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Abstract

When streaming semi-structured data is processedy
a well-designedquery processor,parsing constitutes
a signi cant portion of the running time. Further
improvemerts in performancetherefore require some
method to overcome the high cost of parsing. We
have designeda general-purposemecanism by which
a producer of streaming data may augmern the data
stream with hints that permit a downstream proces-
sor to skip parsing parts of the stream. Inserting
such hints requires additional processingby the pro-
ducer of data; howewer, the resulting stream is more
valuable to consumers(since they have to perform
lessprocessing), making such processingworthwhile.
We preser a set of hint schemesand describe how
they are usedby query engines. We demonstrate the
bene ts of our approac using an experimental study
basedon a hints-aware XPath query engine. Our re-
sults shaw that XHints canimprove the performance
of XPath query enginesby as much as 100%.

1 Intro duction

Streaming semi-structured data processinghas re-
certly gained immense importance, particularly in
the area of publishing and subscription services. In
most of theseapplications, the data is generatedand
sent by a serwer to a large number of subscribed
clients in form of a stream. The clients may be inter-
estedin di®eren portions of the data which can be
represened in form of a query (e.g. XPath expres-
sion) and hasto be evaluated on the data stream to
obtain the desired portions of data.

A simple architecture for such an application is
a certralized system where the clients submit their
gueriesto a certral data server. The sener performs
the necessaryquery evaluation and sendsthe appro-
priate portions of the data to ead client. Although
this schemehasa low overheadin terms of amourt of
data sert acrossnetwork, it requires a large overlay

of resourcesat the sener side and is not scalable.

An alternative method is to sendthe data streamto
ead client using either unicast or multicast network
methods and leave it to ead client to pick the data it
needs. The advantage of this approac is its simplic-
ity, low processingcost at the server and scalability
to a large number of clients. Howewer, it su®ersfrom
the disadvantage of requiring ead client to perform
potentially large amount of redundant work. This
problem is exacerbatedby the presenceof low-power
clients such as PDAs and Web-enabled phones and
requires a mechanism to reduce the computational
load on the client query processors.

It has been obsened that even well-implemented
stream processorg2, 20] spend a large fraction (typi-
cally well over 50%) of their CPU resourceson parsing
the input stream. As aresult, any post-processingop-
timization technique can only provide limited gain in
system performance. Further improvemert can only
be attained by reducing the cost of parsing the data.
One possibleway of achieving it is by restricting the
parsing to those portions of data stream that contain
the query result. We refer to such data as relevant
data with respect to the query. Clearly, skipping ir-
relevant data doesnot result in any lossin terms of
the correctnessof the output, but does help reduce
the workload of the query processor.

For example, consider the XPath query
/book[discount]/title on the sample XML
data shown in Figure 1. For this particular query, a
book elemen without a discount child elemen does
not cortain the query result and is irrelevant. Thus,
sudh elemers, e.g. the secondbook elemert (lines
21{30), can be skipped by a query engine. Similarly,
within the book elemen, elemens other than the
titte elemen do not a®ectthe query result and can
be skipped by the query engine.

Skipping data requires someform of direct access
to relevant data. Traditionally, this accessis usu-
ally provided with the help of indexes. Unfortu-
nately, methods for indexing semi-structured data
(e.g.,[6, 7,10, 19)) are not easilyadaptedto a stream-



1.<root>

2. <mag>

3. <name>Times</name>

4. </mag>

5. <book>

6. <title>

7 Modern Information  Retrieval

8. </title>

9. <discount> 10 </discount>

10. <price> 15 </price>

11. <year> 1972 </year>

12. <edition> 3 </edition>

13. <pub>

14. <name>AddisonWesley</name>

15. <address>

16. 34 Broadway, N.Y. U.S.A

17. </address >

18. </pub>

19. <author> Ricardo Baeza-Yates </author>
20.</book>

21.<book>

22. <title>

23. Database Systems:The Complete Book
24, </title>

25. <price> 60 </price>

26. <edition> 2 </edition>

27. <author> Hector Garcia-Molina </author>
28. <author> Jeffrey D. Ullman </author>
29. <author> Jennifer Widom</author>
30.</book>

3Xk/root>

Figure 1: Example XML data

ing ervironment in which indexing information is re-
quired before the ertire stream (which may be un-
bounded) is available. Further, unlessthe stream
data is available a priori, indexesfor streaming appli-
cations must be generatedon the °y.

An early example of an index for streaming data
is the stream index (SIX) for XML [11]. This index
augmerts a streamwith pointers to the beginningand
end of eadh elemen. These pointers are stored in a
compactbinary form and may be usedby a query pro-
cessorto skip to the end of elemerts that are deemed
irrelevant. SIX has a very low overheadand can sig-
ni cantly increasethe throughput of streaming XML
qguery processordfor simple queries. However, SIX is
of only limited use for more complex queries, suc
asthose containing closuresand predicates. The SIX
index provides o®setso XML elemeris that matches
a query label. Howewer, the index does not contain

suzcient information to infer if the elemen satis es
a predicate or contains a descendah speci ed in the
query. As a result, the query processormay have to
parse additional data resulting in an overhead.

For example, even in the caseof moderately com-
plex query sudh as //book[price< 10]//address |,
the query processormay usethe SIX index to jump
to the “rst book elemert at line 5 in Figure 1. But
asthe index doesnot contain any additional informa-
tion about the data, it hasto parsethe ertire elemen
even though it doesnot satisfy the predicate.

Furthermore, SIX hasbeendesignedfor XML data
that is available o®-linefor pre-processing.The index
generationrequiresboth the start and the end o®sets
of all elemerts, but in caseof streaming data, some
XML elemens may not be completely available to
compute these o®sets.

We proposea °exible scheme for placing indexing
information in a stream, in the form of annotations or
hints. Thesehints, called XHints, store information
about the stream data sud as the o®setsto data
elemens and summariesof data values. They can be
inserted in the stream asspecial elemerts in the same
format asthe data.

XHints are generatedat the sener end and sen
alongwith the data stream to the clients. The gener-
ation of XHints doesnot require accesso the entire
data stream. They may be generatedusing only par-
tially bu®eredstreams, allowing near-real-time pro-
cessingof the data.

Since XHints constitute additional data that must
be sert to clients, they do not result in any savings
in network transmission costsin a unicast network.
In a multicast network, savings may result from the
fact that clients that would otherwise receiwe distinct
streams now receive the sameone. Further, XHints
alsoimply someadditional computation at the sener
(albeit simple, as described later). Howewer, these
additional costsat the server may be worthwhile be-
causenot only do they improve the exciency of the
system as a whole (server and many clients), they
also increasethe value of the data provided by the
sener to a client (becauseit is easierfor the client to
useit).

Our methods are applicable to any data stream
represering tree-structured data that is serialized
in pre-order. However, for concreteness,we focus
on processingXPath querieson XML in this paper.
Since our methods are basedon the idea of skipping
input data without parsing, a downstream query en-
gine (at the client site) may not be able to ched the
well-formednessof the portions of stream that are
skipped. Howewer, we assumea trust relationship



betweenthe producer and the consumerof the data
in this regard becausein any case,the consumerhas
to rely on the correctnessand validity of the XHints
inserted by the producer. The system also does not
depend on the character encading usedin the data
stream sincethe o®setsto the elemerts are de ned in
terms of number of characters instead of raw bytes.

We may summarizethe main contributions of this
paper as follows:

1. To the best of our knowledge, the methods we
presert here are the ‘rst that permit a stream
processor to systematically and °exibly skip
parsing parts of semistructured data streams.
Since parsing frequertly accourts a large frac-
tion of processingtime, methods such as these
are important if throughput is to be improved
beyond the maximum throughput of a parser.

2. Wedescribe a genericframework for XHints that
allows any query engine to process streaming
semistructured data more exciently. We de-
scribe the application of XHints for an auto-
mated XPath query processorand an iterator
basedquery engine.

3. We present an experimental study of our meth-
ods, quantifying the costsand bene ts of insert-
ing hints in data streams.

The rest of the paper is organizedas follows. Sec-
tion 2 describes the architecture of the XHint sys-
tem and the API provided to the query engine. A
detailed description of XHints is preseried in sec-
tion 3. The processingand generation of XHints are
described in section 4 and 5 respectively. The appli-
cation of XHints on two query enginesis preseried in
section 6. Section 7 preseris the performance eval-
uation of XHints. The related work is described in
section 8. Finally, the conclusionis preseried in sec-
tion 9.

2. System Arc hitecture

Figure 2 depicts the system architecture of a XHint-
enabledquery processor. The systemconsistsof three
modules, 1) the XPath query processor,2) an XHint
processing unit called XHManager and 3) a SAX
XML parser. The solid lines in the diagram repre-
sert the °ow of cortrol between the three modules
and the °ow of data is shavn by dashedlines.

The parser generates SAX events for the input
data, which are sent to the XHManager. The XH-

and the XML parser. It may handle the SAX evert
internally (if it isan XHint) or forward it to the query
engine (if it is a data elemen) for processing. It is
also responsible for computing the o®setsto various
elemernts in the stream which are usedby the parser
to skip data.

XHManager determines the portion of the data
that hasto be processedvy the parserwith the help
of XHints and the query engine. The XHManager as-
sumesthat the query enginehasa medanismto iden-
tify the elemeris speci ed by the XPath query (in-
cluding any conditions such as predicates) that have
to processed.The query enginealsohasthe responsi-
bilit y of registering theseeverts with the XHManager
in a list referred as the EventList . The EventList
acts as a medium through which the query engine
provides a list of labels of elemens that should not
be skippedin order to maintain the correctnessof the
output. As described more in section 3, XHints pro-
vide information such aso®setg0 various elemeris to
the XHManager. The XHManager usesthis informa-
tion to skip asmuch data aspossiblewhile guarantee-
ing that no SAX event corresponding to the elemerts
in the EventList is skipped.

