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Abstract

XML documentsare typically queriedwith a combina-
tion of value search and structue seach. While querying
by valuescan leverage traditional databasetechnolagies,
evaluatingstructuml relationship,speci cally parent-dild
or ancestordescendantelationship betweerXML element
setshasimposeda great challenge on efcient XML query
processing

ThispaperproposesXR-tree,namely XML Region Treg
which is a dynamicexternal memoryindex structue spe-
cially designedfor strictly nestedXML data. The unique
featue of XR-treeis that, for a givenelementall its ances-
tors (or descendantshp an elementsetindexedby an XR-
treecanbeidenti ed with optimalworst casel/O cost. We
thenproposea new structual join algorithmthatcanevalu-
atethestructumal relationshipbetweertwo XR-treeindexed
elementsetsby effectivelyskippingancestos and descen-
dantsthatdo not participatein thejoin. Our extensiveper
formancestudyshowghatthe XR-treebasedoin algorithm
signi cantly outperformgreviousalgorithms.

1. Intr oduction

As XML is gainingunquali ed succesén beingadopted
as a universal data exchangeformat, particularly in the
World Wide Web, the problemof managingand querying
XML documentgposesinterestingchallengego database
researchersAlthough XML documentscould have rather
comple internalstructuresthey sharethe samedatatype
underlyingthe XML paradigm:orderedtrees Treenodes
representocumentelementsattributesor text data,while
edgesrepresenthe element-subelemen{br parent-child)
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relationship.

To retrieve suchtree-shapedlata, several XML query
languageshave been proposedin the literature. Ex-
amplesinclude XPath [9] and XQuery [5]. XQuery
is being standardizedas a major XML query language.
The main building block of XQuery is XPath, which
addressegpart of XML documentsfor retrieval, both
by value searchand structure search. For example,
“paragraph//section " isto nd all sectionghatare
containedin eachparagraph. Here, the doubleslash’//"
representshe ancestoidescendantelationship. A single
slash’/' in anXPathrepresents parent-childrelationship,
for example“section/figure ”. To evaluatethe query
“paragraph//section ", anadvetreetraversalstratgy
could causea scanof thewhole XML datatree evenwhen
therearefew results.Alternatively, the“set-at-a-time’strat-
egy would rst retrieve all paragraph  andsection el-
ementspossiblywith sometag index, andthen nd all oc-
currencef the ancestoidescendantelationshipbetween
theelementsets.Thisis termedasstructurl join in [22].

Since structural join takes the tiger shareof time for
evaluatingpathexpressionqueries,it hasattracteda lot of
interestfrom theresearcltcommunity[25, 18, 22]. Thepro-
posedalgorithmstake advantageof a numberingscheme
thatencodesachelementwith a (start; end) pair, or the
region of eachelementn a datatree[25].

The state-of-the-arstructuraljoin algorithm was pro-
posedin [22], which takesasinput two orderedlists, one
for ancestorandthe otherfor descendantsBy maintain-
ing anin-memorystack,the algorithmrequiresto scanthe
two inputlists only once. Suchanapproachhowever, im-
pliesthatevery ancestoor descendant accessednceno
matterit hasmatchesor not. The questionis: canwe skip
ancestoranddescendanthathave no matchesn ajoin?

Chienet al recentlyproposeda new structuraljoin al-
gorithm, namelyB+ algorithm,which canutilize B* -tree
indexes built on the start attribute of the joining element
setg[8]. AlthoughtheB+ algorithmcaneffectively skip de-
scendantsvithout matchegby B* -treerangegueries)it is
noteffective in skippingancestorsAs such,usingB™ -trees



only solveshalf of the problem.

In this paper we proposeXR-tree (or XML Region
Tree),adynamicexternalmemoryindex structurespecially
designedfor XML data. Differentfrom traditional B* -
trees, XR-treesindex elementodeson their region codes,
speci cally (start; end) pairs. The novel featureof XR-
treeis that,for ary elementk, all its ancestorgor descen-
dants)in a givenelementsetE indexed by an XR-treecan
beretrievedwith optimalO(log N + R) worstcasd/O cost,
whereN is thesizeof E andR is the numberof elements
retrieved. Sucha uniquefeatureof XR-treemalesit possi-
ble to mosteffectively skip bothancestoranddescendants
duringa structuraljoin if XR-treesarebuilt on two joining
elementsets. The idea of XR-treeis motivatedby anin-
ternalmemorydatastructure:interval trees[4]. Thereare
alsoworksoninterval management externalmemory[1]
andindexing timeintervals[13]. XR-treestandsoutamong
thoseproposedapproache thatit dealsspeci cally with
regionsof XML elementswhile existing approachesnan-
agearbitraryone-dimensiondhtervals. By fully exploiting
the strictly nestedpropertyof XML, we areableto deplg
moreef cient datastructuregor managingegionsof XML
elements.

We summarizehecontributionsof this paperasfollows:

1. We proposea novel externalmemoryindex structure,
XR-tree,which supportsef cient retrieval of elements
by structuralrelationship. We further shav that XR-
treetakeslinear storageconsumptiorand canbe dy-
namicallymaintainedn avery ef cient manner

2. We presenta new structuraljoin algorithm, namely
XR-sta&, which utilizes XR-treeindexeson two join-
ing elementsetsto effectively skip bothancestorand
descendanthatdo not participatein ajoin.

