same challenges; for example, update and con-
sistencyy problems of materialised replicated and aggregated views over source data 
needd to solved. The first step of populating a warehouse based, for example, on Monet 
XMLL is to find a framework that builds on well-understood relational database tech-
nologyy and enables efficient management of large XML repositories. To get the most 
off  relational database systems, we should do away with pointer-chasing tree traversing 
operationss and replace them with set-oriented operations whenever possible 

Unfortunately,, many applications are designed to generate updates in the form 
off  edit scripts; detailed descriptions of these scripts are published in [CGM97] and 
[CRGMW96].. They have been long known in text databases and are similar in be-
haviourr to DOM traversals, of which they can be viewed an abstraction; edit scripts 
clearlyy disadvantage relational technology due to their excessive use of pointer-chasing 
algorithmss which generate more or less random seek operations on the database in-
stance.. We investigate the use of these scripts and propose alternative strategies for 
casess when they perform poorly. In the performance evaluation, we find that for our 
samplee queries the use of edit-scripts is only sensible if they update a rather small frac-
tionn of the database only; once a certain threshold is exceeded, the replacement of a 
completee database segment is preferable. We discuss this threshold and try to quantify 
thee trade-off for our example document database. 

4.1.22 Application Scenario 

Thee application scenario which motivates our research consists of a set of XML data 
sourcess that monitor multimedia data sources and analyse their content; they feed the 
protocolss of the analyses into a central data warehouse. The XML data sources are fea-
turee detectors as developed in the Digital Media Warehouse (DMW) project [WSv+02]; 
thee following subsection will give an overview of Feature Grammars, the declarative 
specificationn language used to define the behaviour of the feature detector. The ware-
housee now provides the following services to gather and maintain the output of the 
detectors: : 
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locall XML sources 

Figuree 4.1: Application Scenario 

<imagee key="18934" source="/cdrom/imagesl/23493.jpeg"> 
<date>> 99981853® </date> 
<colours> > 

<histogram>> 8.399 8.277 8.344 </histogram> 
<saturation>> 8.398 </saturation> 
<version>> 8.8 </version> 

</colours> > 
</image> > 

Figuree 4.2: Example document 

(1)) insertion of a document, i.e., a data source transmits a single protocol of an 
analysiss to the warehouse; 

(2)) insertion of sets of documents which are the result of bulk analyses executed by 
thee data sources; 

(3)) deletion of documents and sets of documents happens when a document has 
becomee invalid or stale, for example because duplicate analyses or erroneous 
insertion,, which happen frequently, need to be corrected; and finally, 

(4)) execution of edit scripts that are transmitted from the sources and either system-
aticallyy correct errors in already inserted documents or update a single document; 
forr example, a posteriori normalisation of feature values is required frequently. 

Whilee (1) can be reduced to (2) since both require the same database actions and 
hencee is not treated separately here, there is an obvious trade-off between a combination 
off  (2) and (3) and the use of edit-scripts (4): it is possible to update the warehouse with 
deletionss of parts of the stored document and re-insertions of an externally generated 
documentss which contain the updates. More precisely, the question we deal with in 
thiss section is: When is it cheaper to delete invalid data and re-insert a new consistent 
versionn than to use an edit script to 'patch' the warehouse? 

Figuree 4.2 shows an XML fragment which is taken from the application scenario 
describedd above; for orientation, Figure 4.3 displays the corresponding tree (arrows 
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key y 
ŝ ^ 18934 

image e »  /cdrom/images1/23493.jpe g 
source e 

datee colors 

9990105300 histogram saturation version 

II  I  I 
0.3999 0.227 0.344 0.390 0.8 

Figuree 4.3: Syntax tree 

againn indicate XML attribute relationships, straight lines XML element relationships). 
Thee semantics of the document are as follows: the image taken from the file located 
att /cdrom/imagesl/23493.jpeg is assigned a key and contains the date of analysis, in 
thiss case given according to UNIX system time in seconds since 1st January 1970 and 
informationn on the colour distribution in the image. Enclosed in <histogram>> tags is 
thee distribution of red, green and blue values; furthermore, the colour saturation and 
thee version of the detector are given. 

4.1.33 Excursion: Feature Grammars 

Thiss subsection serves as an aside to provide more context to the application scenario 
usedd throughout this section and the framework in which the research was carried out. 
Thee example in Figure 4.2 is a simplified version of documents produced and in use 
inn the Feature Detector Engine of the Acoi project [KNW98, SWK99], which is the 
subjectt of this overview. Detailed descriptions of various aspects of the system can be 
foundd in [WSv+02]. 

Acoii  is a framework that enables the declarative specification of multimedia search 
engines.. Features Grammars are the linguistic tool to define the behaviour and interplay 
off  the various system components, which are displayed in Figure 4.4. They are used 
throughoutt the three levels of the system: on the conceptual level they export a domain-
specificc description of the contents of the database. Users can consult it to find out 
whetherr the contents of the database match their interests and identify portions which 
theyy might want to query. The logical level consists of the definition of both how the 
systemm interacts with the user when he issues a query and how the system goes about 
buildingg the index, for example, by following links on a web page or working its way 
throughh a collection of images or MIDI files. The physical level, to which the contents 
off  this thesis apply as well, eventually contains a database instance of the descriptions 
generatedd by the specification on the logical level. 

Howw these descriptions are generated is outlined in the sequel. Figure 4.5 shows a 
Featuree Grammar (again simplified to suit our presentation) that describes images; the 
basicc idea is now to use the parse tree that is implicitly or explicitly constructed when 
aa Feature Grammar is evaluated against an image as a description of the document's 
contentt and to store it for later querying. The structure of a Feature Grammar resembles 
Yaccc [Joh78] grammars: a declaration section is followed by a rule section, where the 
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Figuree 4.4: Acoi system architecture 

right-handd sides of rules are allowed to use regular expressions; in this sense they are 
relatedd to Regular Right-Part Grammars [LaL77]. The grammar reads as follows: the 
symboll  from which parsing is started is called image. Five detectors are used in the 
grammar:: colours delivers colour information like the aforementioned histogram of 
thee Red, Green, Blue values in the image and the saturation. To execute the detector 
aa MATLA B [HL97] routine is called; more types of detectors like decision rules or a 
back-propagationn neural network are possible. In the case of the co lours detector 
onlyy analyses by version 0.8 or more recent versions of the detector are considered for 
queries;; older versions stored inside the database either require that a new analysis is 
initiatedd by the Feature Detector Scheduler or the item is not included in the set of 
possiblee answer candidates at query time. The remaining declarations read as follows: 
thee data type ur l is imported from the www package and the bitmap type from the 
imagee package. The terminal source is of type u r l , similarly sa turat ion and sk in 
aree of type float and bitmap, respectively. The unit which comprises the components 
describedd in this paragraph is called Feature Detector Engine (see Figure 4.4). 

Thee focal point of the concept of detector is that they are allowed to write to the 
inputt tape from which they read their input data as well as access during the parsing 
processs those parts of the parse tree that have already been constructed. In the example, 
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%star t t 

%detecto r r 
Xdetecto r r 
%detecto r r 
%detecto r r 
%detecto r r 

Aversio nn ®. 8 

%atom m 
%atom m 

%atomm ur l 
%atomm fi t 
%atomm bitma p 

imag ee : 
colour s s 
histogra mm : 
clas ss  : 
clas ss  : 

image ; ; 

matlab::colours(source) ; ; 
decrul::graphic(source) ; ; 

decrul::photo(source) ; ; 
skin(source) ; ; 
bpnn: ::  fac e (skin )  ; 

colours ; ; 

www::url ; ; 
image::bitmap ; ; 

source ; ; 
saturation ; ; 
skin ; ; 

sourc ee colour s class? ; 
histogra mm saturation ; 
fit* ; ; 
graphic ; ; 
phot oo (ski n face)? ; 

Figuree 4.5: A Feature Grammar corresponding to our example 

whenn the source symbol is encountered, raw bitmap data are downloaded from the 
givenn URI and written to the input tape where they are consumed by the colours 
detectorr and the detectors which classify the image into graphics, photos or portraits, 
whichh consist of skin and face. 

Iff  the required detectors are at hand, Feature Grammars allow a straightforward 
integrationn of all system components so that it is straightforward to construct a search 
enginee for a specific domain. The system components in Figure 4.4 that we have not 
mentionedd so far enable incremental maintenance of the warehouse (Feature Detector 
Scheduler)) and provide a query interface (Feature Query Engine). The physical level, 
denotedd meta-data, stores a representation of the parse trees persistently. Note that the 
extensibilityy of XML goes nicely together with the dynamic extensibility of Feature 
Grammars. . 

4.1.44 Populating the XML Warehouse 

Ass pointed out in Chapter 2, there are two standardised ways of accessing XML doc-
uments.. On the one hand, the low-level event-based API, called SAX [MegOl], where 
ann XML document is tokenised into start tags, end tags, character data etc. and user-
suppliedd functions are called on encountering each type of token. The advantage of 
thee SAX parsers is they only require minimal resources to work efficiently. On the 
otherr hand, the high-level DOM interface provides a standard interface to parse trees 
off  complete documents. In terms of resources, the memory consumption of DOM 
treess is much higher, linear in the size of the document with usually a rather large 
constantt for administrative data structures; thus, it may happen that large documents 
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11 <iraage key="18934" 
source="/cdrora/imagesl/23493.jpeg"> > 

22 <imagexdate > 
33 <imagexdate> "  99981853 8 " 
44 <ima g ex/da t  e > 
55 <imagexcolors > 
66 <imagexcolorsxhistograni > 
77 <imagexcolorsxhistogram>" 8.399 8.277 8.344 " 
88 <imagexcolors></histogram > 
99 <imagexcolorsxsaturation > 

100 <imagexcolorsxsaturation> "  8.39 8 " 
111 <imagexcolorsx/saturation > 
122 <imagexcolorsxversion > 
133 <imagexcolorsxversion> "  8. 8 " 
144 <imagexcolorsx/version > 
155 <imagex/colors > 
166 </intage > 

Figuree 4.6: Path sequences in the example document (tokens which only consist of 
whitespacee have been omitted) 

exceedd the size of available main memory. It is therefore desirable to use a parsing 
methodd that builds on SAX parsing to enable processing of documents whose size is 
greaterr than the available main memory. The bulk load method presented in this sec-
tionn has only slightly higher memory requirements than SAX - OQieight of document) 
vs.vs. constant memory - but still keeps track of all the contextual information it needs to 
constructt a Monet XML instance. This is achieved by materialising only those parts 
off  the parse tree which are relevant in the current context: using the definitions of 
thee last section, for a node with OID o only those nodes that lie on the path from 
thee root to o are kept in memory. Later we present an optimised bulk load method 
thatt is even faster however at the cost of slightly higher memory consumption, namely 
OinumberOinumber of paths in document). 

Sincee Monet XML stores complete paths, the bulk load routine has to track those 
paths.. This is done with a stack: whenever we encounter a start tag we push the tag 
namee on the stack and generate insertion code for die tag, its rank, and the association 
listt of attributes. If the stack contains just one element we have just encountered the 
documentt root. When we encounter an end tag we simply pop the stack. We need not 
checkk for die well-formedness constraint mat die end tag encountered carries the same 
tagg mat is the top element of the stack since the XML parser itself is supposed to reject 
suchh a document before notifying die user of die tag. For presentation purposes we 
don'tt use die callback mechanism that most SAX parsers use as an interface since con-
troll  flow is dien hidden inside a diird-party piece of software. Rather, we use the more 
traditionall  token-based view, which is known from software tools like Lex [LMB92] 
andd Yacc [Joh78]]  where a lexical analyser chops me input stream up into tokens which 
aree men consumed by a parser. 

AA simplified insertion algoridim in displayed in Figure 4.8; note that quite a few 
detailss are missing such as treatment of entities, namespaces, attributes, processing 
instructionss etc. to simplify the presentation. The remaining code simply generates 
OIDss for every tag whenever a tag which is not an end tag is encountered; to remem-
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R44 - * 

R55 - « • • - • PCDATA . histogram 
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R8 8 
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saturation n 

PCDATA A 
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R10 0 

r r 
R11 1 

version n 

•''' I 

PCDATA A 

f f 
R12 2 

R1:: /image R3: /image[source] R5: /image/date/PCDATA 
R2:: /imagefkey] R4: /image/date 

Figuree 4.7: Schema tree of example document 

berr parent-child relationships these OIDs are also stored on the stack. This way, we 
aree able to record all path instances in the documents without having to maintain a 
syntaxx tree in main memory - an advantage that lets us process very large amounts of 
documentss in relatively littl e main memory. Run against the example document, the 
insertionn algorithm produces the following sequence of insert statements; insert(R, t) is 
thee function that adds a tuple to a database instance; R is a reference to a relation and t 
iss a tuple of the appropriate type: 

1.. insert(sys, {o\, image)) 

2.2. insert(R(image[key]\{ou"18934")) 

3.. insert(R(image[source]), (o\, "/cdrom/imagesl/23493.jpeg")) 

4.. insert(R{image I date), (01,02)) 

5.. insert(R(image/date/pcdata),{o2,"999010530")) 

6.. ... 