The list of essetial events changesas the stream
is processedand must be updated accordingly by
the query engine. For example, in caseof the query
/book/discount , when the query processoris at the
start of the stream of Figure 1, all SAX ewerts corre-
sponding to the book elemerts have to be processed.
Thus, the query engine registers this evernt in the
EventList . After parsing the start tag of the book
elemen in line 5, the query engine should not skip
any discount elemen. Howewer, it can skip any
other elemen including a book elemen. Thus, the
book SAX evert is replaced by the discount SAX
event in the EventList . The book evert replacesthe
discount event to the EventList when the end tag
of the book elemer is processedat line 20.

The XHint-enabled query engine processonly se-
lective SAX everts, called essential SAX everts. An
essetial SAX event correspondsto an elemen about
which the XHints do not provide suzcient informa-
tion to infer if it doesnot cortain any of the elemeris
of the EventList . Thus, an essetial evert cannot
be skipped by the query engine. All relevant por-
tions of the data stream are essetial everts though
the corverseis not true. Ideally, we would like XHints
to contain suzxcient information to restrict essetial
SAX ewens to relevant portions of the stream but
it is not possible due to large data overhead costs.
As a result, the processormight also have to process

Manager acts asa proxy betweenthe query processor irrelevant elemers.
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Figure 2: System Architecture

For example,a query enginewith the query /book/
discount on the data of Figure 1 must necessarily
processevery book elemen with a discount child
elemen. Thus, the SAX event corresponding to the
book elemert at line 5in Figure 1is an essetial event
for this query. On the other hand, the book elemen
at line 21 is not an essetial evert if the XHints let
the query engineinfer that it doescortain a discount
elemen and can be skipped safely

If the query contains a predicate, as in
/book[price< 20]/pub//name , an elemen cortains
query result if only if satis es the predicate. If an
XHint provides information that the elemen does
not satisfy the predicate, it is not an essetial ele-
ment and can be skipped. In caseof the example
query, the book elemer is not essetial if the XHint
provides the information that it doesnot cortain a
price elemen with valuelessthan 20. If the query
expressionhas an elemern label following a closure
axes, the query engine may restrict its attention to
elemerts containing a descendanh with that label. For
example, any child elemen of the book elemert is an
essetial SAX event for the query /book//name un-
lessXHints explicitly provide information that it does
not contain a nameelemen asits descendah

The XHManager does not depend on the partic-
ulars of the query engine. It only requiresthat the
guery enginecorrectly update the EvertlList. The in-
terface for this purposeis composedof the functions
summarized below.

1. int addSAXEvent(String uri, String local-
Name, String PredicateElementlakel, String Op-
erator, String ConstantValue, int AxisType)

This function registers a SAX event with the
XHManager. It returns a unique identi er for
the SAX event. The SAX ewert is identi ed by
its URI and the tag label of the elemen local-

Name. In addition to theseidenti ers, informa-
tion about the evert such as predicate and axes
type is also provided.

2. void removeSAXEvent(int EventlD)

This function removes the evernt corresponding
to the EvertID from the EventList.

As mertioned before, in order to update the
EvertList using this API, the query engine should
be capableof identifying the essetial SAX ewents as
it processeghe data. We later show how it can be
achieved with the help of someactual query engines.

3. XHin ts

XHints are special XML elemens that are used to
store a brief structural summary of a data stream.
This summary is encaded using XML attributes. Al-
though the attributes of an XHint can store a variety
of information, in this paper we focus on only four
kinds of attributes or hints. Thesefour typesof hints
are End Hint, Child Hint, Sibling Hint and Desen-
dant Hint. Figure 3 depicts a sample hints-enhanced
data stream, with the XHints marked with x.

Each XHint storesinformation about a portion of
the stream known asits scope. Although the scope
of an XHint canbe any arbitrary portion of the data,
werestrict it to the data betweenthe end of the XHint
to the end of its parent elemen or the start of a sib-
ling data elemen. This restriction ensuresthat an
XHint does not contain information about any ele-
ment outside its parent elemen. As a result, the
system cannot obtain o®setsto elemers outside the
parert elemen and skip directly to them. It guar-
anteesthat either the complete elemen is skipped or
both its start and end tag are parsedto maintain the
validity of the processeddata. Further, the restric-
tion results in nestedscopesi.e. the scope of a XHint
of a descendan lies completely within the scope of an
XHint of the ancestor. As we shall seelater in sec-
tion 4, this property is crucial for excient processing
of XHints.

If the scope of the XHint ends at the start of a
sibling data elemen, a sibling XHint is inserted after
the end of the sibling elemen to store information
about the remaining portion of the parent elemen.
Note that none of thesetwo XHints cortain informa-
tion about the sibling elemen preser betweenthem.
Thus, it may have to be parsedeven though it might
not cortain the query result. Howewer, allowing the
scope to end at an sibling elemen instead of the end
of the parert elemen permits on-the-°y generationof
XHints for incomplete elemers in the data stream.



The XHints store some of the information (such
as descendah information) encaded in order to re-
ducethe data overhead. The meta-information about
the encaling is provided to the client in a special
XHint elemen called META. Like normal XHints,
the META elemen stores the meta-information as
XML attributes and is inserted at the start of its
scope. Howewer, unlike normal XHints, the scope is
not restricted to the end of its parent elemen and can
extend to an arbitrary length until the next META
elemen. The restriction is not neededfor this ele-
ment since the information in the META elemen is
not usedto skip data. Its scopeis usually determined
by the resourcesavailable at the server end to gener-
ate the hints.

The end hint of a node cortains the o®setfrom the
end of the XHint to the end of its scope. It is stored
as the value of attribute ““end."  This hint allows
the parser to directly skip to the end if the node or
any of its part does not cortain an essetial evert.
The value of the end attribute of the XHint at line
3 in Figure 3 givesthe o®setto the end of the root
elemen.

The child hint storesthe o®setsto di®eren child
elemens of a node. The o®setsto child elemeris
with label | are stored as the value of an attribute
named [, in the form of a colon-separatedlist. The
attribute author of the XHint in line 24 in Figure 3
is an exampleof a child hint. It storesthe o®setsand
the data digest (described later) of the three author
child elemerts in a colon-separatedist. Theseo®sets
can be usedby the query processorto jump directly
to the child elemens which may cortain the query
result.

Sincethere is no predeterminedbound on the num-
ber of children of an elemen, the storageof such child
o®setsmay cause an XHint to becomevery large.
This situation is undesirable becausea downstream
processorneedsto parsethe entire hint before using
any information (not necessarilythe information re-
lated to the numerous children).

Sibling Hints are usedto limit the sizeof an XHint.
A sibling hint of a node cortains o®setsto sibling
nodeswith the samelabel and is stored as the value
of attribute ““sib." The XHint of a parent node is
usedto store only the o®setsto rst c (a parameter)
children with any label. The o®setsto the next say n
nodesare stored in the ¢** child node. The (c+ n)t"
node cortains the o®setto the next n nodesand so
on. In this manner, sibling hints allow storing the
o®setsto a large number of children nodes without
making any one particular XHint very large.

XHints canalsobe usedto store information about

the text cortained in an elemen. We store a sum-
mary of the text node in form of a data digest along
with the o®setas part of the child and sibling hints.
This additional information is useful for querieswith
predicates. A query engine can use the data digest
to pre-ewaluate predicatesand skip elemeris that do
not satisfy the predicates. If the text is an alpha-
numeric string, we store the rst s characters of the
string. (Typically, s is small, say 3.) If the constart
speci ed in the predicate does not match the rst s
characters of the elemen, the query processorcan
skip the elemen since it de nitely does not satisfy
the predicate.

We usea di®erent schemeto generatethe data di-
gestfor text nodeswith numeric values. The range of
numerical constarts occurring for eac label in a por-
tion of the data stream is stored in the appropriate
META elemert in the Hashattribute. The attribute
stores the range as a seriesof (element label, min-
imum value, maximum-value). An example of the
Hash attribute appearsin line 2 in Figure 3. The
range is then divided into a "xed number of equal-
sizedintervals and the interval index of the numeric
text of an elemen is stored asits data digest.

The Desendant Hint provides information about
the descendats of an elemen in a conciseform us-
ing a bitmap. Each label occurring in the data is
assigneda unique index. If a particular label occurs
as a descendan of the node, the bit at the index cor-
responding to the label is set. The bitmap is stored
asinteger-valued attribute desc in an XHint elemen.
The mapping from labels to indexesis stored as the
value of the attribute LIndex of the META elemen,
asa list of label-index pairs as suggestedby line 2 of
Figure 3.

The descendah bitmap is useful for processing
queries with closure axes. For such queries, an el-
emert may contain the label speci ed after the de-
scendan axis in the query as a child of any of the
descendah of the elemen. The bitmap allows the
XHManager to infer which elemens do not cortain
the label asthe descendah and avoid parsingits child
elemers.