3. An extensie performancestudywasconductedn the
XR-sta& algorithm,in comparisomwith previousstate-
of-the-artalgorithms. Our experimentalresultsshov
thatthe XR-sta& algorithmperformssigni cantly bet-
terthanexisting approaches.

The rest of the paperproceedsas follows. Section2
is dedicatedo somebackgroundcknowledgeand previous
work on XML. We describethe datastructureof XR-tree
in section3 andthenshov how XR-treescanbe dynami-
cally maintainedn section4. In section5, we presentwo
typesof structuralqueriessupportedoy XR-tree with 1/O
costanalysis. Afterwards,we preseneanef cient structural
join algorithm, XR-sta&, which utilizes XR-treesbuilt on
joining elementets.Section6 reportsexperimentalesults.
Section7 concludeghe paper

2. Background and relatedwork

XML datais commonly modelledby a tree structure,
where nodesrepresentlements attributes and text data,

andparent-childpairsrepresennestingbetweenXML ele-
ments.To ef ciently evaluateXML queriesit is important
to: (a) efciently determinestructuralrelationship,specif-
ically parent-childor ancestoidescendantelationship be-
tweenary pair of elementnodes;b) nd all occurrencesf
astructuralrelationshipbetweertwo elementsets.

In this section,we rst give somebackgroundnforma-
tion on numberingschemegor XML. Thenwe discussex-
isting structuraljoin algorithms.

2.1. XML numbering scheme

The structuralrelationshipbetweentwo elementnodes
can be quickly determinedby a region encodingscheme,
where each elementis assignedwith a pair of numbers
(start; end), basedon its positionin the datatree[25, 22,
8], with the following held: for ary two distinct elements
u andv, (1) theregion of u is completelybeforeor afterv,
or (2) theregion of u completelycontainsv or is contained
by the region of v. Formally, elementu is an ancestorof
elementv iff u:start < v:start andv:end < u:end. Since
regionsof two distinctelementseverintersecpartially, the
formulacanbesimpli ed asu:start < v:start < u:end.

Reagion codesfor elementnodescanbe effectively gen-
eratedby a depth- rst traversalof the treeandsequentially
assigninga numberat eachvisit [25, 18]. Figurel depicts
anexampleXML datatreewhereelementsaareencodedn
this manner Therootis a dept elementwhich spansrom
position1 to 100. The rst emplg/eeelementemp, spans
from 2to 15,andsoon.

ey @rom) @) o) @romn (D

emp: (50, 55)

Figure 1. An example XML document

Thereareotherapproacheso numberingXML element
nodes.Oneis the durable numberingschemewhereeach
elementis numberedwith a pair (order;size) [18, 7].
For ary two distinct elementsu and v, u is an ances-
tor of v iff u:order < v:order < u:order + u:size.
Dietz's numberingschemeusestree traversalorders[12].
A tree nodeis assigneda pair of (preorder; postorder)
tree traversal orders. Elementu is an ancestorof ele-
mentv iff u:preorder < v:preorder andv:postorder <
u:postorder.

2.2.Structural joins

A structuraljoin is to nd all occurrencesof struc-
tural relationshipbetweentwo elementsets. More for-



mally, given two input lists, AList of potentialancestors
(or parents)and D List of potentialdescendantgor chil-
dren), where each elementin the lists is of the format:
(Docld;start; end;level), a structuraljoin is to reportall
pairs(a;, d;), & 2 AList andd; 2 DList, suchthat(1)
a:Docld = d;:Docld; and(2) & :start < d:start <
a;:end. To retrieve only parent-childpairs, the condition
a;:level = d;:level 1lisalsorequired.

XML query processingis dedicatedto tree pattern
matchingwhile structuraljoins are consideredas a core
operationin optimizing XML queries[25, 18, 8]. Various
techniquesvere proposedo leveragethe power of widely
availableRDBMS [21, 14, 25, 24, 15] or to usenative XML
qgueryengined19]. In particular [25] proposed variantof
thetraditionalmeige join algorithm,calledmulti-predicate
memge join (MPMGJN). However, it may performa lot of
unnecessargomputationand I/O for matchingstructural
relationship. Similarly, EE-Join and EA-Joinin [18] may
scananelementetmultiple times.

TheStack-Tee-Desgoin algorithmproposedn [22] im-
provedthemegebasedstructurajoin algorithmswith stack
mechanism.The basicideais to take the two input lists,
AList andDList, both sortedon their start values,and
conceptuallymeige them. A stackis introducedto main-
tain ancestoelementghatwill beusedaterin thejoin. As
such,only onesequentiakcanis performedon AList and
DList .

Chienetal, proposed stack-basedtructuraljoin algo-
rithm thatcanutilize the B* -treeindexeshbuilt onthestart
attribute of the participatingelementsets[8]. An enhance-
mentto thebasicB* -treeapproactis to addsibling pointers
basedon the notion of “containment”. They alsopresented
astructurajoin algorithmthatutilizesR-treeswith syndiro-
nizedtreetraversal [6, 17].

3. XR-tr eeindex: The structure

In this section,we presentthe structureof XR-tree,an
index speciallydesignedto index XML datafor ef cient
structuraljoins. We rst give de nitions of someconcepts,
followedby thede nition of XR-treeandsomediscussions.

3.1.Preliminary de nitions

De nition 1 Given a key k and an elementwith region
Ei(si;e) !, E; is said to be stabbedby k, or k stabsE;,
ifsi  k &.Givenasetoforderedkeys,kj (0 j < n),
whee ky < ky if X < y, andanelementE;(s;; &), E; is
saidto beprimarily stabbedyk; , or k; primarily stabsk;,
if(1)si ki e&,and(2)foralll;l <j,k < s, thatis,
kj isthesmalleskey thatstabsE;.