Notee that this sequence of insert statements requires us to hash the complete path 
too a relation name for every statement. By exploiting the hierarchical structure of the 
schemaa tree we can do much better by organising the path summary as a schema tree 
insteadd of using a simple stack. This way we can map paths to relations much more 
efficiently.. Each node in the schema tree represents a database relation and contains 
aa tag name and reference to the relation. The schema tree of the example document 
iss displayed in Figure 4.7. Recall that Figure 4.6 shows the path sequences generated 
byy combining the SAX events of the parser and a stack. We now can do away with 
muchh of the hashing by storing the part of the hierarchical context, which is invariant 
forr every path, in the schema tree: when we encounter a start tag, we look at the sons 
off  the current context. There are now cases: (1) we find a son that represents the tag, 
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typee stackuelement = 
oidoid::  oid; 
tagtag : string; 

end d 

functionn relation(stadfc s): Relation 
returnn relation representing concatenation of all tags on stack 

end d 

functionn bulkload(sfac£ st int r ): void 
lett  t = readJokenQ 
switchh type{t) 

casee start Joken: 
iff  stack-depth = 1 then 

registerregister Jt?0f(f) 
pushpush (s, stackjelement{newjoid, t.tag)) 

end d 
else e 

pushpush (s, stackjelement(newuoid, t.tag)) 
insertinsert (relation(s), second(s).oid,first(s).oid) 

end d 
end d 
casee end Joken: 

poppop (s) 
end d 
casee characterjdata : 

pws/ii  (s, stackjelement{new-oid, cdata)) 
insertinsert (relation(s\ second(s).oidtfirst(s).oid) 
insertinsert (relation(s),first(s).oid, text(t)) 
poppop (s) 

end d 
end d 

end d 

Figuree 4.8: Simplified bulkload algorithm 
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or,, (2) there is no son that represents the tag. In the first case, we simply push the son 
onn the stack, thus making it the current context, and store the OIDs in the relation that 
iss associated with the son. If we don't find a child node that represents the tag, then the 
pathh does not yett exist in the database. In this case, we create a node and the respective 
relationn and continue processing with the newly created node as in (1). If we encounter 
ann end tag we 'pop' the stack twice, i.e., pop both the start and corresponding end 
tag.. The performance analysis at the end of this paper quantifies the improvement this 
simplee trick brings about. 

Wee note that we can easily extend the bulkload procedure to record extents of ele-
mentss as introduced by [ZND+01], Le., the textual position of a start tag and its corre-
spondingg end tag. This is done most easily by storing the end positions in a separate 
relation;; less space consuming would be to insert the start tags when their correspond-
ingg end tag is reached and to keep the necessary information on the stack. We can also 
usee the extent mechanism to implement a multi-attribute schema for documents which 
comee along with a DTD by reserving slots for every 1 : 1 parent-child relationship 
specifiedd in the DTD and flushing tuples once the end of their extent is reached. This 
ideaa combines the algorithms presented in [STH+99] and the notion of path summaries, 
whichh are not present in that work. 

4.1.55 Maintainin g the Database 

Oncee data reside in a database, maintenance of these data becomes an important issue. 
Inn our scenario, we distinguish between two different maintenance tasks: First, the 
updatee of existing data via edit-scnpts for propagating changes of source data to the 
warehouse,, and, second, the deletion and insertion of complete versions of documents 
whichh may have become stale or need to be added to the warehouse. 

Thee concept of edit scripts to update hierarchically structured data is both intuitive 
andd easy to implement on modem database systems; it is defined in [CRGMW96, 
CGM97];; the scripts comprise four basic operations which in practise are combined 
withh expressions in XML query languages such as XPath or XQuery to navigate to the 
nodess that are to be updated: 

1.. insert(n, ƒ, k) add a leaf n as ktii son to node ƒ, 

2.2. deletein) remove a leaf n, 

3.. update{n, v) change a value of node n to v, 

4.. move(n, m, k) a node n into the position of the kth son of m. 

Wee also view these operations as representatives for traversals that are defined in 
thee DOM standard [W3C98a]. Note that [CRGMW96] do not assume the presence of 
objectt identifiers; in our case, these identifiers are provided by either the database or 
thee source data (or both) so that we can make use of this feature at no cost. Following 
ourr example, an edit script could insert additional subtrees that describe textures in the 
imagess or delete items that appear twice in the database. Typically, an edit script first 
pinss the location of nodes to be changed; this is done by navigating through the syntax 
treee as object identifiers in the database are often not accessible to other applications. 
Oncee the location is found, the script then applies update, delete, and insert opera-
tions.. Conceptually, an edit script may do two kinds of changes: systematic and local 
changes.. Systematic changes may become necessary if a faulty application produced 
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razorr  (OID wots) 
oi,...,ooi,...,onn:=:=  offspring-relations(rvots) 
foreachh o € {o\y...,o„}  do 

iff  {offspringip)  0) do 
razor(o) ) 

end d 
end d 
delete(oi,...,, on, roots) 

end d 

Figuree 4.9: Bulk deletion algorithm 

dataa with errors that are spread over the whole database; in this case, the edit script 
traversess large parts of die syntax graph and applies changes. In die relational context 
off  our work, this may be an expensive restructuring process. On the other hand, if 
changess are only local, the script just visits a small number of nodes and patches them. 
Thiss should not be a resource-intensive problem, neidier in relational, object nor native 
systems. . 

Sincee tiiis is not the place to discuss edit scripts in depth, we hence refer the reader 
too die above citations. However, we demonstrate tfieir use widi an example similar 
too that used in die performance discussion. Consider again Figure 4.2. A systematic 
changee would, for example, require us to change all dates from Unix system time, 
i.e.,i.e., seconds since January 1 1970, to a more human readable format. The way we go 
aboutt creating die appropriate edit script is die following: We look up all associations 
whichh assign a value to an attribute date. Then, for all diese nodes, we calculate die new 
datee and replace die old one. Techniques for constructing automata that do me traversal 
cann be found, e.g., in [NS99]. Once such an automaton finds a node n mat needs to be 
updated,, it executes an update(n, new date format) statement. On die physical data 
modell  Monet XML dus is translated into a command tiiat replaces die value of die 
respectivee association. 

Thee point that is important for us is that edit scripts traverse parts of the XML 
syntaxx graph and manipulate individual nodes. This is in stark contrast to the second 
methodd mentioned above, bulk deletion and re-insertion, where we delete a complete 
segmentt of die database and re-insert a corrected version. In die example scenario, tiiis 
meanss tiiat an individual detector re-sends die corrected version of a previously sub-
mittedd analysis instead of a patching edit script. Generally, die underlying assumption 
iss tiiat die aforementioned data sources provide die capability of sending bom die edit-
scriptt and a complete updated document; however, tiiis assumption holds for many 
practicall  applications as well as for our example: a detector may either send an edit 
scriptt or re-transmit a corrected version of the complete document. Additionally, all 
dataa items have a unique identifier which tiien can be used as an orientation to replace 
diee automaton tiiat guides die edit script by algebraic joins which were been shown to 
havee a more efficient execution model [SKWWOOa]. 

Thee algebraic algoridim that deletes a complete database segment witii root r is 
displayedd in Figure 4.9. Note mat this algorithm is efficient because it visits every node 
oncee in a breadm-first search like manner, imitating a single scan over me relevant 
partss of the document (for simplicity, we left out die deletion of rank information). The 
complementaryy question, how to translate an edit script into algebraic insert and delete 
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Figuree 4.10: (incremental) Bulkload performance 

operations,, is rather straightforward: the trick is to dump those parts of the database 
thatt are to be inserted or updated into relations and then add those to the database. 

Still,, we need to discuss when it is advantageous to use bulk deletion combined 
withh re-insertion and when to use edit scripts. The next section looks quantitatively at 
whenn to go for what. 

4.1.66 Quantitative Analysis 

Thiss section presents performance impressions of a data warehouse containing actual 
featuress more elaborate but similar to the ones used in the example. We assume that the 
dataa warehouse uses Monet XML as the physical storage model; thus, our results may 
needd slight modifications if applied to systems that use other data models. However, 
wee believe that relational database management systems should behave in a similar 
mannerr as our implementation on top of the relational Monet database kernel [BK99]. 

Figuree 4.10 displays the relationship between database size and insertion speed. 
Thee figure contrasts the naive approach with the optimisation using the schema tree. 
Ass one might expect the insertion into an empty database is faster than into an already 
denselyy populated one if no intelligent caching is used. As the database gets larger, 
insertionn speed converges to a ratio of about 390 KB/sec, where the constraining cost 
factorr is indeed excessive string hashing. If schema trees are used, bulk load speed 
moree that triples, showing the potential of this technique. Note that neither bulk load 
methodd blocks the database; both operate interactively and do not interfere with the 
transactionn system. In terms of overall performance, it is interesting to remember that 
pathh caching makes insertion performance independent of the depth of the tree whereas 
inn the case of the naive approach performance degrades the deeper the tree is. Addi-
tionallyy it is worth noting that only a small portion of the overall insertion time is spent 
onn actually parsing the document, namely 3%; the remaining time consists of database 
internall  operations only. 

Bulkk deletion is assessed in Figure 4.11. The algorithm presented in Section 4.1.5 
iss run against the database created during the previous experiment. For each run, seg-
mentss of around 55 MB are deleted. Note that the insertion performance in Figure 4.10 
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includess converting the textual representation of a document to executable database 
statementss and, thus, random memory accesses (which can be alleviated with schema 
tree-basee path caching), whereas deletion can be done as sequential scans. 

Eventually,, with respect to when to choose which technique, the two Unes in Fig-
uree 4.12 show that once more than approximately 220 entries are changed by the edit 
script,, one should consider reverting to bulk operations for performance reasons. The 
diresholdd of 220 entries is surprisingly low; however, one should keep in mind that rela-
tionall  databases are not optimised for pointer-chasing operations. We also remark that 
thee threshold also depends on the characteristics of the XML document, especially on 
thee ratio between text and markup. Nevertheless, it does not vary greatly for different 
typess of documents. 

4.22 A Query Algebra 

Inn this section, we discuss how documents stored in Monet XML can be queried with 
thee relational algebra such as discussed in [AHV95] and put in the Monet context in 
[BK99].. While basic queries can be expressed by assigning the usual SQL bag seman-
ticss to the association tables that were generated by the Monet XML bulkload procedure 
describedd in the previous section, probably the most salient feature of XML query lan-
guages,, regular path expressions, is not expressible this way. To overcome this lack of 
expressivenesss we present a preprocessing technique which translates regular path ex-
pressionss into the plain relation algebra given the path summary of a database instance 
andd thus makes it possible to use existing query optimisers and execution engines on 
XMLL queries without extensions. By building on the relational algebra, we primarily 
aimm at bulk retrieval but other types of queries are supported as well. Another de-
signn advantage is that we inherit the simplicity and minimality of the relational algebra 
alongg with its rule set for query transformation. 
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Figuree 4.11: Bulk deletion 
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Figuree 4.12: Edit scripts versus bulk deletion and insertion 

4.2.11 Features of XML Query Languages 

Althoughh this thesis is not the place to discuss in detail the requirements and features 
off  XML query languages, it is still useful to look at what makes them different from 
SQLL [Ame86], which is the standard interface to query processors based on the re-
lationall  algebra. Then we analyse the requirements to identify how the algebra we 
presentt can be extended to act as a fully functional query language. 

[CFMROla]]  define some general requirements of XML query languages. These 
requirementss reflect the tendency to extend the role of query languages beyond what 
theyy have been in past settings. For example, relational databases are queried through 
SQLL or Query By Example (QBE) interfaces, both of which are made for human users. 
Thee role of XML as a machine readable data interchange format also necessitates a 
machine-readablee version of the query language. Therefore, it makes sense to define 
moree than one syntax for the logical query model to support both machine-read and 
human-readablee formats. Furthermore, to deserve the designation query language an 
XMLL query language has to be declarative; this means that it should describe queries 
onn the logical level rather than by algebraically enforcing a particular strategy of eval-
uatingg the query. 

Onn the technical level, a query language should be independent of protocols so that 
queriess do not depend on the physical infrastructure of the World Wide Web or the 
databasee server. Since so much effort has been made to provide and standardise lowest 
commonn denominators like URIs, on which XML and its infrastructure depend, it is 
nott desirable for the query language to depend on more than these lowest common 
denominators. . 

Sincee one important use of query languages is the role of embedded languages in 
programm code, an XML query language should provide a set of standard error condi-
tionss like exceptions to signal to the host application that expressions cannot be pro-
cessed.. This could be due to syntactical or logical errors in the expression or the un-
availabilityy or failure of external resources such as network or external functions. 

Additionally,, an XML query language should be extensible in the sense that it is 
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Figuree 4.13: Data Flow 

openn for additional functionality that goes beyond querying. Updates and transactions 
aree critical for many applications but still not part of any standard. Since some XML 
dataa models can define infinite document instances, fixed point computations are useful 
forr these cases; however a query language is only required to be defined for finite 
instances. . 

Althoughh XQuery seems to be the current frame of reference in XML querying, a 
numberr of alternative approaches are available and may catch on in the future. There-
fore,, we do not pretend to present an algebra that is capable of serving as a basis for 
ann implementation of XQuery. Rather we try to focus on the features that separate 
XMLL query languages from relational query languages and show how to implement 
thee former with a basic relational algebra and the additional information provided by 
thee Monet XML mapping. This means that the algebra which we present in the next 
subsectionn has two important properties: First, it is closed under composition, i.e., the 
resultt of a sub-query can be bound to a variable in the enclosing query. Second, it is 
set-oriented,, i.e., it aims at processing of large data volumes. 

4.2.22 Overview of the Algebra 

Thiss subsection gives an overview of the query algebra mainly by explaining its syn-
tax.. Figure 4.14 gives a listing of the grammar productions. The algebra is a simple 
extensionn of basic relational algebras [AHV95] with function application, intersection 
andd path expressions. 