4. XHin t Pro cessing

In this section, we describe how XHints are used for
processingdata more exciently. In the following dis-
cussion,we assumethat the query engineupdatesthe
list of essetial everts correctly for the XHManager
and focus on the operation of the XHManager. As
noted earlier, the parsergeneratesSAX events based
on the input stream. The XHManager handles suc



1.<root>
2.*<METALIndex="address 0 namel pub 2
edition 3 discount 4 price 5 year 6

titte 7 author 8 mag9 book 10"
Hash="price:15-60  discount:10-10"/>

3.*<Hint end="768" desc="255" mag="2"
book="67"/>

4. <mag>

5. <title> Times </times>

6. </mag>

7. <book>

8.* <Hint end="320" desc="3" sib="327"
title="2" discount="46-0"
price"92-0" edition="129-thi"
pub="149"  author="235-Ric"/>

9. <title>

10. Modern Information  Retrieval

11. </title>

12. <discount> 10 </discount>

13. <price> 15 </price>

14. <edition> third </edition>

15. <pub>

16. <name>AddisonWesley</name>

17. <address>

18. 34 Broadway, N.Y. U.S.A

19. </address>

20. </pub>

21. <author> Ricardo Baeza-Yates </author>

22.</book>

23.<book>

24.*<Hint end="213" desc="0" title="2"
price="34-1" edition="96-sec"

author="123-Hec:165-Jef:198-Jen">
25. <title>
26. Database Systems:
27. </title>
28. <price> 60 </price>
29. <edition>second </edition>
30. <author> Hector Garcia-Molina </author>
31. <author> Jeffrey D. Ullman </author>
32. <author> Jennifer Widom</author>
33.</book>
34&/root>

The Complete Book

Figure 3: XML data with XHints

everts in two ways. If the event represerts a data ele-
men, it is forwarded to the query engine. Otherwise,

the ewvert represens an XHint, and it is processed
by the XHManager itself. Algorithm 1 provides the

pseudo-cale for the XHint processingalgorithm.

If the XHint elemen is a MET/Aelemen, the XH-
Manager usesthe processMETAprocedureto process
the two attributes, Lindex and Hashto obtain the
label-to-index mapping and the range of the numer-
ical values of elements. Otherwise, the XHManager
usesthe EvertlList to processthe XHint. The events
registered in the EvertList can be broadly classi-
“ed into three types: (1) ewents corresponding to
child elemerts without any predicates;(2) events cor-
responding to elemens assaiated with predicates;
and (3) everts corresponding to descendah elemerts.
The XHManager usesthese three types of evens to
determine the o®setdo the relevant portions of data.

XHManager usesa stadk called OffsetStack to
store and maintain o®setsto the data elemens. The
o®setsare stored in the sameorder the elemeris occur
in the stream, with the o®setto the elemen occur-
ring rst at the top of the stack. The nested scope
of XHints helps maintain this order implicitly . When
the parserreachesan XHint of an elemen, the values
already presen in the stadk have beenobtained from
its ancestorsand point to positions in the stream be-
yond the scope of the XHint. Thus, the o®setsfrom
the XHint refer to elemers that occur beforethe el-
emerts pointed by the o®setsin the stadk. So, none
of the o®setsobtained from the XHint have to be in-
serted in the middle of the stack. Instead, they can
be addedto the stack in the increasingorder of their
o®setvalue maintaining the proper order.

The initial o®setvaluesto various elemerts are rel-
ative from the end of the XHint they are obtained
from. Thesehave to be updated asthe streamis pro-
cessed.Each o®sethasto be reducedby the number
of characters from the end of the XHint to the po-
sition in stream where the o®setis used. A naive
solution to perform this operation is to traversethe
stack after every SAX evert and reducethe number
of characters skipped or read from ead value. Obvi-
ously such an approad is highly inexcient and can
sewerely degradethe throughput of the query proces-
sor.

We usea more excient way of maintaining the cor-
rect o®setvaluesby observingthat the parserguaran-
teesthat the parserreadesall the positions pointed
by the o®setsin the O®setStak. So,the XHManager
requires an o®setonly after the parser reaches the
position pointed by the o®setstored at the top of it
in the O®setSta&. Thus, we only needthe di®erence



betweenthe two consecutive o®setdn the O®setStak
instead of their absolute values.

We modify the push operator of the O®setStak
to perform this operation. Every time an o®setis
pushedinto the O®setStag, the previous head of the
sta is reducedby its value. It ensuresthat an en-
try in the stadk contains the o®setrelative to the
position pointed by the value stored above it. For
example, if the O®setSta& is {345} and we have
to insert {213}, the modi ed push operation results
in {132,213. On inserting another value, {23}, the
stadk cortains {132,190,23.

Howeer, the updated o®setsvaluesfrom the O®-
setStak are not sutcient to jump to the desiredposi-
tions in the stream. The modi ed push operator only
ensuresthat the o®setvalue is relative to the last po-
sition pointed by an XHint. It does not take into
accourt the characters the parser might read after
readhing that position. For example,in the example
data in Figure 3, the end hint from line 8 givesthe
number of charactersin line 9{21 as 320. The child
hint for the pub elemen gives the o®setfrom line
9 to line 15 as 149. If the XHManager insert these
two o®setsin the O®setStak, the top of the stad is
{...,171,149. At the end of the XHint, the parser
usesthe rst o®setto jump to line 15. Sincethe pub
element does not contain an XHint, the parser has
to parsethe ertire elemen. At the end of the pub
elemen, the o®setstored at the top of O®setSta&
is 171 which is the o®setfrom line 15 to line 21 but
the parseris currently at the end of line 20. Thus,
additional information is required by the XHint pro-
cessorto correctly estimate the o®setto line 21 from
current position.

This information is made available in the form of
number of charactersprocessecdy the parserfor eath
elemen. We only require this information for ele-
ments which have not been completely parsed yet.
Sincethere can be at most one such elemen at eath
depth, we usea separatestadk called the CharStack
to store the number of characters in the decreasing
order of the depth of the elemen they correspond to.

At the start of eah elemen, the XHManager in-
serts a 0 at the top of CharStad, which is updated
asits child elemers are processed.After processing
the last essetial child elemen, the XHManager uses
this value along with the o®setstored at the top of
O®setStak to jump to the end of the elemen. In the
example mertioned above, the o®setfrom line 20 to
the start of the end tag of book at line 21 can be ob-
tained by subtracting the number of characters read
inside the book elemer from the value at the top of
the O®setSta&.

Algorithm 1 XHint Processing

procedure startElement(SAXEvent e)
1: if e is an XHint then
2 processXHint(e);
3: else
4:  QueryEngine.startElement(e);
5: end if

procedure endElement (SAXEvent e)

1: if e is an XHint then

2 processXHint(e);

3: else

4:  QueryEngine.endElement(e);

5: end if
6: parser.skipData(OffsetStack.pop()-CharStack.pop());

procedure processXHint(SAXEvent e)
1: if e is a META element then
2:  processMETAElement(e);

3:  return;
4: end if
5: OffsetStack.add(e.getEndHint());
6: for all Events E in EventList do
7: if E is a child Event with label L then
8: if E does not have a predicate then
9: OffsetStack.add(e.getChildHint(L));
10: else if E has an existential predicate with label L
then ,
11: if XHint has a child hint for label L then
12: OffsetStack.add(e.getChildHint(L));
13: end if
14: else if E has a comparison predicate with label L
then ,
15: if the data digest of label L satisfies the predicate
then
16: OffsetStack.add(e.getChildHint(L));
17: end if
18: end if
19:  else if E is a descendant Event with label L then
20: if The bit for L is set in the descendant bitmap then
21: OffsetStack.add(e.get ComplexChild());
22: end if
23:  end if
24: end for

During the processingof an XHint, if an evert in
the EvertList is oftype 1, the relevant elemens which
needto be processedy the query engineare the child
elemens corresponding to the label. The o®setto
these elemeris can be obtained from the child hint
of the XHint. These o®setsallow the parserto jump
directly to these child elemeris, skipping the rest.
In addition to the o®setsto the child elemers, the
XHint manager usesthe end hint of the XHint to
provide the o®setfrom the last relevant child elemen
to the end of current elemen.

Example 1 Considerthe query /booki/titte  onthe
stream of Figure 3. The result of the query consists
of the title  elemeris in lines 6{8 and 22{24 of the
original XML stream (Figure 1).



318 318
67 0 7 7 26 7
761 0 761 434 434 6 434 6
oS Cs (O] CSs 0os Cs 0os Cs oS CSs
@ (b) (© (d) (€
line3 line7 line8 line11 line 22
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22 for query /booki/title

Initially , both the O®setSta& and CharStack are
empty. At the beginning of the stream, the query en-
gine registersthe SAX event corresponding to a book
child elemen with the XHManager. When the XH-
Manager processeshe XHint in line 3, the book label
in the EvertList indicates that it is the next essen-
tial elemen that should be processedby the parser.
As aresult, the o®setsrelated to the book child from
the XHint are stored in the O®setSta&. The XH-
Manager also storesthe o®setto the end of the book
for future use. At this point, the state of two stacks
is showvn in Figure 4(a). Note that the o®setvalues
have beenmodi ed by the special push operator be-
fore inserting.

At the end of the XHint, the XHManager popsthe
o®setat the top of the stack and usesit to jump di-
rectly to the book elemen at line 7. The processing
of the SAX event for the book elemen is delegated
to the query engine. Sincethe essetial elemen in-
side an book elemert is a titte  elemen, the query
engineon processingthe start tag of book elemen at
line 7 replacesbook from the evert list of the XH-
Manager with title . An additional entry is added
for the book elemert to CharStad after updating the
previous value. The state of the stadks is shawn in
Figure 4(b).

The next XML elemer to be parsedis the XHint at
line 8, which is handled by the XHManager internally.
As the evert list now contains the title  evert, the
manager usesthe child hint for title  to obtain the
o®setand store it in the O®setStak along with the
o®setin the end hint and sibling hint. Figure 4(c)
shows the state of the stacks.

At the end of the XHint, the parserusesthe o®set
at the top of the stack to skip directly to line 9. Af-
ter the query processoroutputs the title  elemen,
the CharStad is updated (shown in Figure 4(d)) to
include the number of charactersin the elemen. The
XHManager requeststhe parserto jump to the end

of the book elemen at line 22 sincethere are no more
essetial SAX ewverts (title elemeris). In this case,
the o®setat the top of the stac is 318. The o®set
to the end of the book tag from the end of title is
calculated by subtracting the length of all children
of the elemen processedby the parser (line 9{11)
available from CharStadk from this o®setand jump
straight to line 22. The state of the stacks is depicted
in Figure 4.