1Elementandregionwill beusedinterchangeablyereafter

De nition 2 Givena setof orderedkeys,k; (0 j < n),
hee ky < ky if X < y, and a setof elementsE =
i(si; &), the stablist of a key k; is the list of elements

in E thatare stabbedbyk; , denotedasSL; or SL ;). The

primary stablist of a key k; is thelist of elementsn E that
are primarily stabbeddyk; , denotedasP SLj or PSL (y; ).

The stabbingand primarily stabbingrelationshipscan
be illustrated with Figure 2.  There are ve keys,
ko < ki < ky < ks < kg and sesen regions
(si;e), O i < 7. The lists of regions stabbed
by kj are SLo = f(so;€0);(S1;€1);(S2;€)9, SL1 =
f(So;€0);(S3;€3)0 SL2 = f(So;€0);(Sa;€4);(Ss;€5)0,
SLs = f(so;&0);(ss;€4)9, andSL4 = f(s6;€5)9, re-
spectvely. The primary stablists of thekeysarePSL g =
f(So; €0); (s1;€1); (S2;€2)9, PSL1 = f(s3;€3)9, PSL2 =
f(sa;€4);(ss;€5)9, PSL3 = ; andPSL, = f(se;€5)0
respectrely.

ko ky 2 3 Ks
So ey :

——e; S3

S1 €3 Sy ey

€s SeT T €g

Figure 2. Keys and stabbed regions

It is easyto seethat, strict ancestoidescendantelation-
ship holds betweeneachpair of neighboringelementsin
a (primary) stablist. Take kg andP SL, asan example.
(so0; €) is anancestonf (s3; e;1), which is an ancestorof
(s2;€2). In otherwords,the rst elementin a PSL (y is
theancestoof all otherelementsn P SL () andits region
coversall otherregionsin P SL (.

De nition 3 Thestartandendpositions ps; ; pg , of key k;

with primary stablist PSL; are de nedthe startandend
positionsofthe r stelemenbf PSL; whenPSL; 6 ;,and
(nil;nil ) if PSL; = ;.

In Figure2, we have (pso; Pev) = (So; €0), (PSt1; per) =
(S3:€3), (PS2; P€2) = (S4;€4), (PSs; pe3) = (nil ;nil ), and
(PSs; pes) = (Se; €s)-

3.2.XR-tr ee: Its structure

With the above introduction, we proceedto de ne the
structureof an XR-treeindex.

De nition 4 An XR-treefor a setof region-encodedXML
elementss a treewith thefollowing properties:

1. An XR-treeis a balancedree

2. Aninternal nodecontainsm key entriesin the form
of (ki;psi;pe), with kg < k; < < Km 1, and
d m 2d,wheedisthedegreeof the XR-tree.



3. An internal nodewith m keys also containsm + 1
pointes p;; (0 j m), pointing to the nodesin
thenext level of thetreg sud thatall keysin thenode
pointedby p; arelessthank;, andall keysin thenode
pointedbyp;.+1 aregreaterthanor equaltok;, respec-
tively.

4. An internal node n is associatedwith a stab list,
SL(n), which holdsall elementsE;, sud that E; is
stabbedy at leastonekey in n but not stabbedoy any
key of anyancestorof n. Each elemenin SL(n) isin
theform of (s; e; pointer ), wheee (s; €) is theregion of
theelementindpointer pointsto thedataentryofthe
element.

5. SL;, PSL; for the setof all keysk; in an internal
noden are de ned on thelist SL(n) by De nition 2.
Ead pair of (ps; ; pg ) of k; is de nedbyDe nition 3.

6. Leaf nodescontain elemententries, in the form of
(s; e;I nStabList; pointer), whek (s; €) is theregion
of theelementands is theindex key. | nStabList isa
a g indicatingwhetherthe elemenis includedin any
stablist of internal nodes,and pointer pointsto the
dataentryof theelement.

7. Leafnodesare linkedfromleft to right.

By de nition, an XR-treeis essentiallya B* -treewith a
comples index key entryandextra stablists associateavith
its internalnodes We will seelaterthatit is suchacomple
key andthestablists thatenableXR-treeindexesto support
efcient structuraljoins.

In relationalsystemsijndexesareusuallybuilt on anat-
tribute or asetof attributesin atable.For XML documents,
we canbuild indexeson setsof elements/attribtesde ned
by certainpredicates.Figure 3 shavs the XR-treefor the
setof emp elementsn the exampledocumentn Figurel.
Thepointer eld is omittedfor clarity.

In Figure3, theleft internalnodehasan emptystablist,
while the root andtheright internalnodehave 2 and 3 re-
gionsin their stablists respectiely. Notethat,althoughthe
region (20; 75) is stabbedy key 46, it is not putin thestab
list of the right internal node becausg20; 75) is already
stabbedby key 24 in theroot. By de nition, we only in-
cludearegionin the stablist of thetop-mostode.For key
19, psiig) andpeqgy aresetto nil becausd®SL1q) = ;.
For key 46, PSL 46y = f(40; 65); (45; 60); (46;47)g, and
PSue) = 40, peysy = 65 SincePSLzg) = ;, PSrg) =
Perzg) = nil.