Thee semantics of most of the operations are standard and straightforward. Like 
manyy algebras in the database world, the functions are either singleton or binary. The 
selectionn operator <r p(R) filters out those tuples in a relation R for which the predicate 
pp does not hold. The projection operator 7ZA(R) only keeps the attributes contained in 
thee set A from the tuples in the relation R. The binary operators U, n and xp are the 
well-knownn union, intersection and equi-join operators, where p again is a predicate; 
mapp ƒ (/?) applies the side-effect free function ƒ to all tuples in R. It will mainly be used 
too convert tuples to XML notation and to cast the type of attributes. The salient feature 
off  the algebra is the production pathexpr, which can be interpreted as follows: while 
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exprexpr -» 

1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 

lexprlexpr —* 
stepstep —* 
attrattr —> 

(expr) (expr) 
pathexprpathexpr (expr) 
o~o~pp(expr) (expr) 
7T7TAA(expr) (expr) 
exprexprUU expr 
exprexpr fi expr 
exprexpr xp expr 
nmpf(expr) nmpf(expr) 

step?step? tag? (step tag) * attr? 

I\II I\II 
[tag] [tag] 

Figuree 4.14: Operators of the algebra 

thee other operators work in the document tree in a horizontal manner, path expressions 
helpp to query the tree vertically, i.e., along the tag hierarchies. Note that the set of 
operationss we presented is not minimal. This means that it is possible to express certain 
operatorss by combinations of other operators. Also note that the algebra does not allow 
expressionss to be substituted by database relations; this is done automatically by the 
queryy compiler. The only way to navigate through the hierarchies of documents is by 
meanss of path expressions. 

Examplee 10. Consider the example document of the previous section in Figure 4.2, 
whosee schema tree is displayed in Figure 4.7. Suppose we want to extract all his-
togramss and the key of the corresponding image. The following expression could be 
usedd to do just that: 

image([key]image([key] ><hd=hd (colour/histogram/cdata[string])) 

Thiss translates to the plain algebra in a straightforward manner: 

Rll  i^ww (R2 xhd=hd (R6 tx[l=hd  R7 xtl=kd R8)) 

Thee structure of the plain algebra expression resembles that of the original query. 
Forr orientation, note the following way of reading the original query: In the database, 
navigatenavigate to all nodes which carry an image tag. There join the key attribute with the 
stringstring found at the end of the paths along the tags colour and histogram. We only need 
twoo different kinds of join attributes in the query. If we follow a hierarchical path, we 
joinn parent-child relations on the OIDs that refer to each other, this is denoted by <xti=hd 
followingg Monet speak. If we want to combine objects with a common ancestor we 
usee the (semi-)join ><hd=hd< 

Wee now turn our attention to regular path expressions and how they can be replaced 
withh operators from the plain relational algebra. 

4.22 J Compilation of Regular  Path Expressions 

Whilee Regular Path Expressions (RPEs) are one of the most powerful features of XML 
queryy languages, there is still research going on how to evaluate them efficiently in 
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generall  settings. We now present a two-step evaluation scheme that (1) enables efficient 
executionn of a restricted class of RPEs in the relational algebra and (2) opens up this 
classs of RPEs to query optimisation. 

Oncee a query front-end produces an algebraised version of the input query, query 
executionn consists of the steps outlined in Figure 4.15: during preprocessing all wild-
cardss in regular path expressions are eliminated and replaced with join and union opera-
tions;; the query can then be handed on to a conventional query optimiser and execution 
engine.. In the preprocessing step, we eliminate wildcards in regular path expressions 
byy keeping track of the current context of a query node and replacing a wildcard with 
thee paths that match the wildcard in the current context. The following algorithm elim-
inatess all wildcards in path expressions from the input tree. 

Examplee 11. This example query is an extension of the previous one. Now we are not 
onlyy interested in the colour histogram but also in all string data below the colour node: 

image{[key]image{[key] xhd=hd (colour//cdata[string])) 

Usingg the algorithm in Figure 4.16 this translates to: 

Rll  ><ti=hd  (R2 ><hd=hd (R6 x„ =hd R7 x,l=hd R8 
UU R6 xll=hd R9 xr i=M RIO 
UU R6 xtl=hd Ri l <* tl=hd R12)) 

Inn this example, the regular path expression colour//cdata\string\ extends to the 
threee paths 

1.. colour/histogram/cdata[string], 

2.2. colour/saturation/cdata[string], and 

3.. colour/version/cdata[string]. 

Notee that once a path expression evaluates to more than one path, all its child path 
expressionss possibly also evaluate to more than one path. 

Duringg the translation, new union statements are only introduced if not all paths 
aree fully specified or otherwise non-unique. After the elimination of path expressions, 
thee query is optimised for efficient execution. Since our algebra is essentially a rela-
tionall  algebra extended with path expressions, relational optimisation techniques can 
bee applied. Note also that the presence of path expressions makes query optimisation 
feasiblee for a larger class of queries than a plain translation of path expressions into 

algebrisedd query preprocessing optimisation 

* -- execution /Ov v £A £A — ^ --

Figuree 4.15: Phases of query compilation 
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proceduree eliminate (context c, expr e): expr 
iff  e is pathexpr then 

replacereplace e with union of all matching relations according to c 
thethe new context c is concatenation ofc and e 

end d 
else e 

thethe new context c is concatenation ofc and e 
end d 
V'childd e f of e : eliminate ct e> 

end d 

Figuree 4.16: Algorithm to eliminate regular path expressions schematically 
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Figuree 4.17: Data flow in XQuery (adapted from [CFR+01]) 

joins,, which would be functionally equivalent. This is because large numbers of joins 
tendd to enlarge the number of optimisation and reordering opportunities beyond what 
currentt optimisers are capable of handling. 

Figuree 4.17 shows the data flow in an XQuery processor as anticipated by the de-
signerss of the language. In such an engine, path expression come in two flavours: just 
ass we found it useful to introduce strong and weak associations, we also distinguish 
betweenn strong and weak path expressions. Whereas strong path expressions are eval-
uatedd with join semantics, weak path expressions bear outer join semantics. For the 
purposee of this algebra, path expressions in the first phase of query execution are all 
strong,, whereas those in the second part are all weak. Note that this restriction does 
nott reduce the expressiveness of the algebra. 
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4.33 The Meet Operator 
Thee preceding section presented queries in algebraic form; in general, formulating such 
queriess requires a fair amount of familiarity with the underlying database structure. 
However,, due to the ubiquity and popularity of XML, users often are in the following 
situation:: they want to query XML documents which contain potentially interesting 
informationn but they are unaware of the markup structure that is used. For example, it 
iss easy to guess the contents of an XML bibliography file whereas the markup depends 
onn the methodological, cultural and personal background of the author(s). Nonetheless, 
itt is this hierarchical structure that forms the basis of XML query languages. 

Inn this section, we equip users with a powerful tool, the meet operator, which ex-
ploitss the tree structure of XML documents and lets them query databases with whose 
contentt they are familiar, but without requiring knowledge of tags and hierarchies. The 
approachh is based on computing the lowest common ancestor of nodes in the XML 
syntaxx tree: e.g., given two strings, we are looking for nodes whose offspring contains 
thesee two strings. The novelty of this approach is that the result type is unknown at 
queryy formulation time and dependent on the database instance. If the two strings are 
ann author's name and a year, mainly publications of the author in this year are returned. 
Iff  the two strings are numbers the result mostly consists of publications that have the 
numberss as year or page numbers. Because the result type of a query is not specified by 
thee user we refer to the lowest common ancestor as nearest concept. For illustration we 
alsoo present a running example taken from the bibliography domain, and demonstrate 
thatt the operator can be implemented efficiently. 

4.3.11 Introductio n 

Ass laid out in the Introduction to this thesis, XML takes the idea of markup further than 
HTML:: it is not used for visual representation of data, but for encoding semantics in 
documentss which makes not only a document's content particles but also the tags and 
thee hierarchies they form an interesting target for query languages. In contrast to other 
hierarchicall  data models (see [AHV95]) like the complex data models or the object-
orientedd models, XML is an incarnation of the semistructured paradigm, which means 
thatt the database schema that results from the mapping of a document to a database 
instancee tends to be large and irregular. It may not be immediately clear which parts 
off  the database obey which part of the schema. All this hinders ad hoc users and non 
domainn experts in posing meaningful queries, as state-of-the-art query languages likely 
doo not fully capture the loose schema of many XML data and require the specification 
off  schema templates. 

Basicallyy all XML query languages and especially those that we introduced in this 
thesiss support some flavour of schema wildcards and, thus, relieve the user of the bur-
denn of having to specify the complete paths to the data. Good and early examples for 
thiss strategy are XML-QL [DFF+98], XQL [RLS98] and Quilt [CRFOOa]. The com-
monestt way to accomplish this is to allow the specification of sets of paths with path 
expressionss that are evaluated against the actual database. However there are cases 
whenn path expressions do not provide the power necessary to retrieve the intended re-
sults.. Consider the following situation taken from the area of bibliographic databases: 
AA user wants to know what 'Ben Bit' edited or published in '1999', i.e., find the rel-
evantt publication record(s) in an XML bibliography, but hasn't got any knowledge of 
thee schema of the XML file sketched in Figure 4.18. Therefore the user may try the 
followingg query: 



72 2 Queryingg XML Data 

bibliography,, o , 

I I 
institute,, o2 

author,, o4 title,, Og 

key y 
article,, ol3 a- "BK99" 

year,, o,, author, ou year, o,6 title, o r 8 

cdata,, o,c 

cdata,, o6 cdata, o8 I string 

II string I string "How to Hack" "1999" "Bob Byte' 

"Ben"" "Bit" 

cdata,, o12 cdata, o , 5 

stringg I string 

cdata,, o17 cdata, o1g 

II string I string 

"1999"" "Hacking & RSI" 

Figuree 4.18: Syntax tree of example document 

FORR $ t  I N documentC'database.xml" ) 
WHEREE $ t  CONTAINS 'Bit ' 
ANDD $ t  CONTAINS '1999 ' 
RETURNN <result > 

$t t 
</result > > 

Thee query binds $t to all nodes in the syntax tree in Figure 4.18 and filters those 
nodess whose offspring contains as character data the string 'Bit' and '1999'. Evaluated 
againstt the example document shown in Figure 4.18 the answer looks like (the OIDS 
off  the nodes in the database that correspond to the result record are given in brackets): 

<answer > > 
<result > > 

<articl ee key='BB99' > 
</result > > 
<result > > 

<institute >> . . 
</result > > 
<result > > 

<bibliography > > 
</result > > 
<result > > 

<bibliography > > 
</result > > 

</answer > > 

.<art ic le> > 

</ inst i tute> > 

</bibliography> > 

</bibliography> > 

(03) ) 

(02) ) 

(01) ) 

(01) ) 

Althoughh the answer contains the desired result, it suffers from a serious drawback: 
wee are only interested in a subset of the answers the database generates. Some not so 
interestingg answer elements are implied by the path from the first node that is bound 
too $f, to the root node: they are ancestor nodes of this first node (e.g., the i ns t i t u te 
andd the first bibliography elements in the answer set are implied by the a r t i c le 
element).. Even worse, in larger databases the computation might cause a combinatorial 
explosionn of the result size. 
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Onee solution to the problem is to refine the query. In general, this involves a fair 
amountt of domain knowledge that cannot be expected of ad hoc users. Thus it would be 
desirablee to give users the opportunity to query the database without requiring domain 
knowledge.. To achieve this we define a special operator, the meet operator, which 
givess the user more control over the results generated by such queries. For two nodes 
inn the syntax tree 0\ and 02 the meet operator meet(p\,02) simply returns the lowest 
commonn ancestor of nodes o\ and 02, which we call the nearest concept of o\ and 02 
too indicate that the type, i.e., element name or tag, of the result is not specified by the 
userr but data-dependent on the stored document trees. Informally, this node implies all 
otherr possible answers. By suitably extending this operator to work on sets of nodes 
andd adding it as a declarative construct to our query language we give the user an 
opportunityy for explorative querying even if he or she has only littl e or no knowledge 
off  the database schema and content As [Abi97, GM99] point out, there is always the 
notionn of a schema in semi-structured or XML databases, but it may be large, unknown 
orr implicit and thereforee opaque to the user. 

Whilee the semantics of the operator for two objects are intuitive, it is less clear 
whatt happens when there are more than two nodes. This is the case if it is applied to 
thee result of a full-text search. If we apply the original motivation to such an input we 
wil ll  end up with a combinatorial explosion of the result size. Therefore we will also 
presentt a generalisation of thee operator thatt is tailored towards large amounts of nodes: 
itit  delivers both intuitive results and has an efficient execution model. 

Thee rest of this section is structured as follows: in 4.3.2 we formalise the notion of 
meett for various inputs and also present algorithms. Subsection 4.3.3 expands on these 
ideas.. Then we assess the performance of the algorithms presented and conclude with 
somee general remarks. 

4.3.22 Nearest Concept Search 
Wee now formalise the semantics of the meet operator in terms of thee data model of the 
previouss section. We start from the simple case of finding the meet, denoted meetp, of 
aa pair of nodes to the more sophisticated case of applying the meet to a set of objects 
suchh as the results of a full-text search. 

Thee Meet-Operator 

Too simplify the discussion, we abstract from the example query given in the introduc-
tionn for the time being and limit ourselves to the basic question: Given two nodes o\ 
andd 02 in the syntax tree, how can we calculate meetp(o\t02). Later, we come back to 
thee initial question and extend on it. 

Wee now formalise and generalise the ideas sketched in the introductory example. 
First,, we borrow some notation to denote offspring relationships in the schema and in 
thee database instance. 

Definitionn 12. We denote the fist of object identifiers encountered on the path from the 
documentt root to a node o in the syntax tree with context(o). 

Forr example, in Figure 4.18 context^) = [01,02,03,04]. Additionally, we can now 
definee the relationship < between contexts. 

Definitionn 13. We now write context{o\) < context^) if context(o2) is a prefix of 
context{o\)context{o\) (including the equality of context(o\) and context^)). Analogously, we 
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writepath(o\)) < path{o2) if path(o2) is a prefix of path(o\) (again including the equal-
ityy of pathipi) and path(o2)), where path is defined as in Chapter 3. 