When the query engine parsesthe end tag of book
elemen, it again updatesthe XHManager's evert list
by removing the titte  and adding the book evert to
it. Next, it usesthe value at the top of the stad to
jump to next book elemen. The XHManager pro-
cesseghe secondbook elemen in a similar fashion
using the EvertList to skip all child elemerts of the
book elemen exceptthe title at line 25— 26.

This schemeallows the parserto processonly 6 el-
emerts comparedto 20 elemens processedby a nor-
mal query engine saving the parsing cost involved.

|

Note that although XHints do not provide direct
o®setsto the result elemerts, they provide o®setin-
formation for all children nodes instead of just one
particular type and can be used to skip data for
other similar querieslike /book/author and /book/
discount without requiring any additional process-
ing of the data.

In case of more complex queries with predicates
and queries, the basic algorithm remains the same.
The valuesin the O®setSta& and the CharStad are
maintained in exactly the samefashion as explained
in Example 1. The only di®erencearisesin the logic
the XHManager usesto decide which o®setsare rel-
evant and should be inserted in the O®setSta&. In
the following discussion,we assumethat the o®sets
obtained from the XHints are updated using the O®-
setStak and CharStack and do not provide the exact



details on how is a particular o®setstored by the sys-
tem. Instead, we concerirate on how does XHMan-
ager use the descendah bitmap and data digest to
identify the irrelevant portions in the stream.

In casean ewen is assa@iated with predicates, the
relevant elemeris canbeidenti ed only after evaluat-
ing the predicate. The XHint Manager usesthe data
digest to pre-ewaluate the predicate to selectthe rel-
evant o®sets.If a particular elemen doesnot satisfy
the predicate, the XHManager can avoid parsing it.

If the predicate is an existertial predicate suc as
in /book[discount]/title/text() , the presenceof
achild hint with the label of the predicate is sutcient
to pre-ewaluate the predicate. An elemen can satisfy
an existertial predicate for an elemern with particular
label [ if and only if the XHint of the elemen contains
a child hint with label {.

Example 2 Considerthe query /book[ discount J/ti-
tle/text() on the data in Figure 3. The rst book ele-
ment satis es the predicate and its title elemen be-
longsto the result. However, the secondbook elemert
doesnot satisfy the predicate and can be skipped by
the query processor.

Howewer, a normal query processoris not aware of
this fact and will parseall 20 elemens. But XHints
provide information about all the child elemers in
form of child hints. This fact can be usedby a query
engineto pre-ewaluate the existertial predicate. If the
XHint of a book elemen doesnot cortain a child hint
for a disoount elemen, the parser can skip parsing
the remaining elemer.

The query engineregistersan essetial evernt with
the XHint Manager with the tag label title and an
existertial predicate with label discount on reacding
the start of the rst book elemen. When the parser
readhesline 8 of the example data, the XHManager
processeghe child hints present in the XHint of the
“rst book elemern. Sinceit contains the child hint for
the SAX ewert in the predicate (discount), the XH-
Manager infers that this elemen satis es the predi-
cate, and thus hasto be parsedby the query engine.
It usesthe o®setsfrom the child hint for the title
elemen to skip parsing other elemerts.

On the other hand, on processingthe XHint of the
secondbook elemert at line 24, the absenceof a child
hint for the discount label indicates that this book
elemen does not satisfy the predicate and thus, is
skipped.

The query processoronly parses8 elemeris to pro-
cesshe entire data by using XHints saving more than
50% in terms of number of SAX ewerts generated.

|

If the predicate involvesa comparisonoperator, the
XHManager usesthe data digest and the range value
stored in the Hash attribute to evaluate the predi-
cate. The XHManager computes the data digest of
the constart value in the predicate and comparesit
with the data digest from appropriate child hints to
identify the elemens that do not satisfy the predi-
cate.

An elemen doesnot satisfy the comparison predi-
cate if the data digest of the constart value doesnot
match the data digest of the elemen. If no child el-
emert satis es the comparisonin the pre-ewaluation,
the elemen doesnot cortain the query result and is
skipped by the parser.

Example 3 Consider the query /book[author="R.

Baeza-Yates"|ftitle/text() on the example data in
Figure 3. The query cortains a predicate with a
string comparisonoperator. If the query enginedoes
not have prior information about the text of the au-
thor elemerts, it hasto parsethe ertire book elemen
in order to ewvaluate the predicate.

The XHManager helps avoid the overhead of pars-
ing elemerns that do not satisfy the predicate by us-
ing the descendan digest presert in the XHints. At
the start of the secondbook elemert on line 23, the
query engineregistersthe predicate with the XHMan-
ager. The XHint of the elemeri contains the “rst
three characters of the text in addition to the o®sets
to the three author elemens. The XHManager uses
this digest to evaluate the predicate a priori . In this
case,sincethe descendan digest of none of the three
elemerts does not match the rst three character of
the constart in the predicate, XHManager requests
the parserto skip all the child elemens and directly
go to the end tag of book elemen at line 33.

Note that although a di®erencein the data digest
guaranteesthat the elemen doesnot satisfy the pred-
icate, a match doesnot necessarilymeanthat the el-
emert will satisfy the predicate. The processorstill
has to parsethe elemernt and the elemen may not
satisfy the predicate. For example, if the constart in
the predicate in the query in the example was \Je®
Ullman" instead of \R. Baeza{Yates," the descen-
dant digest for the secondauthor elemen at line 31
matches with the descendan digest of the constart
although the predicate is not satis ed.

Ideally we would like to provide as much infor-
mation possiblein the data digest to minimize the
chancesof such false pre-ewvaluations but there is a
trade-o®involved betweenthe bene t obtained from



avoiding false evaluations and the overhead of pro-
cessingit. Although we have not conducted a thor-
ough experimental study to obtain an optimal data
digest scheme, preliminary results lead us to believe
that the current scheme provides a good cost-to-
bene't ratio.

If an essetial evert in EvertlList correspnds to
a label (say ) assiated with a closure axis, it can
occur as a deeply nested descendan of the current
elemen. The XHManager cannot skip any part of the
current elemen unlessit hasthe information that it
doesnot contain [ asits descendah The XHManager
usesthe descendan hint of the XHint to determineit.
If it does,the elemen can occur as a child of any of
the complex child elemerns (elemerts with their own
child elemerns). As a result, the XHManager stores
the o®setto all suc child elemens sothat the query
engine can processthem.

Example 4 Consider the query //addr ess on the
data shown in Figure 3. The addresslabel is mapped
to index O by the Lindex attribute of the META el-
emer at line 2. Thus, if an elemen cortains a de-
scendan with label address the 0 bit of the bitmap
in the descendan hint is setto 1.

The “rst bit in the descendanh bitmap is set for
the XHint of the root tag indicating that it contains
at least one address elemen asits descendanh As a
result, the query engineleavesall atomic child nodes
(since they cannot have an address elemen as their
child or descendat) and processeshe complex child
nodes (with non-text child nodes). In this case,all
the three child elemers of root are complex.

When the processorreachesthe rst book elemert
at line 7, it again cheds the descendan bitmap of
the XHint at line 8. As the appropriate bit is seton
indicating that this book elemen cortains an address
elemen, the XHManager skips to the complex child
elemerts. In this case the only complexchild elemen
is the pub at line 15 which is parsedto obtain the
address elemen.

In caseof the secondbook elemert at line 23, these
descendah hint of the secondbook elemern has the
value 0 indicating that it does not cortain any de-
scendan. As it also doesnot have a child hint for a
address label, the query processorjumps directly to
the end of the elemern at line 33.

The total number of elemens parse by the query
engineusing XHints are 11 comparedto 20 elemeris
parsedby a normal query processor.

5. XHin t Generation

As with traditional indexes,the bene't of an XHint

varies basedon the kind of XHint, the characteristics
of the input stream (e.g., relative sizesof elemernts),

and the intended useof the stream (query mix, access
patterns, etc.). In general,we may usesud informa-

tion to guide the selectionof XHints to be inserted.

This task is analogousto the index selectiontask for

traditional indexes. However, when sud information

is not available or, equivalertly, when the expected
usesof a stream vary widely, a reasonablepolicy is

to insert hints that are likely to bene't a large class
of applications. Again, this policy is analogousto

the commonly usedpolicy of building indexeson pri-

mary key attributes for traditional databases.In our

current implemertation, we usethe following policy:

We insert XHints for only elemers that have at least
two children. Intuitiv ely, this policy is motivated by

the obsenation that an XHint for an elemen fewer

than two children doesnot reducethe number of SAX

ewverts generatedby the parser.

The o®setsstored in the XHint for an elemen are
a®ectedby the lengths of the XHints of that ele-
ment's descendats. For example, the o®setof an
element's endtag is changedby every XHint inserted
in the subtree rooted at that elemen. If the entire
the data stream is available, a simple solution is to
construct a DOM tree for the stream and generate
XHints in a bottom-up manner. Howewer, this ap-
proach is not suitable for streaming data when only
a limited amount of the data is available (limited by,
say, bu®ercapacity and timing constraints).

In such a streaming ervironment, we split the
stream into chunks and generate the XHints one
chunk at a time. When the hint generator encoun-
ters the end of an elemen, it usesthe information
about that elemen's descendatis (which have been
encourtered earlier) to generateits XHint. These
XHints are bu®ered along with the elemen itself.
When the bu®eris Tled, its contents (original data
along with the inserted XHints) is output to down-
stream componerts. The META elemen containing
meta-information about the XHints is added at the
start of ead data chunk. The information from the
META elemen sudc as the label to bitmap index
mapping is relevant only for processingof that par-
ticular data chunk and may change from one data
chunk to the next.

Sincethe bu®ersizeis xed, the endtag of someel-
emerts may not be reached beforethe bu®eris lled.
Similarly, some of the elemerns in the beginning of
the bu®er may not have start tags. The XHints for
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such elemeris contain only partial information about
its contents and descendats.