Astutereadersnay nd thatsomekeysin internalnodes
donotappeamsstart positions(or keys) of elementsn the
leafnodes.In fact,index keys arenot necessarilystart po-
sitionsof certainelements.ldeally, keys shouldbe chosen
to minimizethesizeof stablists. For example,if we choose
80, thestart of element(80; 91), insteadof 79, asthe key
in the right internalnode,we will have one more stabbed

(20.79). 22,59
RN [ms o [j] 40,2065 [{ 79, ni i | (40, 65), (45, 60), (46, 47)
2,15, no 20, 75, yes 25, 30, no 46, 47, yes 80, 91, no
8,12, no 22,35, yes 40, 65, yes 50, 55, no 85, 90, no
10,11, n0 [N\__| - Ne__7| 45, 60, yes \_ - N -

Figure 3. The XR-tree for the element set emp
shown in Figure 1

element.Suchoptimizationcansimply be doneby usinga
value (asthe internalkey) thatis smallerthanthe keys at
theright branch,if possible.We have to usekey 46, which
is equalto the smallestkey at the right branchof the key,
since45is thestart positionof anotherregion.

3.3.Moreon stablists

An XR-treeis basicallya B* -treeaugmentedvith stab
lists of internalnodes. One expectedconcernis the space
overheadof stab lists, hencethe manipulationoverhead
causedy them.In this sectionwe discusgheseissues.

Sizesof stablists

Accordingto the propertyof XR-tree,eachelementregion
canonly beincluded,if ary, in onestablist of all internal
nodes.Thereforethetotal elementsn all stablists will not
exceedthe total elementindexed. Suchan upperbound,
however, is hardly reached. It is obvious that eachindex
key canonly stabat mosthy elements,wherehy is the
maximumnumberof nestingsof elementnodesindexed.
Therefore the maximumnumberof pagedfor a stablist is
Smax = hgi}%, whereB, is the maximumnumberof
entriesin aninternalnode,B s is the maximumnumberof
tuplesa stablist pagecanhold andf i, ; f max arethemin-
imumandmaximumpagell ratios,respectiely.

If we assumehesizeof akey entryplusa pointeris the
sameasthesizeof anentryin thestablist, f nin andf nax
be0.5and1.0,respectrely, we have Sphax = 2hg (pages).
Thereforewith reasonabléevels of nestingwe expectthat
the numberof pagedor the stablist attachedo aninternal
nodeis small,rangingfrom zeroto afew pages.

Sinceit is ratherdif cult to estimatehesizeof stablists
moreprecisely we conductedsomeexperimentausingdata
from two benchmarksXMach [2] and XMark [20]. We
selectedrarioussetsof elementdy changingthe selection
predicatesbuilt indexeson thoseelementsets,andcounted
the numberof stablist pages. The resultsshowv that, for
XR-treesof real-world data,the averagesizeaswell asthe
maximumsizeof stablists is aboutseveral disk pagesand
thetotal sizeof stablistsis muchsmallerthanthewholeset
of elementsndexed (lessthan10% of leaf pagedor highly
nesteddatasetswith thenumberof nestingdargerthan10).



Stablist accessost

Theformula, Snax = 2hg, impliesthatthe stablist of an
internalnodecould spana few pagesor eventensof pages
in casesvherean elementsetis extremely highly nested.
The costof accesgo a stablist becomes concernfor such
extremecases. For example,we often needto locatethe
PSL; for agivenkey kj whensearchingn or updatingan
XR-tree. It is undesirablef we needto scanalot of pages
beforethe PSL; is locatedin the stablist. The problem,
however, canbetackledwith a psdirectorypage thatmaps
eachps; tothelocationof PSL ;. Figure4 shavs anexam-
ple of a psdirectorypagethat mapsps elds of veindex

keysto thebeginningof theirPSL's.

ps directory page ‘ pSoL ‘ ps; ‘ | ‘ ps, ‘ ‘ pS3 ‘ ipsA ‘
v

)

PSL, PSL, PSL, PSL; PSL,

Figure 4. Mapping ps; to PSL; in a stab list

As showvn in Figure 4, a ps directory page contains
oneentry for eachindex key. The entryis of the format:
(ps; ; pointer ), whereps; is the ps eld of key k; and
pointer pointsto the headof PSL; in the stablist. The
pointer is setto nil if PSL; = ;, asfor ps;. Sincethesize
of anentryis smallerthanthesizeof akey entryin aninter-
nal nodeandthe numbersf entriesin aninternalnodeand
its psdirectorypagearethe sameonepsdirectorypageis
alwayssufcient to mapall ps elds to their PSL's. Note
thatthe psdirectorypageis necessarpnly whena stablist
spangnorethanonedisk page.lt is easyto seethatlocating
PSL; of key k; takesonly 1 or 2 disk1/O's.

4 Updating

In this section,we presentalgorithmsfor insertionand
deletionin XR-trees. Updatein XR-treesshould not be
confusedwith updatein sourceXML documentgor which
XR-treeindexes are built. We needto updatean XR-tree
only when the relatedpart of the sourcedatais updated.
Theproblemof updatingXML is still anopenissueandde-
taileddiscussiornis out of the scopeof this paper Interested
readersnayreferto [23].

4.1.Insertion

Insertingnew elementss similar to insertionin a B* -
treein thatnew elementsareaddedo leaf pagespver ow-
ing pagesare split, and splits propagte up the tree [10].
Algorithm 1 lists theroutinefor insertion.