Thee basic difference between contextip) and path(o) is that the latter only provides 
schemaa information (the tag sequences) whereas the former includes parts of the actual 
databasee instance; another dissimilarity is that in a given association <o, , pathip) 
comess for free by looking at the name of the relation; on the other hand, deriving 
contextip)contextip) in general requires joins to be computed. We now use context to interrelate 
anyy two objects in a document tree: 

Definitionn 14. Let o\, o2 and 03 be objects in an XML syntax tree. Then o3 = 

meetp{o\meetp{o\,, o2) iff 

1.. context{o\) < context^), 

2.. context{o{} < contextip^) and 
3.. $o4 : contextip^) < context(oj) A context{o{) < context^) A context(o2) < 

contextip^). contextip^). 

Notee that meetp does not depend on the order of its arguments. Eventually, we 
identifyy the following semantics with the meetp: The nearest concept of objects o\ and 
0202 ispath(meetp(o\, 02)). 

Examplee 15. We now have a look at some examples to demonstrate how to use and 
interprett the meet operator. 

1.. Suppose we do a full-text search for "Ben" and "Bit" on the example document. 
Thee resulting associations are a\ = j4<c»6,"Ben") and a2 = 5(o8,"Bit") (we 
abbreviatee the relation names with A and B; the full names are easily recovered 
byy looking them up in Figure 4.18). After calculating meetp(au a2) - 04 we find 
thatt the two associations constitute an author's name. 

2.. Furthermore, a full-text search for "Bob" and "Byte" returns the associations 
a\a\ = A(oi5, "Bob Byte") and a2 = A(o\5, "Bob Byte"). In this case, we find that 
triviallyy meetp(a\,a2) = 015, which is the very character node that the full-text 
searchh returned. Fortunately, the hierarchical information included in the Monet 
XMLL model immediately exhibits that the character data node is a son of an 
authorr node. 

3.. When searching for "Bit" and "1999" the full-text search returns the associations 
a\a\ = A(o8, "Bit") , a2 = B{ox2y "1999") and a3 = B(ÖI7, "1999"). Similarly, 
meetp(ameetp(aititaa22)) = 03 reveals that Mr "Bit" published an article in "1999"; however, 
meet(a\meet(a\,, meet{a2,03)) = o2 only reveals that the three associations are located in 
thee bibliography of an institute. We therefore will discuss variants of the meet 
operatorr to produce more intuitive results and filter out trivial or counter-intuitive 
ones. . 

Wee now consider a variety of interpretations that can be applied to query results ob-
tainedd with the meet operator in general. These possible views make the meet a useful 
constructt in many different application domains. The following enumeration deals with 
twoo argument objects only, but the reasoning extends to a larger set of objects as well. 
Notee that we assume o = meetp{o\, 02)» i-e., that o is the result of a query meetp{o\,o2) 
andd therefore that contextip) is a prefix of both context(ox) and context^): 
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functionmeetpp (oido\,oid o-i): oid 
iff  o\ = #2 then return o\ 
else e 

case e 
path(o\)path(o\) <path(p2)  return meetP(parent(oi),02) 
path(o2)path(o2) <path(o\) : return meetp(oi,parent^)) 
default::  return meetp(parent(oi),parent(o2)) 

end d 
end d 

end d 

Figuree 4.19: Function meetp for a pair of OIDs 

1.. context(meetp(o\, 02)) is the longest common prefix of the two contexts of o\ and 
02,02, context(o\) and context^). 

2.2. context(o\) - contextip) and context^) - context(p) describe the context of o\ 
andd G»2 with respect to o. Depending on the overall schema, this may describe 
aa part of or is a relationship or a sequence thereof. (For two paths p\ and p2, pi 
prefixx of P2, P2 - Pi denotes the elements of p2 that are not included in p\.) 

3.. context(pi) - contextip) as well as context^) - context(o) describe the different 
contextss we see while traversing from o\ to 02 or vice versa. Trivially, this is also 
thee shortest path from o\ to 02. 

4.. We can also interpret the path(meet(0\,O2)) as the smallest enclosing context of 
thee input objects. 

5.. Finally, meetp(o\, 02) is the first node on context (pi) and context^) that contains 
bothh o\ and 02, i.e., the nearest concept of both nodes. 

Computation n 

Inn this section we present the basic algorithms to compute meetp and two useful gen-
eralisations.. Note that all algorithms in this section take advantage of the physical 
propertiess of our data model Monet XML. The prefix order among the paths is used 
too steer the search for the lowest common ancestor so that superfluous look-ups are 
avoided. . 

Thee algorithm displayed in Figure 4.19 computes meetpipuoi) for two objects and 
wil ll  be used as a building block for more general cases. The function parentip) returns 
thee parent association of the node or association o, basically a hash look-up. A remark 
onn the case clause: we avoid unnecessary look-ups by comparing patHp\) and pathipi) 
too find the meet of these two objects as fast as possible and to steer the search direction 
off  the algorithm. As pointed out in Chapters 3 and 4 this information is provided with 
onlyy littl e additional cost at bulk load time. 

Thee previous algorithm operated on two object identifiers. The next step we take 
iss to generalise meetp to work with sets of OIDs 0\ and O2 where all associations 
inn Oj are of the same type, i.e., there is a path p in the path summary that Vo e 
O;O; : path{p) = p. With this set-up, we may generalise the previous algorithm to 
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proceduree meet5 (OID 0\,OID 02) : OID 
forr  i = 1 to 2 

r:={o\r:={o\  Aj=K.. n̂>2 0i(o,Oj)) 
addd to result r 
0,, := 0, - r 

end d 
iff  Oi = 0 or  02 = 0 then return 
// := 0\ n 02 
iff  / £ 0 then add to result / 
0 i : = 0,, - / 
022 := 02 - / 
case e 

path(Oi)path(Oi) < path(02): add to result meets (parenf(0i), O2) 
path(0path(022)) < path(0\): add to result meets(0i,parent(Ot)) 
default::  add to result meetsiparent(0\),parewr(02)) 

end d 
end d 

Figuree 4.20: Procedure meets for two sets of OIDs 

whatt is displayed in Figure 4.20. This time, the function parent(Ou02) is a short-
cutcut for join(0\y 02% a binary join on associations A\(01,02) and A2(o2,o^) so that 
join(A\{o\,join(A\{o\, 02)^2(02,03,)) = A<oi,03> (the inner columns are projected out, leaving 
aa binary relation - association in our terminology; see [BK99] for an overview of the 
Monett algebra, which underUes our algorithm). Note that we avoid a combinatoric 
explosionn of the result size as meets computes minimal meets, i.e., as soon as the first 
meett of o\,o2,  e 0\ U 02 is found subsequent meets are not considered anymore 
becausee the elements are removed from the input sets. This generalises the minimality 
criterionn (3) of Definition 14 to sets of objects while still being invariant of the input 
order.. Also note that we slightly extended the definition of meet: we now call a node 
meett if it is the lowest common ancestor of at least two other nodes. A salient fea-
turee of this and the following algorithm is that they make heavy use of the relational 
operationss of the underlying database engine. In the analysis we will see they indeed 
performm favourably. 

Wee now present the most general algorithm of this paper: it calculates the meet of 
ann arbitrary input set of nodes grouped into relations r\,..., rn according to the type of 
associationn they represent. This approach proves useful when we want to combine the 
resultss of full-text queries, which may be distributed over a large number of relations, 
i.e.,i.e., we extract from the results of the full-text query starting points from where the 
userr can start displaying and browsing the database. The algorithm is displayed in 
Figuree 4.21. 

Inn contrast to the previous algorithm, we cannot simply exploit the function < to 
comparee the paths to steer the search, because then the algorithm would become depen-
dentt on the input order, as the algorithm does not know which subtrees of the document 
instancee are being searched at a particular moment. Therefore, we rather roll up the 
tree-shapedd schema from the bottom by iteratively contracting the offspring of nodes 
whosee only offspring are leaves until we reach the root or the empty set. This way, all 
nodess that are meets of other nodes are minimal by construction; they are output and 
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proceduree meet ({n,..., r„})  : OID 
iff  (n = 0) or (n = 1 and N = 1) then return 
forr i*  = 1 to n 

r:={o\r:={o\  Aj=h...aoz2n{o,Oj)} 
nn := r, - r 
addd to result r 

end d 
lett n be a relation all of whose children are leaves 
w.. 1. o. g. let r\,..., n (n > I > 1) be the children of n 
(r i , . . .,, r/) := (parenting... ,parent(r{)) 
p:=n p:=n 
meetsmeets := 0 
forr / = 2 to / 

hitshits := pC\rt 
rtrt  := semijoin{ri, hits) 
meetsmeets :- meets U hits 
pp :=  pU(r, -hits) 

end d 
addd to result hits 
removee empty r,-
meet(ri,...,rm) ) 

end d 

Figuree 4.21: Procedure meet for arbitrary sets of objects 

nott considered anymore, thus, avoiding a combinatorial explosion of the result set and 
dependencee on the input order. 

Comingg back to the example query, we see that after reformulating the query with 
thee meet operator die cardinality of the answer set reduces (from now on, we interpret 
thee meet operator as an aggregation operation): 

MEETT (FOR $tl IN document("database.xml"), 
$t22 IN document("database.xml") 

WHEREE $ t l / tex tO=*Bi t' 
ANDD $t2/ textO='1999' 
RETURNN $ t l , $t2) 

Evaluatedd against the example document we now obtain the following result, a true 
subsett of what the solution presented in the introduction with regular path expressions 
returned: : 

<answer> > 
<result>> a r t i c le </result> (03) 

</answer> > 

Thee generated answer now resembles our initial intuition and with some domain 
knowledgee gained by looking at an appropriate visualisation of the answer the user can 
interprett the result as follows: Mr. Bit wrote an article in 1999. 
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Sincee the XML standard provides IDs and IDREFs, documents may make use of 
referencess and potentially break the tree structure defined by the element relationships. 
Thee algorithms we presented only cover element relationships as we believe that they 
oftenn carry very natural semantics and because the design of the meet algorithms re-
mainss clear and intuitive while execution times enable interactive querying. If we 
interprett the meet operator as some variant of nearest neighbour search, we might find 
generalisationss on graph structures that prove useful in certain application domains. 
However,, the fact that we then have to take care of circular structures may add signifi-
cantt complexity to our algorithms. 

Finally,, we remark that the meet operator is not expressible in the relational algebra: 
Wee need stratified datalog" [AHV95] to calculate it since the computation involves 
bothh a fixed point and a minimality criterion. 

43.33 Extensions and Applications 

Inn large databases our algorithms may still deliver too many unintuitive results. In 
thiss section we propose variations of the meet operator to gain more control over what 
thee operator returns. In particular, we propose to extend the meet operator with two 
parameters:: (1) a maximum distance that says how many edges may lie between two 
inputt objects, and (2) restrictions of the type of results, i.e., if o is a result candidate we 
restrictt pathip) to be outside a certain set of paths R; ïïpathip) € R we discard o: 

meetmeetRR{r\{r\ ,...,,..., rn) = {o \ o € meet(ru..., rn) and patUp) £ R} 

Forr example, by setting R to {bibliography} we can filter out uninteresting matches, 
i.e.,i.e., where the meet corresponds to the document root, in large bibliographies. This 
variantt is also used in the case study in Section 4.3.4. 

Anotherr interesting application of the operator is distance calculation: since, in the 
meett algorithm, each join between two relations can also interpreted as a moving one 
edgee closer to the root, i.e., a traversal of length one, the number of joins executed 
whilee calculating meetP(o\,02) for two nodes o\ and o2 corresponds to the number of 
edgess on the shortest path from o\ to o2. So we can define: 

d(o\,d(o\, o2) = number of joins when calculating meetp(oi,o2). 

Buildingg on this we can define another restricted version that is occasionally useful 
too block undesired matches: 

k-meetAouojJk-meetAouojJ11-- **<*<*i.*2 > > *. 
\meetp(oi,\meetp(oi, o2) otherwise, 

Thee number of joins is also a simple yet both effective and intuitive heuristic for 
establishingg a ranking between the result OIDs: the smaller d(o\,o2) the closer the 
elementss are together in the document tree. In many applications, this can be used as a 
measuree of how related the nodes are. 

Wee believe that it is worthwhile to apply additional heuristics like distances in the 
sourcee file or even more complicated information retrieval techniques to improve the 
rankingg of the answer set. In particular, thesauri are a promising tool to help a user find 
interestingg results, especially to broaden a search that returned too few answers. 

Additionally,, we mention a convenient application of the meet operator: staying in 
thee bibliography domain, we may want to know whether a certain bibliographical item 
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Figuree 4.22: Combining meet and full text search (normalised) 

thatt we found in one bibliography also lives in another bibliography; however, we have 
noo idea how the relevant information is marked up. So a good approach is to combine 
thee meet operator with full text search similar to the introductory example and use the 
resultss as a starting point for displaying and browsing. 

4.3.44 Performance 

Wee now assess some performance characteristics of two versions the meet operator: 
meetpmeetp and meet. We will see that the costs of these operators are negligible if they are 
usedd in combination with a relatively selective full text search and that me set-oriented 
versionn of the operator scales well, i.e., linearly, with respect to the cardinality of the 
inputt sets. 

Wee implemented the meet operator like most of the algorithms presented in the 
firstfirst four chapters of this thesis on top of the Monet XML module within the Monet 
databasee server. The measurements were carried out on a Silicon Graphics 1400 Server 
withh 1 GB main memory, running at 550 MHz. Two XML sources were used: a file of 
aboutt 200 MB with descriptions of multimedia data items, extracted by feature detec-
torss [SWK99], and the DBLP bibliography, which is available on the Internet [Ley99]. 
Forr the first experiment the total main memory requirements of the database server 
weree about 120 MB, the second experiment could be run in 100 MB. Note that only a 
fractionn of the main memory was needed to compute the meet; most of it was necessary 
forr our main memory DBMS to load relations and perform operations on them. 