The end hint of an elemen e whoseend tag is not
preser in the bu®er holds the o®setto the start of
the last child elemer encourtered instead of the end
(which hasnot yet beenencouniered). In turn, if the
end tag of the last child elemen too has not been
readhed, the end hint of the child elemen points to
its last child elemen. If e hasno child elemers and
only contains text, the end hint storesthe o®setto
the end of text. The other typesof hints for e contain
information about only the subtree rooted at e that
was encourntered before the bu®erwas Tled.

Additional XHints are also inserted for elemens
whosestart tags are not presert in the current bu®er.
The position where the XHint is inserted dependson
whether the elemert hasan incomplete child elemern
(whosestart tag is alsoabser) or not. If it contains
an incomplete child elemen, the XHint is addedim-
mediately after the end of it, otherwise the XHint is
added at the top of the part of the elemer in the
bu®er.

XHints with partial information about the elemen
result in multiple XHints for a single elemen. The
end hint of a partial XHint providesthe o®setto one
of the child elemens instead of the end of the ele-
ment. The scope of the ead partial XHint is de ned
from the end of the XHint to the start of the child
hint. In that case,the partial XHint doesnot provide
information about the child elemen (since it is out
of its scope) and asa result, hasto be processedeven
though it might not cortain query result. Howevwer,
the XHint inserted at the end of the child elemen
provides information about the remaining portion of
the elemer.

6. Using XHin ts

In order to use XHints exciently, the query engine
must identify essetial SAX ewverts at eat stagein
query processingand update the EverntlList accord-
ingly. We use two query enginesto illustrate this
mechanism. Our focusis on XSQ [2(], an automaton-
based streaming XPath query processor. We have
implemented the medanisms described here to gen-
erate a hints-aware version of XSQ, called XSQ-H.
Howewver, in order to better illustrate the medanism
for using Xhints, we also describe how XHints may
be used by an XQuery engine that is basedon the
standard iterator model: Tukwila [14].

6.1 XHints and XSQ

XSQ evaluatesan XPath query on streaming data by
generating an automaton called a Hierarchical Push-
down Transducer (HPDT) from a query. A HPDT
is a collection of smaller nite state machines called
Bu®ered Push-Down Transducers(BPDT) that are
arranged in a hierarchical manner. Each BPDT has
its own bu®er, which is usedto store potential query
results. Figure 5 depicts the HPDT for the query
/book[price< 20]//author

The transitions, represerted by arcs, are assaiated
with a SAX event and an action. The action ma-
nipulates the bu®er assciated with the BPDT by
uploading its content to the parent BPDT (UPLOAD
add (ENQUEWHata, clear (FLUSMHthe content or out-
put it as query result (OUTPUT If the SAX event
generatedby the XML parser matchesa SAX evert
de ned on an arc from the current state, the HPDT
makes the transition to the new state and executes
the action de ned with it.

Note that if a SAX event doesnot match any arc
from the set of current states, the HPDT does not
perform any transition or action and maintains the
same con guration it was in before processingthe
event. In other words, the absenceof sudh SAX event
would not a®ectthe query processingand thus, can
be ignored safely by the XML parser.

This obsenation provides us with a simple meda-
nismto identify the essetial events usingthe current
statesof HPDT. The essetial everts are those everts
that result in atransition in the HPDT and are easily
identi ed by the SAX events de ned of the arcsfrom
the current state.

XSQ-H isan XHint compatible versionof XSQ that
performs the additional task of identifying the essen-
tial SAX ewents and updating the EvertList of the
XHManager.

Although the HPDT contains sutcient informa-
tion to identify the essetial ewerts, the information
may not be immediately available to XSQ-H from
the current state. For example, in Figure 5, the arc
from state {201} with the price doesnot cortain the
constart value of the predicate. This information is
instead present on the arc from state {202}. How-
ever, this information is required to pre-ewaluate the
predicate and identify the essetial price elemers
when the systemis in state {201}.

In addition to the constart value, the system also
requiresinformation about the operator of the pred-
icate. The HPDT contains two arcs for every pred-
icate (e.g. arcs from the state {202} for the predi-
cate [price< 20] from Figure 5), one corresponding
to the transition when the predicate is true and the
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Figure 5: HPDT for /book[price< 20]//author

other when it is false. As a result, the arcs in the
HPDT are unchangedewen if a predicate is replaced
by its negation. However, the system has to make
distinction betweenthe casewhen the query contains
a predicate and when it contains its negation instead
in order to correctly identify the essetial evens.

The HPDT has to be pre-processedin order to
provide the required information to XSQ-H. The in-
formation about the constart value in the predicate
(e.g. price ) is provided to the appropriate state (e.g.
{201}) by simply traversingthe automaton and prop-
agating the constart valuesback. The information
required to identify the arc that correspondsto the
transition when the predicate is true can be obtained
by observingthat atrue evaluation of a predicate im-
pliesthat the data may cortain the query result with-
out any additional evaluations of the predicate. Thus,
the state reacable from the arc corresponding to a
true evaluation of the predicate hasan acyclic path to
an arc with the action OUTPUTThe arc corresponding
to the falseevaluation would have no such path since
that would imply the automaton can produce query
result by readiing the arc with the OUTPU®&ction
without satisfying the predicate. A simple breadth-
“rst seard canbeemployedto determinethe arc with
this path in the automaton.

Example 5 Consider the query /book[price< 20]
[/lauthor/text() onthe XML data of Figure 3. The

HPDT for the query is shown in Figure 5. Initially ,
the set of current statesis {001}. The arcs from this
set of states correspond to the end tag of the root
elemen and the start tag of book elemern. Thus, the
essetial events are the end of the root elemen and
the start of book elemen, and they are addedto the
EvertList. The XHManager processeghe XHint in
line 2 to obtain the o®setsto thesetwo SAX everts.
At the end of the XHint, the o®setto the rst book
elemen is used to skip directly to line 7. When
XSQ-H processeghe start tag of the book elemen,
the HPDT makesa transition from state 001to 201.
The state 201 has outgoing arcs with labels author ,
price , and book. The closureaxesof the author la-
bel is identi ed by the arc labeled// from the state
201. The predicate constart and the operator assi-
ated with price elemen are stored in the arcs from
state 202. XSQ-H usesthis information stored in the
HPDT to add an evert corresponding to an author
elemen and a predicate for the price to the evert
list. When the XHManager processeghe XHint
in line 8, the EvertList consists of two events cor-
responding to author and price elemen. As the
system can infer that the elemen does not cortain
any descendah with label author (from the descen-
dant hint), it doesnot require to parsecomplex child
elemens. The o®setsto the two essetial elemerts,
price and author , are provided by their respective
child hints. The XHManager usesthe rst o®setto
jump to the price elemen. As this elemen satis-
“es the predicate, the set of current states changesto
{201 203}. The XHManager skipsto the next essen-
tial elemen, author elemen on line 21. The actions
de ned on the state 603output the text of the author
elemen as the query result. In caseof the second
book elemen, the XHManager usesthe XHint in line
24to determine that the price elemen doesnot sat-
isfy the predicate, and to infer that the book elemen
does not cortain any essetial everts. It therefore
jumps directly to the end of that elemen, to line 33.

XSQ-H generatesonly 9 SAX everts for processing
the entire data as comparedto 20 SAX ewents that
would be generatedby XSQ, resulting in a saving of
more than 50%.

6.2 XHints and Tukwila

Tukwila [14] is an iterator-based streaming XQuery
enginethat processesXQuery expressionsin a man-
ner similar to standard relational query processing.
The query optimizer uses basic operators to build
and optimize a query plan for the query, which is
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FORS$b IN datastream/root/book

$p IN $b/pub

$d IN $b/disc

$a IN $b//author

$n IN $p/name

WHEREd < 20

RETURN:publisher >
<name- { $n } </name>
<author > { $a } </name>

</publisher >

Figure 6: Example XQuery

passedon to the execution engine. Figure 7 depicts
the query plan for the XQuery of Figure 6. It also
shows the output subtree at di®eren stages.

The execution plan usesa special operator called
X-scan which is responsible for reading, parsing, and
matching XML data with the regular expressionsin
the query. It assignsappropriate bindings to ead
XQuery variable and forwards them to remaining op-
erators, where they are combined and restructured.
The predicatesdeclaredin the WHER&auseare eval-
uated using a selection operator. The element op-
erator constructs an elemen tag around a speci ed
number of XML elemens. The output operator is
responsible for replicating the subtree value of the
current binding to the query's output. The X-scan
operator consistsof a seriesof nite state machines
that are driven by the input stream to produce the
bindings for the XQuery variables. It corverts all the
XPath expressiongwhich are restricted forms of reg-
ular expressions)in the XQuery into state machines.
Figure 8 depicts the state machines for the XPath
expressionsfor the XQuery of Figure 6. Initially , the
machine corresponding to the documert root (M)
is in the active mode. Whenewer a macdiine reaces
its accept state, it producesa binding for the vari-
able assaiated with it. The machine then activates
the dependert machines, which remain active while
X-scanis scanningthe value of this binding.

In absenceof any prior information about the input
data, the X-scan operator must parse every elemen
in the stream. XHints can be used to reduce this
parsing cost by replacing an X-scan operator with
an XHint-compatible operator called XH-scan. The
XH-scan operator usesthe state machines to iden-
tify the essetial SAX ewernts while parsing the data.
Theseeverts areidenti ed usingthe labelsof the arcs
from the current states of the active state madhines.
When an active state machine makesa transition to a
new state, labelson that state's outgoing arcsare the

L/boo\l/&
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{name ! author
b p;}' n/xa\
N (name  author
Lo T ~Elementepoors 2 N
{name o 00>, bphna

O/ Element---- """~
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b P 4 N A Eement - [ [ [ [ [ |
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Result’

“output
T $n=Addison Wesley

$d<20  p d n a
sd=10 [T [T

_sean”~ $b=/root/book
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$n = $p/name
$a = $b//author
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Figure 7: Query Plan for the Example XQuery
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Figure 8: State Machines for the Example XQuery

labels (elemert names) of the essetial SAX ewents.
Someof the transitions de ned by the state machines
may correspond to an predicate evaluation, which is
performed by a selectionoperator in the query plan.
In order to allow the XHManager to pre-ewaluate such
a predicate, the XH-scan operator is enhancedwith
information from the predicate's selection operator
using simple query plan rewriting rules. The essen-
tial SAX everts are registeredwith the XHManager
which usesXHints to skip other irrelevant elemeris.