We now go throughAlgorithm 1 andreview somefea-
turesrelatedto stablist maintenanceluringinsertion.

In stepll, when navigating down to a leaf page,E

Algorithm 1 Insertion
Input: A new elementE = (s;e;pointer ), to beinserted.

11 [Find aleaf pagefor insertion] Navigatedown to a proper
leaf pagefor insertion.InsertE into the stablist of the high-
estinternalnodethatstabsit, if any.

12 [Insert E into the leaf pageL ]

121 If L hasroomfor anotherelementjnsertE andreturn.

122 Otherwise,split L by moving secondhalf entriesto
anew leaf pageL new . InsertE into the correctleaf
page.Give upanaw key entry(k® pointer 9, together
with its StabSet®.

I3 [Insert (k% pointer % StabSet?) into internal nodel ]

131 If I hasenoughroom, insertthe newv entry and its
StabSet®intol .

132 Otherwise,split | by moving the secondhalf entries,
togethemwith their primary stablists, to the new node
Inew - Insert the new entry and its StabSet® into
the properinternal node. Give up a new key entry
(k% pointer %), togetherwith its StabSet’. Repeat
stepl3, orgoto 4 if | istherootnode.

14 [Grow the XR-tree taller] If the node split propagtion
causedthe root to split, createa new root whosechildren
arethetwo resultingnodes.

shouldbeinsertednto the stablist of thehighestinter-
nal nodethatstabsit, if ary, with its | nStabList ag
setto yes.

In caseof over ow (stepl22 and132), whensplitting
aninternalnode,we alsoneedto split its stablist. An

illustrative exampleis shavn in Figure5(a). In fact,
the split costis independenbf the sizeof the stablist

becauseave only needto accesghe pagewhich holds
the splitting point. No otherpagef the stablist need
to betouched.

After split, we proposenot only a new key k° to the
upperlevel, but alsothe setof elementstabbedy k°
denotedas StabSet’, asdemonstratedh Figure5(b),
wherek?is insertedafter k,, which is selectedasthe
key to be given up. Note that StabSet® containsall
elementsrom SL (1) andSL (I ,ew ) thatare stabbed
by k®andthey areremovedfrom SL (1) andSL (I new )
at the sametime. If the split pageis a leaf page,we
retrieveelementsn L andL e, thatarenewly stabbed
(i.e. I nStabList =no) andturntheir ags toyes.

I/O costanalysis Theinsertionl/O costfor XR-treesis
the sameasfor B* -trees,i.e. O(logg N ), exceptfor addi-
tional costfor maintainingstablists of internalnodes.

We now give amortized/O costfor stablist maintenance
for eachinsertion. The basicideais to considerthe worst
casetotal I/0 costfor insertingN elementdnto anempty
XR-treeandthe amortizedcostis the total costdivided by



el lul ]| » 24 7= =5

A/Ji‘

stab list splitting point

CIAE

[[ta] [t ] ﬁ Lo [T -
v/ e/
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Figure 5. Splitting an internal node and giving up a new key and its StabSet'

N . Here,the worst caseis thatall elementsn leaf pages
arestabbedy internalnodes.

As we know, eachstabbecelementat heighth is either
givenupfrom thelowerlevel nodeatheighth 1 (stepl22
and|32) or directly insertedduring insertion(stefdl). Let
usassumehatall elementsn stablists aregiven up from
lower level nodes,which will give a looserupperbound
of 1/0 cost. It is olvious that a stabbedelementat height
h is displaced(or given up) for h timesall the way from
the leaf pageto its currentpositionduring nodesplit. Let
the costof onedisplacementi.e from heighth 1 to h)
of an elementbe Cpp (seesection4.3). A stabbedele-
mentat heighth incursatmostCpp h displacementost.
The amortizeddisplacement/O costCpp for eachinser
tion is the total costof displacemgltslivided by the total
numberof insertions,i.e. Cop = 1o NnCpp h=N,
whereNy, is thetotal numberof stabbedtlementsat height
h. Sinceeachinternalnodecanstabat mosthyB,f ele-
ments,the maximumtotal numberof elementsn the stab
lists of internal nodeswith height> 1 can be approxi-
matedby #N, wheref is the averagepage Il ra-
tio andhg; B, ;B wereintroducedin section3.3. Since
BL%% 1, it impliesthat moststabbedelementsareat
height1 in the worst casewhereall elementsare stabbed.
Thus,wehareCpp N.;Cpp=N Cpp.

Theorem1 Theamortized/O costfor insertinga new ele-
mentinto an XR-treeis O(loge N + Cpp ), where N isthe
numberof elementsndexed,F is thefanoutof the XR-tree,
Cpp isthecostfor onedisplacementf a stabbedelement,
or the costfor deletingan elemenfroma stablist andthen
insertingit into anotherstablist.

4.2.Deletion

Deletingelementdrom an XR-treeis similarto deletion
inaB* -treein thatelementaredeletedrom leaf pagesre-
distribution or memging occursif leaf pagesunder ow. Al-
gorithm2 shavs a sketchof the XR-treedeletionalgorithm.
Similarly, we needto take specialcareof stablist mainte-
nancefor internalnodes. We summarizethe new features
below:

Whennavigatingdown, we needio remore E fromthe
internalnodeif its stablist containsE (stepD1).

Algorithm 2 Deletion
Input: An elementE = (s;e;pointer ), to bedeleted.