Figuree 4.22 shows the run-time behaviour of a typical query such as the one pre-
sentedd in the introduction; however the underlying database is a file of descriptions of 
multi-mediaa data items. In the plot, we normalised the duration of the full-text search 
too an average value as its execution varies greatly in relation to the littl e time the com-
putationn of the meet consumes. The figure shows two things: First, the execution time 
iss dominated by the full-text search, which takes 1207 ms as opposed to the 2 ms the 
computationn of the meet of objects with distance two. Secondly, the meet scales well 
withh respect to distance of the objects. Therefore it can serve as a sensible and valu-
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Figuree 4.23:: Performance graph of Case Study 

ablee add-on to an already existing search engine for semi-structured or XML data that 
comess at littl e cost. 

Casee Study 

Wee now take a look at a meet query run against the XML version of the on-line DBLP 
bibliographyy [Ley99]. We prepared the bibliography by bulk loading it into Monet 
XMLL as described earlier in this chapter. We now want to list all publications in the 
Proceedingss of the IEEE International Conference on Data Engineering (ICDE) of a 
certainn year. To achieve this, we do a full-text search for the strings "ICDE" and the 
yearr and calculate the meets of the results according to algorithm meetR with the docu-
mentt root excluded from the set of possible results. To demonstrate that the algorithms 
scaless we iteratively extend the search interval from 1999 back to 1984 (note that there 
wass no ICDE in 1985, hence the small step at about 1100 on the x-axis), which gives 
uss control over the size of the result set. The results resemble to a large degree our in-
tuitionn and consist mostly of the ICDE publications of the respective year (there were 
justt two false positives). The graph in Figure 4.23 shows the time elapsed for calcu-
latingg the meet, e.g., for a result set of 1000 publications the computation takes about 
threee seconds (the time the full-text search takes is not included in this figure). Note 
thatt the input sets are fairly large: they contain all associations whose string com-
ponentt contains the year, i.e., all publications in the bibliography between 1984 and 
19999 are involved which is the bulk of the publications recorded in the bibliography. 
Thiss demonstrates that the algorithm scales well to large datasets and is suitable for 
interactivee querying. 

Wee finally remark that the performance behaviour of the meet may differ on differ-
entt underlying physical data models: not all XML-to-database mappings preserve as 
muchh information as the Monet model. However, we expect queries with small result 
setss to perform favourably on many relational models since they are usually optimised 
forr the kind of join operations that dominate performance. 

2000 400 600 800 1000 1200 
cardinalityy of output set 
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4.44 User-Defined Query Equivalences for  SQL 
Thiss section takes the idea of using relational engines for querying XML data one step 
further.. Since there are different physical representations for the same XML document 
-- all good for different scenarios - it may well be sensible to store a document in more 
thann one format and leave the choice to the query optimiser on which representation 
too execute a query. This section presents a mechanism to exploit domain knowledge 
aboutt the physical properties of die data lay-out and inform a query optimiser about 
alternativee strategies without having to extend it widi new rules and operators. The 
resultingg scheme is not only sensible for XML processing but also for a number of 
otherr applications such as Data Warehousing and Geographic Information Systems 
(GIS).. Hence we draw the examples in this section from a large variety of application 
areas. . 

State-of-the-artt query optimisers consider a rich set of alternative execution plans 
forr a query, and pick one of them based on its estimated execution cost. The alter-
nativess are generated using algebraic equivalence rules implemented in the optimiser. 
Thee rules follow from algebraic properties of relational operators and, additionally, 
oftenn exploit constraints defined in the database schema. In many applications, how-
ever,, the database instance obeys constraints that cannot be effectively declared using 
currentt constraint mechanisms. Yet the application writer knows about them and main-
tainss them; hence, they could be exploited by the query optimiser during the generation 
off  alternatives. For example, in spatial applications, a query that selects rows based on 
thee predicate PolygonOverlap(T.p,<target>) may be speeded up significantly by intro-
ducingg an extra join with a table TB containing bounding-box information for polygons 
T.p.T.p. However, the extra join may also reduce performance if on the other hand the 
queryy contains otfier predicates that are easy to evaluate: for example, if another predi-
catee tests for equality on a key of T, then the extra join is likely to introduce additional 
overhead.. Current query optimisers are unable to make the above cost-based decision 
becausee this query equivalence is unknown to them. 

Inn the rest of this section, we present a small but powerful extension to the SQL 
languagee or relational algebra that allows application writers to declare two query ex-
pressionss to be equivalent. This mechanism allows the generation of alternatives in 
thee query optimiser to be freely extended by applications. We describe the implemen-
tationn of this extension in Microsoft SQL Server to show how to fully exploit user-
definedd equivalences. Our framework seamlessly integrates with the cost-based selec-
tionn mechanism and thus guarantees that the optimal plan from the extended search 
spacee is chosen. 

4.4.11 Introductio n 

Equivalencess of relational expressions are basic to the design and operation of query 
optimisers.. Earlier research on optimisers showed that join reordering and pushing 
downn selects {i.e., exploiting algebraic properties of join and select) could bring order-
of-magnitudee performance improvements over naive execution of queries [SAD+79] 
andd effectively made it possible to use high-level declarative query languages such as 
SQLL in practise. Since then, other useful equivalences have been identified and opened 
upp new ways to execute and optimise queries. There is a vast amount of literature 
onn equivalences for relational expressions, dealing with operators such as semijoin, 
outerjoin,, and group-by; for treatises of this kind, see [BC81], [CS94, YL95] or, more 
recentlyy written, [GLR97, RLL+01] to name just a few. In each case, the equivalent ex-
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result(customerrating,, product, sales) 

tableCrPS(customerrating,, product, store, sales) tableCrPD(customerrating, product, date, sales) 

tableC(customer,, sales, customerrating) 

t t 
detail(customer,, date, product,...) 

Figuree 4.24: Relationships between tables and query in example scenario 

pressionss again can lead to order-of-magnitude performance improvements for specific 
queriess and data distributions. Modern query optimisers know how to exploit the con-
straintss declared in the schema definition and how to reap benefit algebraic rewriting 
propertiess of the underlying primitive operations; so even more equivalent alternative 
executionn plans can be explored and a possibly more favourable plan be picked among 
them.. Typically, 'check' constraints are used to, for example, restrict domain values 
off  attributes, define column uniqueness, and declare foreign-key relationships. During 
optimisation,, they can be used to detect empty subexpressions, simplify and reorder 
groupingg operations and eliminate unnecessary joins as described in [SSM96, YL95]. 

Inn addition to the standard repertoire of the optimiser, application designers of-
tenn are aware of and maintain equivalences that cannot be effectively declared to a 
DBMSS using current constraint mechanisms. For example, consider an OLAP en-
ginee that uses a relational DBMS to store results of partial aggregations from sales 
data,, a standard scenario in Data Warehousing. The source data are stored in a ta-
blee detai 1 (amount, customer, date, product, s t o r e , . . . ); derived are the tables 
sketchedd in Figure 4.24. Each customer is assigned a rating based on his total pur-
chases.. In the following, we list tables which are needed by users and which the OLAP 
enginee might choose to materialise: 

1.. Total sales per customer: 

tableCCcustomer,sales,customerrating)= = 
se lectt customer,sum(aniount), 

customerratingg (sumCamount)) 
fromm de ta il 
groupp by customer 

2.. Total sales per customer rating, product, store and sales: 

tableCrPSCcustomerrating,product,store,sales) = = 
selec tt  customerrating,product,store,sum(amount ) 
fro mm detai l  d  joi n table C t C 

onn d.custome r  =  tC.custome r 
grou pp b y customerrating,product,stor e 
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3.. Total sales per customer rating, product and date: 

talbeCrPDCcustomerrating.product,date,sales)= = 
se lectt customer-rating, product, date, sum(amount) 
fromm deta il d jo i n tableC 

onn tC d.customer = tC.customer 
groupp by customerrating,product,date 

Iff  a user wants to retrieve the total sales per product and customer rating, either of 
thee summary tables, tableCrPS or tableCrPD, could be used to answer the query, as 
sketchedd in Figure 4.24. But which strategy should be chosen depends on the actual 
characteristicss of the database instance, namely the data distribution and the indexes 
available. . 

Onee approach is to make the dependencies explicit to the database system by ma-
terialisingg them with views. With a proper re-formulation of the input query, which 
shouldd use the summary table, the query optimiser could decide which strategy by 
usingg the built-in cost models. However, it is in general not desirable to rely on the 
availabilityy of the de ta il table since many application scenarios cannot guarantee that 
thee database is kept on-line and up-to-date at all times. But this would be necessary 
becausee users need it to formulate queries and because the DBMS uses it to main-
tainn the aggregations in the summary tables. Practically, it is compulsory to materialise 
tableCC since otherwise stacked group-by operations for construction and maintenance 
off  tableCrPS and tableCrPD are required; unfortunately, these types of views are 
generallyy not supported by mainstream database systems. To sum up, we are forced to 
storee the part of the database which is framed in Figure 4.24. But these restrictions are 
ratherr artificial as they are imposed by the lackk of functionality of the underlying stor-
agee system and since they increase the storage and processing overhead of the OLAP 
systemm because data are stored which are in fact not needed by the application. 

Iff  the OLAP engine chooses, as an alternative strategy, not to store the deta il ta-
ble,, not enough information is available to communicate the data and query dependen-
ciess to the DBMS. Now suppose a situation which is typical for OLAP scenarios: we 
havee to send multiple equivalent queries to the DBMS. We could go about this by us-
ingg a heuristic to choose between the alternatives; if we use a sophisticated heuristic we 
shouldd keep track of useful statistical characteristics of the data and index information. 
Unfortunately,, this duplicates functionality which is already implemented in the query 
optimiser.. Alternatively, we might submit some or all of the alternatives to the DBMS, 
requestt not the execution of the queries but rather cost estimation and eventually have 
thee query with the lowest cost executed. Again, we would duplicate functionality for 
thiss approach that is already implemented in the optimiser of the DBMS, namely plan 
selectionn and query reordering, the very core functionality of an optimiser. Unfortu-
nately,, the very fact that the queries are equivalent is not available to the optimiser. 

Wee propose now the use of a new SQL construct, CHOOSE, to declare equivalence 
betweenn expressions. Syntactically, CHOOSE is similar to UNION or UNION ALL; se-
mantically,, its result is execution of any one its branches. The intended implementation 
off  this operator is to have the cost-based optimiser choose the alternative with the least 
expectedd cost. In the implementation, which we describe in Section 3.4.5, the user-
definedd equivalence is seamlessly integrated into the generation of alternatives, along 
withh all readily available equivalences built-in in the optimiser as outlined above. Cost-
basedd selection is then applied on the extended search space. 
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Forr our OLAP example above, the total sales per product and customer ranking can 
bee denned by the following view: 

definee viewCrP(customer-rating,product,sales) as 
selectt customerrating,product, sum(sales) 
fromm tableCrPS 
groupp by customerrating 
CHOOSE E 
selectt customerrating.product,sum(sales) 
fromm tableCrPD 
groupp by customerrating 

Suchh a view is especially useful in larger queries when it is convenient to leave it 
too the query processor to select the proper (partial) execution plan. For example, the 
followingg query requests the total sales for each customer rating and for a particular 
product: : 

selec tt  customerrating,sum(sales ) 
fro mm viewCrP D 
wher ee product='product#1026 ' 

Thee query processor should now push down the selection through the alternatives 
andd then choose the best alternatives according to which indexes are available. It would 
requiree a huge unnecessary development and probably also research effort to engineer 
thiss functionality outside the DBMS - let alone that we would only duplicate function-
alityy already available inside the DBMS. By allowing the propagation of equivalences 
off  expressions from the application to the query optimiser, a useful primitive is added 
forr application-specific extensibility of optimisers which seamlessly integrates with the 
usuall  optimisation infrastructure. 

Wee expect CHOOSE to be most useful for applications which support a complex 
domainn or implement an additional level of semantics on top of the DBMS. The ap-
plicationn would set up a number of tables, constraints, and triggers in the relational 
DBMS,, and present an application-specific model to the user. Then it synthesises SQL 
fromm users' queries and updates. Some simple examples from this class of application 
aree the following: 

 An OLAP engine supports a model of 'cubes' with detail data and dimensions. It 
mayy choose what partial results to pre-compute and store in the database. Each 
userr query then can be mapped to different pre-aggregations, as shown in our 
earlierr example. Details on an OLAP engine can be found in [IseOO]. 

 A Geographical Information System presents geometric data and operations to 
users.users. For implementation on a relational DBMS, it may use extensibility mech-
anismss to define domain-specific predicates such as PolygonOverlap. It may cre-
atee additional tables with information synthesised from geometric objects such 
ass bounding boxes, grid overlap, or Z-curve intersections to try to speed up query 
timee for some queries. In general, the decision to use these additional tables (ef-
fectivelyy an extra join in the query), should be done in a cost-based way. The 
CHOOSEE operator can be used to declare the equivalence and let the query opti-
miserr choose an efficient plan. For details on creating these auxiliary tables, and 
thee precise mapping to SQL we refer to [FFSOO]. 
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 Semistructured data such as XML can be mapped to relational tables in dif-
ferentt ways. Each mapping has its own benefits and disadvantages in terms 
off  query performance. Maintaining some redundant structures allows for effi-
cientt processing of a larger class of queries than any single mapping can, if the 
CHOOSEE operator is available. Some of the many XML mappings are presented 
inn [STH+99, SKWWOOa]. In Section 4.4.4 we present a detailed example of the 
usee of CHOOSE on XML querying. 