Example 6 Considerthe executionof the XQuery of
Figure 6 on the streaming XML data of Figure 3. The
state machinesrepreserting the XPath expressionare
depicted in Figure 8. The processingof XHints by
thesestate machinesis very similar to the processing
done by XSQ-H. The essetial SAX everts are de-
“ned by the labelson the arcsfrom the current state.
Additional information about theseSAX everts, such
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Database | Size Text | Number of | Average| Max. | Average| Xerces Expat
Name (MB) | Size | Elemernts Depth | Depth Tag Parsing | Parsing
(MB) (K) Length | Time (s) | Time (s)
SwissProt | 109 371 | 2977 3.56 5 6.58 237 5.81
DBLP 119 56.7 | 3,332 2.90 6 581 276 7.53
PSD 716 1052 | 21,305 5.15 7 6.33 1702 66.40

Table 1: Test Datasets

asthe type of axes(child or descendat), along with
predicates, can be stored with the label on the arcs.

The essetial events correspond to the labels on
the arcs from the current states of the activated ma-
chines. Initially , the state machine Mj corresponding
to the /root/book is activated. At the start of the
documernt processing,the machine Mj is in state 1.
After parsing the topmost root elemen, it reaces
state 2. This state has an arc with the label book,
which is the essetial SAX ewvent at this point. The
XHint at line 3 provides the o®set(67) to the “rst
book elemert in the data which can be usedto avoid
parsingthe magelemern. When the “rst book elemert
is parsedat line 7, the machine M, readesits accept
state 3. At this stage,it binds the variable $b with
the book elemen and activates the three dependert
machines M1, M, and M3 for the expressionssb/pub,
$b/discount , and $b//author$ respectively. Now,
the essetial events correspond to the pub, discount
and author labels. The arc of M, also cortains the
information (due to query plan rewriting) that the
SAX ewvent for the discount is required for a predi-
cate evaluation and XH-scanaccordingly registersthe
evert by usingthe XHManager API function with ap-
propriate parameters.

The XHManager obtains o®setsto these elemeris
from the XHint at line 8 and avoids parsing non-
essetial elemerns suc astitle and price .

7. Exp erimen tal Evaluation

We studied the throughput of XSQ-H using di®eren
kinds of hints and compared it with that of other

systems,which do not usehints for query processing.

We also studied the e®ectof query characteristics on
throughput. Further, we investigatedthe e®ectof the
bu®ercapacity in the XHint-generation phaseon the
throughput in the query-ewaluation phase. Finally,
we study the trade-o®betweenthe cost of generating
hints and the throughput gain.

7.1 Experimental Setup

Our implementation of XSQ-H usesJava 1.4 and
Xerces2.4.0(asthe XML parser). We made a minor
modi cation to Xercesto allow XSQ-H to instruct
Xercesto skip a speci ed amount of data while pars-
ing. We conducted the experimerts on a PC-class
madine with an Intel Pentium IIl processorand 1
GB of main memory, running the Red Hat 7.2 distri-
bution of GNU/Lin ux (kernel 2.4.9). The maximum
amount of memory available to Java Virtual Machine
was set to 512 MB. The characteristics of the three
real datasets used for our experiments are summa-
rized in Table 1.

7.2 Throughput

The throughput gain provided by XHints dependson
the stored hints as well asits scope. A XHint with
richer information about the data allowsthe XHMan-
agerto skip more data and improve the throughput
gain. Similarly, an XHint with a larger scope should
provide a higher throughput sinceit allows the XH-
Managerto skip more data.

In the rst set of experiments, we measuredthe
throughput gain achieved by XSQ-H on data with
di®erent kinds of XHints along these two axes. The
e®ectof additional information provided by the de-
scendan hints and XHints with partial scopesis eval-
uated using four kinds of XHints : (1) XHints gen-
erated o%ine without descendah hints (XHint-NS);
(2) XHints generated in a streaming manner with
end, child, and sibling hints (XHint-S); (3) XHints
generatedo?ine with descendan hints (XHin t-NSB);
and (4) XHints with descendan hints generatedin a
streaming manner (XHin t-SB).

We compared XSQ-H with XSQ 1.0 [20] and
XMLTK 1.0.1[2], a streaming query engine imple-
mented in C++. Howewer, for queries with pred-
icates, we compare only XSQ-H and XSQ because
XMLTK 1.0.1doesnot support such queries.

The throughput of an XPath query enginedepends
greatly on the parser. Enginessuch as XML TK have
a higher throughput than XSQ and XSQ-H sincethe

14



14

12

1

0.8

0.6

Normalized Throughput

0.4

0.2

0

Q1 Q2 Q3 Q4 Q5 Q6 Q7

Oueries on SwissProt

Q1: /IAuthor

Q2: [Entry/Features

Q3: /Entry[Org=Muridae)/Ref[Medline=9225337]/Cite/text()
Q4: [Entry/Ref[MedlinelD=9225337]/Cite/text()

Q5: /Entry/Ref/Cite/text()

Q6: /IEntry/Features//DOMAIN//Descr/text()

Q7: /Entry/Mod

Figure 9: Throughput on SwissProt (1)

parser of XML TK is faster than the parser of XSQ
and XSQ-H. Thus, the di®erencen the parserperfor-
mance e®ectsthe comparison between the through-
put of these systems. In order to remove this e®ect,
we normalize the throughput of a system with the
throughput of its parser. The throughput of a system
is divided by the throughput of the parser used by
the system to obtain Normalized Throughput This
metric is usedto evaluate the performanceof all the
systems.

We measuredthroughput for 14 samplequerieson
ead of the three test datasets. The querieswere se-
lected to represent the wide range of XPath queries
including complex querieswith both predicates and
closures. The sample queries for the SwissProt are
shown in Figures 9 and 10. The queriesusedon other
two datasets are shovn in Figures 11, 12 and Fig-
ures 13, 14 respectively. The bu®ercapacity usedfor
streaming hint generation (for XHint-S and XHint-
SB) was setto 50 KB.

We ran ead query ten times and calculated the
95%con denceinterval to evaluate the statistical sig-
ni cance of the results obtained. In all the measure-
mens, the interval width was lessthan 1% of the
measuremeh implying a high con dence in the ex-
periment results. However we do not show the con-
“dence interval in the result plots due to its small
value. In addition to the small value, the con dence
intervals of the throughput measuremen of di®erert
systemsdo not overlap indicating that the compari-
son betweendi®erert systemsis statistically valid.

The results for the SwissProt dataset are summa-
rized in Figures 9 and 10. For simple queries,such as
Q2 and Q5 in Figure 9, XSQ-H performs better than
XSQ for all four typesof XHints by asmuch as100%.
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Figure 10: Throughput on SwissProt (2)

However, XHint-NS and XHint-S perform marginally
better than their courterparts that include the de-
scendan hint. This di®erencen the gain is expected
sinceXSQ-H doesnot usethe descenda hint for pro-
cessingsud queries and the overhead of processing
additional data in caseof XHint-NSB and XHint-SB
results in the slight performance degradation. The
benet of the descendah bitmaps can be obsened
for closure-cortaining queriessuc as Q1 and Q6 in
Figure 9. For sud queries,XHint-NS and XHint-S do
not provide suzcient information for XSQ-H to skip
substartial amourts of data, and the additional cost
of parsing XHints lowers throughput. This informa-
tion is provided in form of the descendah bitmap by
XHint-NSB and XHint-SB, allowing the query pro-
cessorto reduce the parsing cost. In case of Q6,
the throughput of XSQ-H increasesapproximately
2.5times comparedto XSQ.

The benet of the descendan bitmap is particu-
larly large for queriesthat include labelsthat do not
occur in the stream, as exempli ed by Q7 in Fig-
ure 10. In caseof XHint-NSB and XHint-SB, the
descendah hint at the top level is used by XSQ-H
to infer that the tag label NoResult does not occur
at all in the data stream and skip the ertire data
resulting in a very high throughput not possiblein
caseof XHint-NS, XHint-S or XSQ with no XHints.
The other extreme, of a query that returns the entire
stream, is exemplied by Q1 in Figure 10. (Entry is
the top-level elemen.) In such a case,no data can
be skipped and XHints do not provide any bene'ts
to overcometheir overheads.

The data digestsusedin XHint-SB and XHint-NSB
improve the throughput of XSQ-H for queries with
predicates, such as Q3 in Figure 9 and Q2 in Fig-
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ure 10. The pre-ewluation of the predicate allows
parser to skip more data in caseof XHint-SB and
XHint-NSB, resulting in higher throughput.