D1 [Locate E in leaf page]Locatethe leaf pagecontainingE .
DeleteE from theinternalnodel if its stablist containsE .
D2 [DeleteE from leaf pageL ]

D21 DeleteE fromL. If L remainsatleasthalffull, return.

D22 Otherwiselet S beasiblingof L. If S hasextraen-
tries, redistritute entriesbetweerl. andS andupdate
their parententry.

D23 Otherwisemege S andL . Propagtethe deletionup
thetreewith thekey of their parententry.

D3 [Deletethe entry from an internal nodel ]

D31 Supposeentryj is to be deleted.Deleteentryj from
| and“reinsert” elementsn SL(I) thatarenolonger
stabbedy | . If | remainsatleasthalf full, return.

D32 Otherwiselet S beasiblingof I . If S hasextra en-
tries, redistribute entriesbetweenL and S. Update
their parententry properlyandreturn.

D33 OtherwisemegelL andS, andtheir stablists. Propa-
gatethedeletionupthetreewith thekey of theirparent
entry.

D4 [Shorten the tree] If the root hasonly one child after the
deletion,malke thechild asthenew root.

Deleting an index entry from | will possibly cause
someelementsn SL(I) nolongerstabbedy I . For
eachsuchelementE %, we needto “reinsert”it into the
highestinternalnodethat stabsit. If no suchinternal
nodeexists,we setthel nStabList ag of E°to no.

After redistritution betweentwo internal nodes,we
needto updatethe entry with key k (that separates
them)in the parentnodeP with anew key k°. SL (ko)
shouldberemorvedfrom thetwo internalnodesandin-
sertedinto SL (P). At the sametime, someelements
in SL(P) might be no longerstabbedoy P afterk is
replacedwith k° This canbe handledsimilarly asthe
entry deletioncase. Redistritution betweentwo leaf
pagedollows similar procedure.

Whenmemging two internalnodes,say from | to its
left sibling S, we alsoneedto megeSL (1) to SL(S).
This cansimply bedoneby linking SL (1) to SL(S).



I/O costanalysis As theinsertionoperation,deletionin
an XR-treeincursadditionalcostfor stablist maintenance
dueto thedisplacementf stabbedelementsin theinterest
of spacewe omit thedetailedanalysis.

Theorem2 Theamortized/O costfor deletingan element
froman XR-treeis O(logr N + 3 Cpp), whee N is the
numberof elementsndexed,F is thefanoutof the XR-tree,
Cpp isthecostfor thedisplacemenof anelemenfromone
stablist to another

4.3.Costfor manipulating stablists

As hasbeenshavn, updatingan XR-treeincursa little
additionall/O for stablist maintenanceWe areparticularly
interestedn thel/O costfor deletinganelementfrom astab
list, Csp, andinsertingan elementinto a stablist, Cg),
because¢hey arefactorsof amortizedupdatecost. Notethat
Cpp = Csp + Cg.

As amatterof fact,bothCsp andCg; will beno more
than2 or 3 disk I/0's, basedon the analysisin section3.3,
wherewe proposedheusageof apsdirectorypagefor stab
lists thatspanmorethanonepage.(ps;pe) elds of anin-
ternalnodecanbe updatedvithout additionall/O costafter
we insertan elementinto its stablist or deletean element
from its stablist.

5 Processingstructural joins with XR-tr ees

In this section,we describehow XR-treescanbe used
to supportef cient structuraljoinsin XML documentsWe
rst describewo basicoperationsfollowed by a structural
join algorithmfor XR-treeindexed data.In our discussion,
we assumethat the XML elementsetsare indexed using

XR-trees.

5.1. Basic operations: Searching for descendants
and ancestors

A structuraljoin nds matchingancestoidescendanpr
parent-childoairsbetweertwo setsof elementsTo process
suchjoins, we identify two basicoperations:

1. FindDescendantssivenanelement,, nd all itsde-
scendantin anelementsetindexedby an XR-tree.

2. FindAncestors:Given an elementEy, nd all its an-
cestordn anelementsetindexed by an XR-tree.

5.1.1 Searching for descendants

SinceXML elemennhodesarestrictly nestedfor agiven
element(s,; e;), nding all its descendantis to nd all el-
ementsE; suchthats, < Ej:start < e,. It isjustasimple
rangequeryover the start positionof elementspn which

Algorithm 3 FindDescendants

Description: nd all descendanélementsof Ea = (Sa;€a) in
XR-treeT.

1: node:=T:root;

2: while nodeis notaleaf pagedo

3: nd thelargestkey ki in node, suchthatk;  sj;

4:  if found,letnode:=k;:rightC hil d; otherwiseJet node :=

ko:lef tC hil d;
5: endwhile
6: stop := FALSE;
7: while notstop do
8: for all entriesE; in node do
9: if Sa < Ej:start < e,, outputE;;
10: if Ej:start > ey, letstop := TRUE;
11: endfor
12: node:=node:next;
13: endwhile

they areindexed in the backboneof XR-trees. The algo-
rithm is ratherstraightforvard asoutlinedin Algorithm 3.

Notethatthereis no needto accesstablists whensearch-
ing for descendantst is obviousthatAlgorithm 3 correctly
retrievesall descendantsf element(s,; e;) in T. Thefol-

lowing theoremgivesthe I/O costfor the algorithm Find-

Descendantéroof omittedin theinterestof space):

Theorem 3 The opemation FindDescendantsver an XR-
tree can be evaluatedwith optimal worst casel/O cost:
O(loge N + R=B), whee N is thenumberof elementsn-
dexed,F isthefanoutoftheXR-tree,R is theoutputsize B
is theaveiage numberof elemenentriesin ead leaf page.