4.4.22 The CHOOSE Operator 

Too integrate the CHOOSE operator into an existing query engine we now look at how 
too extend SQL [IS099] with the necessary syntactic constructs. This turns out to be 
easyy since we can use the same grammar production as well-knownn set operations like 
UNIONN or INTERSECT. Using the ANSI terminology of the SQL standard, the addition 
off  a single production suffices: 

<non-joinn query expression) ::= 
(non-joinn query term) 
|| (query expression body) CHOOSE (query term) 

Theree are a number of implicit semantic constraints that the abstract syntax tree of 
aa SQL query has to abide by but that cannot be checked on the grammatical level. In 
thee case of CHOOSE the following constraints have to be checked to fit  the operator 
intoo the existing language framework of SQL: 

1.. CHOOSE has lower precedence than any other operator including set operators. 

2.. All inputs have to be UNION-compatible, which means that the number and type 
off  columns of the tables involved must match. 

3.. Implicit conversion of types to achieve compatibility is applied when necessary. 

4.. The column names of the result table are taken from the first input. 

5.. CHOOSE may be used in view definitions. 

Thesee requirements coincide with those for the set operations UNION, INTERSECT, 
andd EXCEPT. Therefore, the integration of CHOOSE into the language processing com-
ponentt of existing systems requires only moderate modifications and extensions to 
thee infrastructure already in place. From an algebraic point of view, CHOOSE can 
bee viewed as a binary operator which non-deterministically evaluates to one of its ar-
gumentss and for which the laws of commutativity, associativity and distributivity hold 
(inn the sequel, the E, denote arbitrary relational algebra expressions): 

1.. Commutativity: 
CHOOSER,, E2) « CHOOSE(£2,£i) 

2.. Associativity: 
CHOOSE(£i,, CHOOSE(£2, E3)) <=> CHOOSE(CHOOSE(£:i, E2), E3) 

3.. Distributivity: other operators distribute over CHOOSE 
/(CHOOSER,, £2),£3) «*  CHOOSE(/(£i,£3), f(E2,E2)) 
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Makingg use of these rules, we can rewrite any query containing CHOOSE as a 
non-deterministicc choice of n queries which do not contain CHOOSE, Le., for each ex-
pressionn E containing k CHOOSE operators there exists an equivalent expression of the 
formm CHOOSE(CHOOSE(- - - CHOOSER, E2)  , £„_,), £„) such that no E( contains 
CHOOSE.. Furthermore, the number of expressions n is bound by k + 1 < n < 2*. To 
seee why this is, consider a query with k CHOOSE operators. Using the commutativity, 
associativityy and distributivity rules, the CHOOSE operators can be factored out and 
thee query be transformed to the above expression. Note, that the number of CHOOSE 
operatorss might significantly increase compared to k since repeated application of the 
distributivityy law duplicates CHOOSEs in the subexpression £3. As to the bounds of 
nn we apply simple combinatorial counting arguments: Every CHOOSE can evaluate to 
eitherr of its two arguments. Hence, there are at most 2k possible configurations. For 
thee lower bound, consider the case where all CHOOSE are subsequently applied. Con-
sequently,, all CHOOSE but the first add one configuration which in turn establishes the 
lowerr bound. The following example illustrates the transformation process: 

Examplee 16. The expression CHOOSE(A, B) x CHOOSE(C, D) can be transformed in 
thee following way: 

 CHOOSE(A, B) x CHOOSE(C, D) 

 CHOOSER x CHOOSE(C, D), B x CHOOSE(C, £>)) (distributivity) 

 CHOOSE(CHOOSE(C, D) x A), CHOOSE(C, D) x B) (commutativity) 

 CHOOSE(CHOOSE(C x. A, D, x A), CHOOSE(C, D) x B)) (distributivity) 

 CHOOSE(CHOOSE(C x A, D x A), CHOOSE(C xB.Dx B)) (distributivity) 

 CHOOSE(CHOOSE(CHOOSE(C x A,D x A),C x B),D x B) (associativity) 

Heree the maximum bound n = 2k is reached. 

4.4.33 Algebraic Optimisation of User-defined Query Equivalences 

Althoughh the CHOOSE operator is in the first place a syntax extension which does 
nott depend on any particularities of the query processor, the architecture of the query 
optimiserr has significant influence on the integration of this operator into the infras-
tructuree already in place. The most straightforward approach to optimising a query 
withh CHOOSE is to re-formulate it as up to 2*  different queries without CHOOSE by 
enumeratingg all alternatives as specified by the user. The resulting queries are then 
optimisedd separately and the best plan is then chosen for execution. Evidently, the time 
spentt in optimisation may be increased by an enormous factor rendering this approach 
infeasiblee even for queries of only moderate complexity.. We therefore need a way that 
makess better use of the available resources. Thus, in this section we discuss how to 
integratee CHOOSE into query optimisation without significant overhead or interference 
withh the existing infrastructure. The key to achieving this goal is algebraic optimisa-
tion.. In an algebraic optimiser framework, queries are represented by operators of an 
extendedd relational algebra. All optimisation is carried out on the basis of inference 
ruless which describe how a single operator or group of operators can be transformed 
intoo a semantically equivalent operator or operator group. The solution we develop 
heree is based on the well-known Cascades optimiser framework [Gra95] used in com-
merciall  products like Microsoft SQL Server [DelOO]. To understand this approach, it 
iss necessary to survey the architecture and its key components briefly. 
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Scann A 

Join n 

Join n 

Scann B 

Scann C 

Group p 

Root t 
4 4 
3 3 
2 2 
1 1 

Operators s 

3 x 4 4 
ScanC C 
11 x 2 
ScanB B 
Scann A 

Figuree 4.25: Copy-in of initial plan 

Preliminaries s 

AA  query plan is an n-ary tree whose nodes correspond to operators of an extended 
relationall  algebra. The tree structure determines the order in which the operators are 
executed.. As a consequence, each operator represents a sub-goal of the plan, that is, 
thee partial query plan which is rooted in it. 

Duringg the optimisation process a cost function is used to estimate the costs of a 
(partial)) query plan, usually an estimate for the relative or absolute time needed to 
executee this plan. The optimiser considers partial plans - i.e., generates alternative but 
semanticallyy equivalent plans and, using the cost function, determines the costs of the 
alternativee plans. If a new alternative is a candidate for an optimal sub-plan it is stored 
inn a lookup table for further reference. 

Thee MEM O Structure 

Thee core data structure of the optimiser is the above mentioned lookup table known 
ass MEMO Structure. We will describe the framework in only as much depth as is 
necessaryy to understand the implications for the use of CHOOSE and refer the inter-
estedd reader to [GM93, Gra95] and [WGLOO]. The MEMO Structure holds all partial 
planss which are considered during the optimisation process. Since every operator cor-
respondss to the sub-goal of the plan rooted by it, we can identify an operator with a 
partiall  plan. The MEMO is organised in groups. Each group contains all operators, and 
thuss implicitly the partial plans, which implement equivalent sub-goals, i.e., the plans 
whichh carry the same logical properties. 

Copy-Inn Phase 

Initially,, the SQL query is algebraised, which means that an initial canonical evaluation 
plann is produced. In general, the initial plan is sub-optimal. When setting up the 
optimiser,, the initial plan is copied into the MEMO structure. Every operator of the plan 
iss assigned to a new group. Note that for the sake of presentation simplicity, we omit 
thee cases where a plan contains several common sub-expressions. The references to the 
childrenn of an operator are substituted by references to the respective groups. Hence, 
ann operator, once copied into the MEMO, no longer refers to individual operators as 
childrenn but all alternative sub-plans represented by its children's groups. The group 
whichh accommodates the root of the initial plan is distinguished and we will refer to it 
ass the root group. In Figure 4.25, the copy-in of a plan involving two joins is shown. 
Thee table on the right indicates the MEMO where numbers used in conjunction with 
operatorss refer to groups, e.g., Group 3 contains the join of Groups 1 and 2, which 
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Group p 

Root t 
6 6 
5 5 
4 4 
3 3 
2 2 
1 1 

Operators s 

33 xi 4, 4 M 3 , 55 M 2, 2 M 5 , , 6 M 1 , , 11 M 6 

4t-a2,, 2 M 4 
1 M 4 ,, 4 M 1 

ScanC C 
11 xi 2, 2 M 1 

Scann B 
Scann A 

Figuree 4.26: Populated MEMO structure after optimisation 

meanss any operator of Groups 1 and, respectively, 2 (and the subtrees rooted in them) 
cann be used in this join. 

Optimisation n 

Duringg the actual optimisation process, transformation rules are applied to the opera-
torss in the MEMO. A transformation may match a sub-plan of arbitrary size rooted in 
thee operator. The outcome of an application can be (1) a single operator which goes 
too the same group as the original, or (2) a sub-plan which spans several groups. New 
groupss are created whenever necessary. Great care has to been taken to ensure that 
thee transformations span the entire search space, i.e., repeated application of available 
transformationss ensures that all plans of the search space are considered. Figure 4.26 
showss a snapshot of the MEMO after various join orders have been explored. 

Eachh operator in the MEMO is assigned a cost value which not only reflects the 
individuall  operator's cost but comprises the costs of the least costly sub-plan rooted 
inn this operator. This minimality of costs is guaranteed by looking up the lowest cost 
valuee for each group and using this value when computing the costs for the parent 
groups.. The exploration is steered by certain strategies which try to apply the most 
promisingg transformations first but essentially enumerate the entire search space. By 
investigatingg the most promising alternatives first, upper bounds on the overall costs of 
thee plan can be obtained and used to prune the search space. 

Copy-Outt  Phase 

Thee principle to record the least costly operator per group, which is used for deter-
miningg the cost value of subsequent operators, guarantees that the operator with lowest 
costss assigned in the root group represents the best plan found so far. During the 
copy-outt phase, we simply traverse the MEMO structure and start with the least costly 
operatorr of the root group following the references to its children groups. This way, we 
obtainn the most cost effective plan and then return it. 

Queryy Plans with CHOOSE 

Thee CHOOSE operator abstracts the fundamental property of the MEMO to groups of 
operators,, which means that roots of equivalent query trees belong to the same group. 
Considerr an initial plan as shown in Figure 4.27. During the algebraisation of the 
plan,, the compatibility of the individual branches of the CHOOSE is checked by the 
SQLL language processor. All operators are copied into the MEMO as outlined above. 
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S c a n * * 

Join n 

CHOOSE E 

ScanB B 

Join n 

ScanD D 

ScanC C 

Group p 

Root t 
4 4 
3 3 
2 2 
1 1 

Operators s 

3 M 4 4 

ScanC C 
11 x 2, Scan D 
ScanB B 
Scann A 

Figuree 4.27: Input plan containing CHOOSE and corresponding initial MEMO struc-
ture. . 

Group p 

Root t 
6 6 
5 5 
4 4 
3 3 
2 2 
1 1 

Operators s 

31x14,, 4 x 3 , 5 M 2, 2 x 5 , 6 x 1 , 1 x 6 
4 x 2 ,, 2 x 4 
1 x 4 ,, 4 x 1 

ScanC C 
1 x 2 ,, 2 x 1 , Scan D 

ScanB B 
Scann A 

Figuree 4.28: Populated MEMO for plan with CHOOSE operator after optimisation 

Insteadd of copying the CHOOSE operator into the MEMO, its children are assigned to 
thee same group (Group 3 in Figure 4.27). The subsequent join - copied into the Root 
groupp which referenced the CHOOSE in the initial plan - now references the groups 
off  the children of CHOOSE. Note that the initial MEMO is very similar to the one 
displayedd in Figure 4.25. 

Afterr the copy-in phase, all further optimisation is unaffected by the usage of 
CHOOSEE operators, which have now disappeared. The alternative partial query plans 
originatingg from the CHOOSE are indistinguishable from equivalent operators the op-
timiserr generated by applying inference rules. Note that since the CHOOSE operator 
getss eliminated before the actual optimisation begins, no extensions to the optimiser 
logicc are necessary. To underline the seamlessness of integrating the CHOOSE into 
thiss kind of algebraic framework, we also present the populated MEMO after different 
joinn orders have been explored, analogously to above. Figure 4.28 shows hardly any 
differencee to the previous one except that there's one additional operator in Group 3. 

Moreover,, our approach also integrates with the cost-based selection mechanism of 
thee optimiser framework which guarantees to choose the optimal plan according to the 
costt function used. 

4.4.44 A Case Study with XML 

Ass indicated in the introduction to this section, we anticipate a number of scenar-
ioss where overall query performance can benefit greatly from user-defined equiva-
lences.. Besides the aforementioned scenario of managing spatial data, applications 
whichh query XML documents stored in a relational database management system can 
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draww benefit from the CHOOSE operator as will be shown in the sequel. 

Withh the advent of XML and a whole service infrastructure based on it as a com-
municationn format, the need for effective ways of storing and querying XML have 
becomee evident as has been shown in the previous chapters and pointed out, for ex-
ample,, in [SSK+01] and other works we already mentioned. Using relational database 
technologyy as a foundation has obvious advantages: relational database technology has 
beenn developed over an extensive period of about thirty years addressing all critical is-
suess in data management. Particularly query optimisation and execution matured with 
respectt to ever increasing performance requirements. Hence, it seems rather natural 
thatt implementing an XML store by using and extending a relational database engine 
hass been investigated in a series of research prototypes. It became clear that extending 
aa relational database system with XML functionality is not a straightforward task: a 
numberr of pitfalls, mainly due to the mismatch between structured and semi-structured 
data,, became apparent. 