The throughput results for the DBLP dataset are
summarizedin Figures 11 and 12. As with the Swis-
sProt dataset, XSQ-H outperforms XSQ by a signif-
icant margin for the sample queries. Howewer, we
obsene relatively smaller di®erencesin the perfor-
mance of XSQ-H for di®erent kinds of hints in case
of simple queries, such as Q6 and Q7 in Figure 12.
XHint-NS has the highest throughput, followed by
XHint-S, XHint-NSB, and XHint-SB, in that order.
The higher throughputs of hints generatedozine is
expected as for the SwissProt dataset. Further, as
was the casewith the SwissProt dataset, the perfor-
mancedegradation due to the limited bu®erusedfor
streaming generation of hints is small. The descen-
dant hints in XHint-NSB and XHint-SB result in ad-
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ditional computation for XSQ-H, but do not provide
any additional bene't for simple queries. However
the slight degradation in the performance of XSQ-
H in caseof XHint-NSB and XHint-SB is justi ed
by the performancegain provided by the descendan
hints for queries containing closure, as exempli ed
by Q1 and Q4 in Figure 11. The results for the PSD
dataset, which is much larger than the other two test
datasets, are qualitativ ely similar for the results on
the SwissProtand DBLP datasets,assummarizedby
Figures 13 and 14.

SAX Event Processing Above, we quarti ed

the benets of XHints by measuring the through-
put improvemerts resulting from hints. Howewer, the
two base systemsusedin the comparison, XSQ and
XMLTK, di®er considerablyin their design. In par-
ticular, XSQ usesan automaton to managecomplex

interactions with bu®ereddata, while XMLTK uses
a simpler design that does not use bu®ers. These
system design choices are based on di®erent goals:
XML TK supports a smaller subsetof XPath (queries
that can be answered without bu®ering) than XSQ,
but is ableto do somore exciently dueto the simpler
design. The additional logic for processingcomplex
gueriesin XSQ results in a lower throughput. In or-
der to better isolate the bene ts of XHints from the
di®erenceglueto systemdesign,we studied the num-
ber of SAX events processedby the XHint-enabled
system, as a fraction of the total number of SAX
events. (Systems that do not use hints must pro-
cessall SAX ewerts.) SAX ewverts are known to be
a signi cant part of query processingoverhead for
streaming systems[13, 20].

The results on the SAX events processedfor the
SwissProt database are summarized in Figures 15
and 16. We note that XHints result in a signi cant
reduction in the number of SAX events that must be
processed. As expected, for queries with closures,
XHint-SB and XHint-NSB provide a larger reduc-
tion than XHint-NS and XHint-S, dueto the descen-
dant hints in the former pair. Due to the extremely
small value, the number of SAX ewvents processedor
query Q7 in Figure 16 by XSQ-H for XHint-NSB and
XHint-SB (4 and 73 respectively) are showvn sepa-
rately. The data digest also reducesthe number of
SAX ewents processedas can be obsened for Q3 in
Figure 15.

Resultsfor the DBLP (and PSD) datasetsare qual-
itativ ely similar, and are summarized by Figures 17
and 18 (respectively, Figures 19and 20). The number
of SAX ewverts generatedby XSQ-H for di®erert types
of XHints is approximately samefor querieswith only
child axesasit canbe seenfor Q5and Q3in Figure 17
and Figure 18, respectively. Similar obsenation can
be made for querieslike Q2 and Q3 in Figure 19 on
the PSD database. In caseof querieswith closures
like Q4 in Figure 17 and Q6 in Figure 19, the descen-
dant hint (in XHint-NSB and XHint-SB) reducesthe
number of SAX elemerns processedsigni cantly. The
number of SAX ewverts for such queriesare so small
that they cannot berepresened graphically. We have
instead shown the value itself along with the XHint
it correspondsto.

7.3 Query Characteristics

We now outline the results of our experimerts study-
ing the e®ectsof various query characteristics on the
gain provided by XHints. We have used XML TK
1.0.1and XSQ 1.0for the comparing the performance
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Figure 21: E®ectof query length on throughput

of XSQ-H.

Query Length We de ne the length of an XPath

guery to be the number of location stepsin the query.

The e®ectof increasing query length on throughput

for the SwissProtdatasetis summarizedby Figure 21.

We obsene that the throughput of XSQ-H increases
with query length. This result is intuitiv e because
longer queriesusually typically producesmaller query

results and allow XSQ-H skip larger amount of data

resulting in a higher throughput. XHint-NS and

XHint-S provide a slightly better throughput com-
pared to XHints with descendah hints (XHint-NSB

and XHint-SB) sincethe queriesdo not contain clo-

sureand the descendan hints constitute an extra pro-

cessingoverhead.

Descendant Axes  Since evaluating the descen-
dant axis entails a subtree traversal, it is reasonable
to expect a lower throughput asthe number of loca-
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Figure 23: E®ectof predicateson throughput

tion steps using the axesrises. The e®ectof vary-
ing the number and position of descendah axes for
gueries on the SwissProt dataset is summarized by
Figure 22. As expected, the throughput of XHint-
S and XHint-NS is low for queries with descendah
axes. Exceptions are the results for queriesQ3 and
Q4. This result is explained by noting that the de-
scendan axesin thesequeriesare deep(to the right)
in the query, entailing traversalsof smaller subtrees
than those necessarywhen the descendah axis is
higher (to the left) in the query. In contrast to XHint-
S and XHint-NS, the XHint-SB and XHint-NSB pro-
vide consisterily high throughput. The throughput is
slightly higher for querieswith a closure axis deeper
in the expression(such as Q4). A deeper descen-
dant axis allows XSQ-H to ignore a larger number of
elemens as comparedto queries containing the de-
scendan axis closerto the rst location step (such as

Q1 and Q5).
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Figure 24: Throughput gain for di®erert bu®er sizes

Multiple Predicates Figure 23 summarizesthe
results of some experiments studying the e®ect of
predicateson throughput. As expected, the data di-
gestsusedby XHint-SB and XHint-NSB allow XSQ-
H to pre-ewaluate predicatesand reducethe number
of SAX ewents that must be processed. As a re-
sult, thesetwo XHint schemesyield a higher through-
put than XHint-S and XHint-NS. Howewer, XHint-
SB and XHint-NSB do not outperform the other two
schemesfor query Q1. This result is explained by
noting that the labels in the predicate of Q1 does
not occur frequertly in the dataset. Therefore, the
number of SAX everts skipped using the data digest
is small and does not yield enough bene'ts to over-
comethe overhead of processingthe additional hint
information.

Buffer size The range of information in an XHint
dependson the size of the bu®erusedduring XHint-
generation at the data source. In general, a larger
bu®erpermits XHints that rangeover larger amourts
of data, allowing the XHManager to potentially skip
more data. Thus, it is natural to expect perfor-
manceto degradeas the bu®er size is reduced. For
any bu®ersize,it is easyto construct synthetic sce-
narios in which XHints perform poorly. From a
practical standpoint, the important question here is
the relation betweenupstream bu®ersizeand down-
stream throughput for realistic datasetsand queries.
In particular, we are interested in determining the
bu®ersizesthat determine a good performancepoint.
For this purposewe generated XHints for SwissProt
dataset with di®erent bu®er sizesand measuredthe
throughput on the resulting streams. We have used
XHint-SB in the experiment instead of XHint-S since
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the previous experiments have demonstrated that
XHint-SB perform well for all querieswith little over-
head as comparedto XHint-S which do not perform
well for querieswith closures. The results are sum-
marized by Figure 24. The main conclusionwe draw
from this experimert is that a very small bu®er suf-
“ces to provide signi cant bene'ts for XHints for this
dataset. We obtained similar results for the other
datasets.

Selectivity It is natural to expect XHints to yield
greater bene't for queries that are highly selective
for the input data stream. We de ne selectivity in

the usual manner, as the ratio of the number of
SAX ewerts in the query result to the total num-
ber of SAX ewvents. In order to measurethe e®ect
of query selectivity on throughput, we generatedten
synthetic datasetscontaining elemeris with red and
blue aslabels. All the datasetswere similar in their

characteristics except in the proportion of the ele-
ments with the label red. We ran the four queries
depicted in Table 2 on ead dataset and measured
the throughput for di®erent values of the selectivity.

Figure 25 displays the throughput gain of XHint-HB

comparedto XSQ and XMTLK for di®eren values
of selectivity. Throughput gain of XHint-HB com-
pared to another systemis de ned asthe ratio of the
throughput of XHint-HB to the throughput of that

system. As XMLTK does not support predicates,
XHint-HB is compared with XML TK for only the
“rst two queries. As expected, XHint-HB provides
a high throughput gain for low selectivity compared
to XSQ and XMLTK, with a graceful degradation
in performanceas selectivity increases.Although we

have not shavn any results for other XHint schemes,
they also follow the same behavior with change in
selectivity. Although the actual gain di®ersdepend-
ing on the scheme, the gain decays gracefully with
increasein selectivity.

7.4 XHint Generation

Hint-Generation Throughput We measure
hint-generation throughout as the number of el-
emerns processedper second. We studied hint-
generation throughput for the test datasets using
bu®ersof di®erent sizes. The results are summarized
in Figure 26. We obsene that as the bu®er size is
increased, throughput increasesinitially , but gradu-
ally falls after reaching a peak at around bu®er size
of 60 KB. When the bu®er used during hint gener-
ation is small, the data stream is split into a larger
number of chunks, resulting in the insertion of a large
number of XHints, which in turn could lead to a low
throughput. On the other hand, large bu®er sizes
su®erfrom the overheadof storing more information
in XHints which require additional computation of
o®setsto various elemers.

Size Overhead The insertion of XHints into a
data streamincreaseghe sizeof the streamthat must
beread by downstream processors.We measuredthis
overheadin terms of the percertage increasein the
data due to addition of XHints for datasetsof di®er-
ernt sizes. We used one real dataset (PSD) and two
randomly generated dataset (RAND1 and RANDZ2)
for our evaluation. We generated XHints with de-
scendan bitmaps in a streaming fashion for di®eren
dataset sizes. The size of the bu®erusedto generate
the XHints was xed at 50 KB. We chose XHint-SB
to demonstrate the upper bound on the data over-
head sinceit cortains the maximum information out
of the four typesof XHints and thus, incurs the high-
est data overhead.