5.1.2 Searching for ancestors

SinceXML elementsrestrictly nestedfor agivenelement
(s4; €4), nding all its ancestorss to nd all elementsE;
suchthatE;:start < sq < E;:end. In otherwords,it is to
searchfor all elementsstabbedoy s4. Note that elements
stabbedyy sy couldbescatteredn ary leaf pageleft to the
leaf pageon the searchpath of sq4. Sequentialearchof
leaf pagescould be costly, which is exactly the motivation
for XR-trees.Our basicideais, duringthe navigationfrom
therootto the leaf page we searclthe stablists of internal
nodesto collectelementstabbedy sy. After reachingthe
leaf page,we outputthoseelementsstabbeddy sy but not
includedin the stablists of internalnodes. The procesds
outlinedin Algorithm 4.

Thealgorithmfor nding stabbedelementsn a stablist
is shavnin Algorithm 5. Assumethatsy fallsin [K;; Ki+1 ).
It is clearthatsy cannotstabary elementin PSL;, where
j > i + 1becausall suchelementhavetheirstart values
largerthank;.; , i.e. theseelementare“behind” sq. There-
fore,we only needto checkP SL ; of kg, wherec <= i+ 1.

Sinceelementnodesin a P SL arestrictly nestedjf sq
stabssomeelement(s; ;g ) in a PSL, thenit muststab
all its ancestorsn the PSL. In otherwords, all elements



Algorithm 4 FindAncestors
Description: Find all ancestor®f Ep = (Sq; €q4) in XR-treeT.
SO Letnodebetherootof T;

S1 Searcmon-leafpages
While nodeis notaleaf pagedo

S11 Retrieve all elementsstabbeddy sq in its stablist, by
calling SeachStabList(Algorithm 5).

S12 Findthelargestkey ki, suchthatk;  sq.

S13 If found, let node be k;:rightC hil d; otherwise,let
node betheleft child of the rst index entry

S2 [Searchwithin the leaf page]Searchfrom the rst element
of node to outputelementghat are stabbedoy sq but with
I nStabList ags beingno, until an elementwhosestar t
positionis greatetthansy is encountered.

Algorithm 5 SearchStabList

Description: Searchthestablist of aninternalnodel for all ele-
mentsstabbedy sq.

1: letk; bethekey in |, suchthatk;

2: forc=1i+ 1to0do

3:  if psc 6 nil andps; < sq < pe: then

4 ScanP SL . andoutputthe scannecalementsuntil anel-
ementnot stabbedy sy is encountered;

5. endif

6: endfor

Sq < Ki+1;

stabbedy sy areclusteredatthe beginningpartof aP SL.
Thus,whensearchindgor stabbedelementsn aPSL, we
just scanthe P SL andstopassoonasthe currentelement
is notstabbedy sy, which explainsline 4 in thealgorithm.

The I/0O efciency of SeachStabListis guaranteedy
the fact that, whencheckingsomeP SL . for matcheswe
do not needto accesghe stablist until we are guaranteed
to have at leastonematch(whensy stabsPSL's rst el-
ementstoredin theindex entry i.e. ps; < Sq < pe&).
Furthermorewith the psdirectorypage, it is possibleto ac-
cessthe PSL of ary key in 1-2 disk I/Os. The following
theoremgivesthe /O costfor retrieving theancestorsf an
element.

Theorem4 The opemtion  FindAncestors takes
O(loge N + R) worst case l/O cost, whee N is the
numberof elementsndexed,F is thefanoutof the XR-tree,
R is theoutputsize

The correctnesof the algorithm FindAncestorss as-
suredby thefollowing lemma(in the interestof spacewe
omit the proof):

Lemmal LetT bean XR-treeof heightH , ps bea query
point. Letly 1! Iy 2! I 11! Lo bethepath
for ps to navigatefromly 1, therootof T, downto a leaf
page, Lo. LetR bethe setof elementstabbedby ps in T.
Then,for each elemenE 2 R, it mustappearin L or the
stablist of somdl i, wheei 2 fH 1,H 2 ;1g.

5.2.Structural joins on XR-tr eeindexeddata

We are now readyto describean algorithmfor joining
XR-treeindexed data. AssumeA andD aretwo element
sets. Both setsareindexed using XR-trees. Sincethe leaf
pagesaresortedonthestart positionsof theelementsjoin
canbe processequst like memge-joinin relationalsystems.
Thatis, usingtwo pointersto mave down the lists to nd
matches.Differentfrom the typical meige-join algorithm,
we caneffectively skip elementghatdo not have matches
with the two operationsdescribedpreviously. For ary el-
ement,we canretrieve its ancestoror descendantssing
XR-trees thusthereis no needto touchthoseelementghat
arenot ancestor®r descendantsiVe alsomaintaina stack
to cachethe ancestorof the currentdescendanélement.
Thealgorithmis outlinedin Algorithm 6.

Algorithm 6 Stack-base&tructuralJoinswith XR-trees
Input:
A istheancestosetandD is thedescendarget.