Thee mapping of semi-structured data to relational concepts is pivotal to the prob-
lem.. Expressing schemas where large numbers of attributes are merely optional may 
leadd to grotesque artifacts like very sparsely populated tables; the situation may be 
evenn exacerbated if an a priori  unknown schema has to be accounted for. A multitude 
off  mapping techniques addressing various derivatives of these problems has been de-
velopedd over the past few years. Mapping techniques range from fully generic graph 
models,, which can cope with any kind of XML document, to schemes which rely on 
schemaa information given as a DTD or even XSD and which try to exploit this extra in-
formationn as best they can to derive a compact storage format. Besides that, rigid map-
pingss which do not allow for any flexibility  but rather describe a data transformation 
mechanismm can be found in most commercial database systems [DelOO]. Eventually, 
itt turns out that no mapping is consistently superior to all alternative mappings with 
respectt to query performance. The choice of the appropriate mapping is at first sight 
applicationn specific: XML data which is actually relational data but published as XML 
wouldd best be stored using the original underlying relational schema; for a general pur-
posee XML store, on the other hand, only generic mappings can be deployed. However, 
mostt application domains are neither of exactly the one or the other kind - rather, they 
encompasss both aspects and feature structured and unstructured parts even in the same 
physicall  document. Although different data layouts in terms of relational schemas are 
feasiblee in these situations, and the decision when to choose which mapping cannot be 
madee in a straightforward manner. 

Thoughh the mappings reconcile structured and semi-structured data with respect to 
storingg of data, in terms of query performance a new challenge is encountered. All 
mappingss exhibit certain strengths and weaknesses, and thus result in suitable to un-
acceptablee query performance even within one application domain using one input 
document. . 

Ass a consequence, the suitability of a mapping cannot be decided statically on a 
per-applicationn or on a per-data instance; rather, a decision is to be made with respect 
too a particular query set, too. In many situations application developers find themselves 
inn the situation where multiple mappings, employed simultaneously, could help over-
comee performance problems of individual mappings. In the following, we show how 
thee CHOOSE operator can be used in this very situation to combine any number of 
mappingss and let the query optimiser decide when to use which mapping. 
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<ite mm id="item7122<97" > 
<title>Pi ee Grinder</title > 
<date>2««l/ll/« 22 14:35:Q9</date > 
<price>199.8ö</price > > 
<manual > > 

<section > > 
<subsection > > 

<paragraph > > 
Installatio nn tips.. . 

</paragraph > > 
</subsection > > 
<subsection > > 

<paragraph > > 
De-installatio nn tips.. . 

</paragraph > > 
</subsection > > 

</section > > 
<section > > 

Cleanin gg instructions.. . 
</section > > 

</manual > > 
</item > > 

Figuree 4.29: Snippet of XML document modelling product catalogue 
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< < 
< < 
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ELEMENT T 

ELEMENT T 
ELEMENT T 
ELEMENT T 
ELEMENT T 
ELEMENT T 
ELEMENT T 
ELEMENT T 
ELEMENT T 

ite m m 

i d d 
titl e e 
dat e e 
pric e e 
manual l 
sectio n n 
subsectio n n 
paragrap h h 

( id ,, t i t l e , date?, price?, 
descript ion^ ^ 

(#PCDATA)> > 
(#PCDATA)> > 
(#PCDATA)> > 
(#PCDATA)> > 
(#PCDATA?,section*)> > 
(#PCDATA?,subsection*)> > 
(#PCDATA?,paragraph*)> > 
(#PCDATA)> > 

Figuree 4.30: A DTD for the example XML document 
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Applicationn Scenario 

Thee framework within which we evaluate the applicability of CHOOSE is modelled 
afterr a typical e-business application: an on-line product catalogue. For clarity's sake, 
wee use a relatively simple version of a real document: the central entity, the item, has a 
smalll  number of attributes associated with it which account for the structured part of the 
document;; the accompanying Manual with its textual components is the unstructured 
part.. In actual application scenarios the number of elements related to an item might 
bee much larger; however, no essential aspects relevant to our purposes are added by the 
additionall  elements. 

Figuree 4.30 shows a DTD which describes our document. The item's sub-elements 
aree singletons though not all mandatory, i.e., there is a 1 : 1 relationship between them 
andd the item; date and price may not be present in all items. The Manual consists of 
section,, subsection, and paragraph elements which have 1 : n relationships with their 
ancestors.. Figure 4.29 shows a snippet of the document. 

Inn our experiments, we studied two well-known approaches for mapping an XML 
documentt to relational tables and compared them to a combination of both that makes 
usee of the CHOOSE operator. We only describe the techniques at a level of detail which 
iss essential to understand our experiments. For a detailed discussion of the methods 
sec,e.g.,sec,e.g., [ZND+01], or consult the overview given in the previous chapter. 

Thee first mapping is an adaptation of [STH+99] and relies on schema information 
aboutt the document in the form of a DTD. The idea behind this technique, which we 
referr to as Mining in the following, is to identify structured components in the schema 
whichh are then mapped to tables in the database. To that end, we construct a graph 
whosee nodes correspond to the elements specified in the DTD. Edges denote the sub-
elementt relationships and are annotated with the type of the relationship (1 : 1 or 1 : n). 
Wee fragment the graph along the 1 : n relationships and map each fragment, which 
thenn only consists of 1 : 1 relationships to a table. In our example, all attributes other 
thann Manual and its sub-elements can be inlined into an item table. Elements with 1 : n 
relationshipss to their parents are assigned to separate tables. The links too their ancestors 
aree established by referential integrity constraints on the id columns. Ignoring updates 
forr the time being, the id column can be used as order column by encoding the rank 
intoo the OID as described in the previous chapter. Since all sub-elements of Manual 
mayy have arbitrary incidence, Sections, Subsections, and Paragraphs will be assigned 
separatee tables. Note that it is possible to inline 1 : n relationships also if the maximum 
valuee for n is known. However, inlining them is only useful if n is always close to its 
maximumm in order to avoid sparsely populated columns. The resulting schema for this 
mappingg is: 

Itemss : Itemld, Id, Title, Date, Price 

Manuall : Manualld, Itemld 

Sectionn : Sectionld, Manualld, Text 

Subsectionn : Subsectionld, Sectionld, Text 

Paragraphh : Paragraphld, Subsectionld, Text 

Thee second mapping is known as the node table approach. All elements are uniformly 
mappedd to one single table with the following schema: 

Nodetablee : Startld, Endld, Parentld, Type, Value 

StartldStartld and Endld provide an id and encode the extent of an element, i.e., deter-
minee the positions of start and end tags in the source document. Parentld encodes the 
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treee structure of the document while Type determines whether a tuple represents an 
XMLL element, an XML attribute, or character data. The values of elements, attributes, 
andd character data is stored in the Value column. 

Queries s 

Twoo typical and straightforward queries users might want to run against the above 
documentt are queries to access the attributes or to view the manual of a given item. In 
XQuery,, these queries can be written as: 

Queryy 1. 

FORR Site m I N document("catalog.xml")/ite m 
RETURN N 

<iteminfo > > 
<date >> Sitem/date/text O </date> , 
<title >> $item/title/text( )  </title> , 
<price >> Sitem/price/text O </price > 

</itemin£o > > 

Queryy 1 extracts the data-centric part of item records and assembles date, title into 
price.price. Query 2 simply recalls the entire manual of an item with id '712207'. 

Queryy 2. 

FORR $ite m I N document("catalog.xml")//ite m 
WHEREE $item/id/text()="7122G7 " 
RETURN N 

<itemmanual > > 
<manual >> Sitem/manua l  </manual > 

</itemmanual > > 

Queriess of both these types, besides being already quite useful as stand-alone 
queries,, have a certain building block character since they describe the evaluation of 
pathh expressions [CFMROlb]. As a third query, we combined the previous two to sim-
ulatee scenarios where assembling of both shallow and deep structures is necessary. In 
orderr to keep the example simple we just used the two previous queries and concate-
natedd them using different document instances. 

4.4.55 Query Performance 

Wee translated the above XQuery expressions to SQL. For Query 1 the SQL counterpart 
lookss like this: 

SELECTT XMLAGGC*) 
FROMM item s 

whenn using the inlining schema, and like this 

SELECTT XMLAGGC*) 
FROMM nodetabl e item ,  nodetabl e date , 

nodetabl ee title ,  nodetabl e pric e 
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WHEREE item.type = 'item' AND date.type = 'da te' 
ANDD t i t l e . t y pe = ' t i t l e ' AND pr ice. type = 'p r i ce' 
ANDD date.p id = item, i d 
ANDD t i t l e . p id = item.id 
ANDD pr ice .p id = item.id 
ORDERR BY i tem.id 

forr the node table approach. 
Thee aggregate function XMLAGGC*) converts the output of the query to internal 

XML ,, a representation the query processor can more efficiently handle than plain, 
marked-upp text. In commercial products, this aggregate usually requires a somewhat 
moree elaborate notation. For brevity, we go with the above short-hand, as it does not 
addd to our discussion. Moreover, the aggregate needs to be adapted for each of the 
mappings. . 

Wee reformulated Query 2 as 

SELECTT XMLAGGC*) 
FROMM items, manual m, sect ion s, 

subsectionn sb, paragraph p 
WHEREE items, id = m.itemid 
ANDD m.id = s.manualid 
ANDD s. id = sb.sect ionid 
ANDD sb. id = p.subsectionid 
ANDD i tems. id = 7122S7 
ORDERR BY i tems. id, m.id, s . id, sb. id, p . id 

forr the inlining mapping. For the node table, Query 2 looks like this: 

SELECTT XMLAGGC*) 
FROMM nodetabl e item ,  nodetabl e t 
WHEREE item.typ e =  'item '  AND item.i d =  71220 7 
ANDD t.i d >  item.i d AND t.i d <  item.i d 
ANDD t.typ e I N 

C'manual ' , ' sect ion ' , 'subsect ion ' , 'paragraph ') ) 
ORDERR BY t . i d 

Forr both queries the SQL text for the CHOOSE combination of both mappings is 

<SQLL fo r  inlining > CHOOSE <SQL fo r  nod e table > 

Wee synthetically generated an XML document using a modified version of the soft-
waree developed in the XML Benchmark Project [SKF+00], which is also introduced in 
thee following section. On average, a manual contained 10 sections, 10 subsections, and 
100 paragraphs. Each item is slightly larger than 1MB. In total, the database contained 
5000 items making for a total amount of data of 600MB. For both mappings we created 
indexess as appropriate. 

Figuree 4.31 shows a comparison of the query times for all three approaches. All 
timess are given relative to the fastest of the three. 

Queryy 1. As the inlining model performs only a simple table scan it easily trounces 
thee node table approach which requires three joins to execute the query. With a 
largerr number of attributes the performance gap would increase. Combined with 
thee CHOOSE, the inlining is identified as the more cost effective. The overhead 
inn optimisation when comparing it to inlining is negligible. 
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Queryy 1 Query 2 Query 3 

Figuree 4.31: Query performance of individual mappings and mappings combined with 
CHOOSE E 

Queryy 2. With this query, we find the trend of the previous one reversed: inlining takes 
aboutt forty times longer than in the node table approach. Here, inlining requires 
fourr joins to assemble the whole manual; in me case of a node table, the query 
boilss down to a simple range query which benefits from an index. Again, using 
CHOOSEE chooses the cheaper of the two, the node table in this case. 

Queryy 3. This query underlines the advantages of CHOOSE when used deep in a query 
-- as opposed to the previous queries, here, CHOOSE does not combine complete 
queriess but sub-queries of a larger query. As a result, the optimised CHOOSE 
plann contains both an inlining and a node table part, combining the best per-
formancee of both approaches. We see a difference between CHOOSE and the 
runner-upp of almost a factor 5. 

Givenn the building block character of queries, one can expect the many non-trivial 
XMLL queries to be of the type of Query 3 in practise. It should be noted that the 
casee study is not meant to promote some way of storing XML in relational databases. 
XMLL processing is only used as an illustrative and relevant example to motivate the 
advantagess of user-defined equivalences with CHOOSE in advanced query processing. 

4.4.66 Further Application Scenarios 

Ass we have seen, the CHOOSE operator is very powerful in semi-structured or XML 
databases.. In effect, the CHOOSE operator enables a new type of data independence, 
differentt from both physical and logical data independence. It permits multiple, possi-
blyy redundant representations of information, and selects the most promising one. This 
iss different from physical data independence as the alternative representations are not 
indexess but tables in their own right, and it is different from logical data independence 
ass it does not express a change in format or perspective but expresses a choice among 
alternativee execution plans. 

Inn this section, we consider some other application domains in which the CHOOSE 
operatorr adds considerable expressive power, optimisation opportunities, and execu-
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tionn performance. We will consider domains of growing importance for relational 
databases:: on-line analytical processing (OLAP), temporal databases, spatial databases 
andd caching. 

OLA P P 

Manyy OLAP tools rely on relational database systems as backends for data storage 
too achieve availability, scalability, etc. Thesee tools achieve interactive performance by 
storingg not only detail data but also aggregations, often multiple aggregation levels 
inn multiple dimensions, typically each level in a different table. When processing an 
OLAPP request, the tool generates an appropriate SQL query against one of the tables, 
usuallyy the smallest one by record count or byte count. However, query performance of 
relationall  systems depends more on appropriate indexes than on the size of the stored 
sourcee data. Unfortunately, OLAP products either must re-implement the query rewrite 
capabilitiess and execution cost functions of each database system they support and, 
evenn worse, multiple releases of each product or they must rely on extremely simplified 
assumptions,, e.g., that access cost is proportional to size. They usually do the latter, 
becausee the former is not commercially viable. 

Somee cases in which the CHOOSE operator would naturally be useful have already 
beenn implemented natively, with a fair amount of effort, in modern database query 
processors.. Those include straightforward aggregation and inner join expressions, sup-
portedd as materialised or indexed views by database products from all large database 
vendors.. However, only a limited set of views can be materialised or indexed: outer 
joins,, set operations, nested queries, transitive closure, roll-up and cube, as well as 
recentt language additions such as rank and top are not supported yet. Nonetheless, 
pre-computingg or caching will be useful for all these types of queries, and application 
designerss or tools do so in many cases. In those cases, the CHOOSE operator is a natu-
rall  solution and a perfect fit, because it results in query performance equal to that of a 
materialisedd or indexed view. 