As Figure 27 indicates, the percertage overheadin
the data decreaseswith increasein the dataset size.
Small sized datasets have a low number of elemers
and the XHint constitute a signi cant portion of the
data in terms of size. As the sizeof the data increases,
the number of XHints neededto store o®setsummary
of the data doesnot increasein the sameproportion
asthe data elemeris sincethe atomic and text nodes
of the data do not cortain XHints. As a result, the
percertage overheadof inserting XHints decreasess
the data sizeincreases.
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Figure 26: Throughput of XHint Generation
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8. Related Work

The idea of augmerting a data streamto assistquery

processingwas rst proposed as punctuations [21].

Punctuations are designedto assist blocking oper-

ators read the entire data before emitting an out-

put. The punctuations are in the form of predicates
that are not seenin the stream following the punctu-

ation. It allow a query processorto infer the absence
of certain elemers in the data and output the re-

sult early. A binary-encoded index called SIX [171]

storesthe o®setg0 the beginningand end of elemerts

in the stream. A query processorcan use these o®-
setsto skip processingdata in much the sameway as
our XHint-NS scdheme. The main di®erencebetween
XHints and SIX is that XHints store a much greater
variety of information, permitting skipping data in a

greater number of situations.

The MatchMaker system [16] addressesa similar
problem of matching an incoming data stream to a
large number of queries. Unlike convertional query
processingproblem where the number of queriesis
small comparedto the size of data, the system pro-
cesses large repository of querieson relatively small
data. The system stores the query patterns in an
index that supports excient lookup for queriessatis-
fying a particular pattern. It usesthis index to tag
each XML node with the queriesthat it satis es.

Sewral query engines have been presened for
streaming XML data. The XML Streaming Machine
(XSM) system [1§] translates an XQuery expression
into a network of transducersthat correspond to basic
subexpressionsof XQuery and reducesthe network
to a single XSM by repeatedly merging transduc-
ers. The 'nal XSM is optimized with respect to time
and spaceusing both data and query characteristics.
XSQ [20] and XPush [13] usean automaton-basedap-
proach to processstreaming XML data. XSQ builds
a hierarchal automaton called HPDT from a given
XQuery expressionand returns the portions of alarge
streaming XML documert that match the query. On
the other hand, XPush processes given set of XPath
“Tters with predicateson a stream of XML documerts
to compute which Tters are satis ed by ead docu-
ment. It builds a lazy deterministic "nite automaton
with ead state represening a set of predicates. This
state machine stimulates the execution of the work-
load of the XPath Tters on a XML documert and
returns a setof XPath ids satis ed by the documert.

There are seweral methods for indexing semistruc-
tured data in a non-streaming ernvironment.
Dataguides [10] provide a concise structural sum-
mary of semistructured database by storing all
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label-paths occurring in the database. The data
structure canbeincremertally updated and provides
a dynamic schema of the underlying database.
A Template Index or T-Index [19] consists of an
automaton corresponding to a data-path template
and list of nodes in the database that satisfy the
path expression. The automaton acceptsdata paths
belonging to the set de ned by the template and
returns pointers to the relevant nodes. Index Fab-
ric [7] usesa similar principle by storing data paths
in indexes encaded as strings. The index is highly
optimized for string seard and provides o®setsto
the data nodesstored in a relational database.

The XML Indexing and Storage System
(XISS) [17] indexes and stores XML data using
a numbering scheme. Each elemen is identi ed
by a tuple that can be used to determine the
ancestor-descendanrelationship betweentwo nodes
exciently. The system also stores indexes (imple-
mented as B* -trees) for searding documerts with
a given name or attribute. The indexes along with
the numbering allow ezxcient processingof regular
path expressionson an XML database. A complex
query is decomposed into simpler expressionsand
joining algorithms are employed to mergethe results.
An A(k)-index [15] is based on the concept of
k-bisimilarit y and maintains, for ead node, a record
of incoming paths to a node of length at most &
(local structure). The system assumesthat long
complex path queriesare rare and reducesthe index
sizeby grouping nodesinto equivalenceclassesased
on local structure.

An adaptive indexing scheme for non-streaming
XML data is presenied in APEX [6]. The index con-
sists of two structures. A graph is usedto store the
structural summary of the data and a hashtree stores
label-paths. Each nodein the hashtree is a hashtable
with ertries pointing to a node of either the graph or
the hashtree. The hashtree is useful for determining
the nodesin the graph for a given label path and for
updating the index. APEX storesindexesfor only the
most frequertly usedpaths, which canbe updated in-
crementally dependingon changesin the query work-
load. It would be interesting to use this idea and
study how query workload can be usedto estimate
the utilit y of an XHint in terms of the speedupit pro-
vides and insert only the most useful XHints based
on this estimate. More recertly, another dynamic
index called ViST was proposed[22]. It represerts
XML databasesand queriesas structure-encoded se-
guences, reducing the query-ewaluation problem to
the problem of matching subsequencesUnlik e other
indexeslike XISS, VIST processeshe query aswhole

without decomposing it into sub-queries,saving on
expensive join operations required to mergethe sub-
query results. An adaptive version of A(k)-indexes,
called D(k)-indexes[5], provides an updating med-
anism storing only the most useful path indexesde-
pending on the query workload. The D(k)-Index is
also based on k-bisimilarity and constructs equiva-
lence classesof nodesbasedon local structural infor-
mation. Instead of a global value for the similarity
parameter k, a D(k)-index usesdi®eren values for
di®erent equivalenceclassesdepending on the query
workload.

The XPath accelerator[12] provides an index that
handles all XPath axes, in corntrast to the methods
mentioned above, which use regular expressions. It
usesfour major axes,ancestor,descendat following,
and preceding,to divide the XML documert into four
regions. The pre-order and push-orderrank of a node
is usedto encale the information about the regionto
which it belongs. Standard databaseindexessud as
B-Treesand R-Treesare usedto index the position
of the node.

A number of systemshave been developed to ad-
dress the closely related problem of Ttering XML
documerts based on XPath queries. An index-
“Tters [3] usesan idea very similar to XHints to skip
irrelevant data. It constructsan inverted index on the
XML data tagging eat elemen with a unique iden-
tier. The identi er contains information that can
be usedto extciently infer ancestorand descendah
relationships between elemens. The union of multi-
ple XML queriesis represerted asa pre x tree. Each
node of the tree contains a list of indexed positions
of elemerns that match the node label. The index-
“Tter algorithm usesthe pre x tree with the index
to identify elemens that may not satisfy any query
expressionand skips them, thus avoiding the cost of
parsing. The index-Filter requiresaccesgo the com-
plete XML dataset in order to generate identi ers
and cannot be usedin a streaming ernvironment. It
alsoneedsa sorting phasewhich may prove expensive
for large XML databases. The information stored in
theseindexesis more restricted than that in XHints.
For example, it excludesinformation about the data
stored in elemens that can be usedto avoid unnec-
essaryprocessingin caseof querieswith predicates.

XFilter [1] and YFilter [8, 9] process multiple
guerieson XML documerts using nite automatons.
XFilter uses nite-state automata and an inverted
index to match XML documerts with queries. The
XFilter enginetranslates eady XPath expressioninto
a separate nite-state automaton. An inverted in-
dex is built over the states of these automata, essen-
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tially producing a hashtable over the elemen labels.
This index allows the systemto simultaneously exe-
cute all the automata and identify the set of queries
relevant to a data elemen. YFilter improveson this
schemeby exploiting the commonality among XPath
expressions.It combinesall the XPath query expres-
sionsinto a single non-deterministic automaton and
merges common query pre xes into a single state,
thus avoiding redundant processing. An XTrie [4]
indexessubstrings of XPath expressionghat contain
only the parent-child operator. The index consists
of a table and a trie. The indexing scheme s used
to Tter the documerts by rst detecting the occur-
rence of matching substrings using the trie and then
obtaining the matched queriesfrom the table. Some
additional run-time information is usedto avoid re-
dundant matching of the query with the documert.

9. Conclusion

Semistructured data is often serialized as text and
presertied in a streaming form (e.g., news feedspre-
sented as streaming XML). In many situations, it is
impracticable or undesirableto instantiate this data
(e.g., dueto high data rates of the sourceor resource
constraints at the client, which may be a small, mo-
bile device). In thesesituations, query processingre-
quiresthat the stream of serializeddata be parsedon-
the-°y, and parsing consumesa large fraction of the
processingtime. Therefore, further improvemerts in
guery-processingezciency require methods that re-
duce the parsing costs. We proposedan a indexing
framework in which an XML stream is augmerted
with indexing information (XHints) at or near the
source. Although this task requires additional pro-
cessingat the sourceof the stream, it resultsin lower
processingcosts at the stream's consumers,or other
downstream processors. This transfer of processing
costs is bene cial becausenot only may the source
have accessto signi cantly greater computing re-
sourcesthan the consumer(server vs. handheld) but
a large number of consumerscan benet from the
indexing at the sener (e.g., one sener that streams
data to hundreds of handheld units).

XHints may be regarded as indexes that are in-
terspersedwith the data in the stream. Speci cally,
XHints store four kinds of hints (o®sets): end, child,
sibling, and descendah We described how query
processorsmay take advantage of these hints, using
XSQ (which usesan automaton-basedapproad) and
Tukwila (which usesthe standard iterator-based ap-
proach) asspeci ¢ examples.We quarti ed the costs
and bene ts of XHints using an experimental study

on real and synthetic datasetsusing our implemerta-
tion of a XHint-enabled version of XSQ. Our results
indicate that XHints that are generatedon-the-°y by
the data sourceusing very little bu®er spaceprovide
signi cant benets to downstream query processors.

The hints described in this paper are inserted in
a manner oblivious of the query load. Although our
experiments indicate that sud hints are bene cial,
even greater bene'ts may be realized by tuning the
hints to the query load (when sud information is
available). In cortinuing work, we are studying this
hint-selection problem, which is essetially the index-
selection problem for streaming data.
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