Itt can be argued that if equivalence truly exists, the alternative data sources indeed 
aree materialised views of each other or of a third, more detailed data source. This 
mayy be true; however, implementing materialised view functionality for all thinkable 
vieww definitions will take a long time. Moreover, view materialisation functionality 
inn database management systems will always rely on precise equivalence, whereas in 
somee data analysis situations and statistical studies, approximate equivalence is suf-
ficientt and can be asserted only by the data or application architect or even the end 
user.. Thus, we believe a syntactic mechanism such as the CHOOSE operator in a view 
definitionn or query will always be required as a complement to materialised view func-
tionalityy implemented in database management systems today or in the foreseeable 
future. . 

OLAPP tools often use standard naming conventions for tables representing different 
aggregationn levels. In that case, it is possible to formulate CHOOSE queries that refer-
encee tables that currently do not exist. The database query processor could be extended 
too process any CHOOSE query that includes at least one branch that binds correctly to 
existingg tables, columns, and data, and executes the least expensive among those. Of 
course,, in general, the idea of running requests that reference undefined objects, and 
evenn presuming something about their contents and semantics should these objects ever 
bee defined in the future, is rather frightening. Thus, we are not proposing this extension 
otherr than for future research, e.g., into securing or locking part of the namespace such 
thatt only thee OLAP tool could ever create such tables. 
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Spatiall  Queries 

Manyy common implementation techniques for spatial queries on relational database 
systemss use bounding boxes at multiple resolutions. When determining which geo-
graphicc features, for example, overlap with an area of interest, say a river basin, pre-
processingg steps based on bounding rectangles are used. These preprocessing steps 
cann readily be expressed in SQL and executed efficiently using standard indexing tech-
niques.. After this pre-selection, an accurate and often computationally expensive pred-
icatee determines the final query result. The pre-selection is usually expressed in SQL 
ass one or more joins with one or more tables containing bounding boxes. 

If,, however, there are other predicates in the query, and in particular if these other 
predicatess are very restrictive yet relatively inexpensive to evaluate, the entire mech-
anismm of joining with the table of bounding boxes may well be ineffective yet quite 
expensive.. However, a query optimiser cannot automatically drop those joins, and will 
includee them in the execution plan. With the CHOOSE operator queries can be writ-
tenn so that additional predicates become optional and are subject to the optimiser's 
cost-basedd selection mechanism. 

Distributedd Queries, Replica, and Caches 

Nowadays,, when specialised appliance servers are networked to provide Web services, 
dataa are often cached on demand at various locations and database servers with dis-
tributedd query processing capabilities are often used as local caches. When queries 
aree processed in such caches, the required data collection or table may or may not be 
present.. Today, referenced data must be present or a query cannot be compiled and 
executed.. We proposed to employ the CHOOSE operator in a further variant: Let it 
bee sufficient that any one of the branches can be compiled, and let the query optimiser 
choosee among those branches. For example, the two branches of a CHOOSE operator 
mightt refer to a local copy and a remote copy of the same data. If both copies exist 
andd are accessible, the local copy is likely to be less expensive and will therefore be 
chosen.. If the local copy does not exist and only the remote copy can be queried, the 
optimiserr will correctly process the query. If a local copy exists but the remote server 
iss temporarily disconnected, the optimiser will also process the query correctly. 

Iff  the query processor is able to estimate costs accurately even for distributed 
queries,, it is also possible to choose among multiple alternative remote sources. Source 
dataa might be unavailable due to many reasons, e.g., temporary deletion as in the case 
off  caches, off-line database maintenance, network issues such as router failure or delib-
eratee disconnect during a security breach, planned or unplanned server downtime, etc. 
Again,, by formulating a query or a view using the CHOOSE operator, the application 
orr data architect can specify query equivalence. 

Withoutt further extensions, the optimiser can process only queries when fewer than 
alll  copies are available, but not updates. In general, updates of views with a CHOOSE 
operatorr can be processed correctly by updating all branches with the same delta, 
i.e.,i.e., the same insertion and deletion sets. If one of the branches cannot be updated, 
e.g.,e.g., because it is too complex due to a many-to-many join, the update request of the 
entiree CHOOSE expression must be rejected. 

Limitation ss of the CHOOSE Operator 

Beforee we conclude this chapter, we have a look at the limitations that the use of the 
CHOOSEE operator has. Semantic query optimisation techniques to which the operator 
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belongs,, often violate the principle of physical data independence, i.e., they tend to ex-
ploitt information that is not expressible in the framework of the relational data model. 
Hence,, special care has to be taken when data are migrated to a different schema or 
queriess rewritten; it is very easy in these cases to overlook and disregard dependencies, 
whichh eventually leads to wrong query results. However, remember that most SQL 
queriess are not written by humans but rather generated by Graphics User Interfaces, 
Computer-Aidedd Software Engineering (CASE) tools or middleware applications -
inn short, in a closed world. In these scenarios, it should be possible to integrate de-
pendencyy evolution into the design process and hence to control the dependencies as 
systemss develop. 

Quitee obviously, views employing a CHOOSE operator can be updated, presum-
ingg they do not contain any of the other traditional constructs that prevent updates. 
Ann update simply updates all branches of the view, very similar to optimised multi-
indexx update plans that update one index at a time and to execution plans for cascading 
referentiall  constraints that propagate updates to one table at a time. Perhaps more inter-
estingly,, the semantics of CHOOSE operators can be extended to permit branches that 
cannott be executed at all, e.g., because referenced tables do not exist. It is not clear, 
however,, how these two extensions can be combined in a safe way. Thus, the use of 
CHOOSEE can also affect the transactional behaviour of a DBMS. 

4.55 Conclusion 

Thiss chapter covered four different topics in XML querying: we started off by looking 
att how we can bulkload source documents efficiently into a DBMS and presented a 
wayy of querying them with the relational algebra combined with a preprocessing step. 
Whereass a query algebra requires domain knowledge for query formulation, the meet 
operatorr allows even novice users without domain knowledge to work with document 
databases.. Eventually the CHOOSE operator was presented as a tool for advanced query 
optimisationn by exploiting domain knowledge. 

Inn particular, the meet operator lets users query XML databases with whose con-
tentt they are familiar with but whose schema or structure they are unaware of. We have 
shownn that it neatly fits current XML data models and that query languages can be eas-
ilyy extended to incorporate the additional functionality. Furthermore, we demonstrated 
thatt the algorithms yield useful results on real world data and also scale well, thus en-
ablingg interactive ad hoc querying. The novelty of our work is that the result type of 
thee query is not specified by the user but dependent on the database instance queried. 
Thereforee we referred to meet queries as nearest concept queries. 

Promisingg future research topics in this area include further investigations into ex-
pandingg the applications of the meet operator with respect to information retrieval tech-
niques;; some aspects are already present in this paper like ranking and restrictions. A 
naturall  extension of the work presented here would also be to look at how to incorpo-
ratee views and IDREFs, which may break the tree structure of the database, into the 
searchh process. A case study in the bibliography domain demonstrate the usefulness of 
thee meet with a practical example. 

Withh the CHOOSE operator, we introduced a small syntactic extension to the SQL 
language.. The proposed syntax for the CHOOSE operation is based on relational alge-
braa table expressions, similar to other SQL extensions such as outer joins that dont fit  as 
predicatess in the WHERE clause. Syntactically, it is very similar too a UNION operator as 
it,, too, combines two union compatible table expressions, *.<?., tables with compatible 
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columnn sets. Despite its syntactic simplicity, the CHOOSE operator gives tremendous 
powerr to the application designer, tool developer or middleware application. In some 
cases,, equivalent effects can be achieved using materialised or indexed views, which 
aree often already implemented in the database system. In other cases, equivalent ef-
fectss could be achieved if the implemented support for materialised views were more 
powerful.. In many other cases, however, the equivalences known to the application 
designerr or data architect cannot be expressed in SQL, meaning that they cannot be 
supportedd by any materialised views. This is the real advantage of our proposal: giving 
applicationn designers the power to declare what information is equivalent. The power 
off  the proposed extension was illustrated in several application domains, including on-
linee analytical processing, spatial databases, and databases for semi-structured data or 
XML .. Experiments with some typical representations of XML data demonstrated the 
advantagee that can be achieved by employing the CHOOSE operator to extend the set 
off  possible query execution plans. In spite of the power and the breadth of application 
domains,, it is truly straightforward to implement the CHOOSE operator in modern, ex-
tensiblee query optimisers. It is a core property of closed algebras that operations can 
bee assembled into arbitrarily complex expressions, because constants and operator re-
sultss have fundamentally the same type - relations our case. Therefore, algebraic query 
processingg technology is inherently extensible. The described implementation of the 
CHOOSEE extension is but one proof of that. There are a number of extensions beyond 
thee CHOOSE operator hinted at here. 

Partss of this chapter were previously published or are under review. The bulkload-
ingg techniques were first discussed in [SK02], and the meet operator in [SKW01]. A 
paperr describing the CHOOSE operator is under review [WGLGS02]; parts of this work 
weree done while the author was visiting Microsoft Corporation. 

4.66 Bibliographical Remarks 
Theree have been a number of works on evaluating queries on streams of XML docu-
mentss whose results carry over to bulkloading documents since the latter can be seen 
ass a special kind of query; see [AFOO] and [ILWOO] for details on this idea. The author 
iss not aware of any other work describing intricacies and optimisation of bulkloading 
structuredd documents to date. 

Thee literature on querying XML can be divided into two groups: querying XML 
viewss derived from conventional data models such as relational, object-relational or 
object-basedd models, and native support for XML query languages. [SSB+00] show 
howw to treat and query relational sources as XML documents; [SchOl] present an in-
terestingg native XML mapping based on text arrays to query XML documents. 

Withh respect to the meet operator, there have been a number of attempts to make 
queryingg XML documents or semi-structured data easier for users. In [FKMOO] the 
authorss enrich XML-QL with keyword search on subtrees of certain tags. The DBMS 
Loree [MAG+97a] also supports keyword and distance search. The difference to our 
workk is that the result types have to be made explicit in the queries, which is what 
thee meet operator avoids and hence allows simpler query formulation. Furthermore, 
byy restricting the result types, the operator can be used to implement keyword search 
ass a special case. In [GSVGM98] the authors present algorithms for proximity search 
inn graphs; their queries follow a 'Find objects from S\ Near objects from Si pattern 
wheree the user has to specify sets S i and Sj', therefore formulating these queries also 
requiress more domain-knowledge than is needed for meet queries. Another view on 
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ourr work is that we are trying to exploit the inherent semantics encoded in the tag hier-
archies;; a very interesting approach to combining knowledge from outside the database 
withh internal knowledge is [G WOO]. However, this approach is of a different nature and 
ass such complementary to ours. The algorithmic problem of finding lowest common 
ancestorss although novel to XML processing as a query primitive has a long history in 
databasess and code optimisation, see [ASSU81, AHU76]. We also assume that espe-
ciallyy relational XML Query processors that support XQL's before and after predicates 
alreadyy provide some of the functionality a full implementation of the meet operator 
requires. . 

Thee CHOOSE operator is only one member in the large family of query optimisation 
strategies.. Earlier work on DBMS extensibility considered mechanisms to incremen-
tallyy add logic to query optimisers, to deal with new logical operators, implementa-
tionn algorithms, and equivalence rules; some important works include[Fre87, GD87, 
Loh88]]  and [HFLP89, GM93, PHH92]; for a very readable description see [Gra95]. In 
thesee works, a typical DBMS extension would include adding support for a new kind 
off  object, say time series, requiring changes spanning all the way from language sup-
portt to potentially special-purpose storage structures. A database implementor would 
usee extensibility features to prepare a custom-tailored DBMS. In the query optimiser 
inn particular, equivalences would then be defined through a collectionn of rules that in-
dicatee how to generate alternatives, using data structures provided by the extensibility 
framework.. The code from those rules gets compiled and linked into the optimiser 
modulee of the DBMS. The work presented here is complementary to the techniques 
developedd for extensible DBMSs. We assume that the application can map its data to 
objectss already supported by the DBMS, such as tables, and focus exclusively on ex-
tendingg the generation of alternatives of the query optimiser. The relevant information 
aboutt equivalences is provided per-query, using SQL directly. This allows factoring 
outt the DBMS the logic to understand application-specific equivalences, while main-
tainingg cost-based selection of efficient plans in the extended search space. As with 
otherr extensibility features, this enables application writers to implement functionality 
onn their own, without having to wait for it to be implemented natively in the DBMS. An 
areaa for improvement in DBMS development is constraint definition and its utilisation 
byy the query processor. Materialised views already are a powerful form of constraint 
declaration:: the DBMS is supposed to maintain the constraint rather than to enforce 
it.. In some cases, a more expressive constraint system could eliminate the need for the 
CHOOSEE operator. However, it is questionable whether it is desirable or feasible to 
supportt very complex application-specific constraints natively. 

Anotherr body of work that is both orthogonal and complementary to the CHOOSE 
operatorr is dynamic optimization - improving performance by delaying some decisions 
onn the execution plan until query runtime, to take into account information that may 
nott be available at compilation time, such as actual values of query parameters, avail-
ableable memory, and state of the execution environment in general [CG94, INSS92]. The 
CHOOSEE operator is only about declaring equivalences, while the process of deciding 
whichh alternative to execute and how remains entirely the taste of the query processor. 
Thee alternatives opened up by CHOOSE need not be resolved statically at query com-
pilee time. Specifically, the run-time choose operator proposed in [CG94] can be used to 
selectt between the alternatives, when there is not enough information at compile time 
ass to which is preferable. 