1: CurA = First(A);

2: CurD := First(D);

3: stack = ;;

4: while Cur A 6 EndOf (A) andCurD 6 EndOf (D) do

5. if stack 6 ; then

6: popall elementghatarenotancestorsf CurD;

7:  endif

8: if CurA:start < CurD:start then

9: Aq :=FindAncestorsf, Cur D :star t);

10: for eacha; 2 Ay, if 8; 62stack, pushit onthestack;

11 outputpairs(a 2 stack, CurD);

12: CurA := rst elementin A whose start >
CurD:start;

13: CurD :=next elementn D afterCurD;

14: else

15: if stack 6 ; then

16: outputpairs(a 2 stack; CurD);

17: CurD :=next elementin D afterCurD;

18: else

19: CurD := rst elementin D whose start >

CurA:star t;

20: endif

21: endif

22: endwhile

The algorithm keepstwo pointers,Cur A and CurD,
which point to the currentelementsto be checled in A
andD, respectiely. At the beginning, they are setto the
rst elementof A andD, respectiely (line 1-2). We also
maintaina stack that holdsthe elementsin A, suchthat
eachelementin stack is a descendantf the elementbe-
low it andall elementsin stack are ancestorsf CurD?,
whereCur D?is the elementbeforeCurD in D. In other
words, stack cacheghe ancestorghat could possiblyjoin
with Cur D. By de nition, stack is initially empty(line 3)
becausetrivially, thereis no elementbeforeCurD.

The basicideaof the algorithmis simple. At eachloop,



we try to skip ancestorr descendantsithout matches,
basedon currentpositionsof Cur A andCurD. If CurA
is beforeCur D, we try to skip ancestorbasedon CurD;
Otherwise we skip descendantsasedon Cur A. The pro-
cesss repeatedintil oneof thelists is exhausted.

Now we explain Algorithm 6 in details. By precondi-
tion, stack keepsthe ancestor®f anelementCur D ° pre-
cedingCurD. SinceCurD:start > CurD%start, some
top elementsn stack maynotbeancestoref CurD. Such
elementscannotbe ancestorof ary elementafter CurD.
Therefore,we pop theseelements(line 5-7). The case
whereCur A is beforeCur D is copedwith from line 9 to
13. We retrieve all ancestor®f CurD, pushthemon the
stack,outputall matchedpairsfor CurD andthenmove
forward both Cur A andCurD. Sincestack is possibly
keepingsomeof CurD's ancestorswe should not push
theseancestoron stack (line 9-10). In the implementa-
tion, we useda variationof FindAncestordhat canreturn
CurD'sancestorsfterthestacktop. Line 15-19dealwith
thecasewhereCur A is behindCur D . As amatterof fact,
it is impossibleto skip elementsin D if the stackis not
empty becausehe in-stack ancestorscould possiblyjoin
with descendantbetweenCur D :start and Cur A:star t.
As aresult,we proceedCur D by oneif stack is notempty
(line 15-17). Otherwise,we move CurD to the element
right after Cur A (line 19). This canbe donewith a vari-
ation of FindDescendants,e. an open-endedangequery
(CurA:start; +1 ), to getthe rst elementound.

5.3.Evaluating parent-child relationship

FindDescendantand FindAncestorscan be easily ex-
tendedto supportparent-childrelationship,i.e. FindChil-
drenandFindRarent(notethatan elementhasat mostone
parentin thetreedatamodel),by storingthelevel attribute
togethemwith eachelementin leaf pagesof XR-trees. The
searctprocesss similar, but we needto applyanadditional
condition: ancestor:level = descendant:level 1. Sim-
ilarly, FindChildrenand FindParentcan be usedas prim-
itivesfor a stack-basedtructuraljoin algorithm evaluates
parent-childrelationshipbetweerntwo elementsets.

6 A performancestudy

Comprehenske experimentsvereconductedo studythe
effectivenessof XR-treeindexing. In this section,we de-
scribetheseexperimentsandpresensomeof theirresults.

6.1.Experimental setup

We usedsyntheticdatafor our experimentsin orderto
controlthe structureandjoin characteristicef XML docu-

mentg. Two DTDs, shavn in Figure6, wereusedto gen-
eratehighly nestecandlessnestediatasetsrespectiely. In
particular the D epartment DTD is the sameasthe onein
[8]. About 90MB raw XML datawasgeneratedor each
DTD usingthe IBM XML datageneratomwith default pa-
rameterg11].

departments conferences
l,+ +
department conference
I NN I
name email employee * paper
N :
name email title author

(a) DepartmenDTD

Figure 6. The DTDs for synthetic data

(b) ConferencddTD

Experimentswere performedto study the comparatre
performanceof structuraljoins on non-indeed, B * -tree
indexed, and XR-treeindexed XML data. Table1l summa-
rizesthejoin algorithmsfor whichtheresultsarepresented.
We do not shaw theresultsfor the variationsof B+, namely
B+spandB+psp,becaus¢hey have similarbehaior asthat
of B+. We did nottestR -tree basedalgorithmsbecause
they have beenshawn in [8] to be lessrobustthanthe B+
algorithm.

Table 1. Notations for algorithms

| Notation | Representedlgorithm |
no-index | Merge-join(Stack-Tee-Desd22])
B+ B* -treeindices(Anc_Des B+ [8])
XR-stak The XR-treebasedalgorithm

The joins testedusedemployeers. name(Department
DTD) andpapervs. author(ConferencédTD) elementsets
asthebaseelementets.To have afair comparisorwith the
work in [8], we adoptedsimilar methodologieto gener
ateotherelementsetswith differentjoining characteristics
from thebaseelementsets.

We evaluatedthe performanceof different join algo-
rithms using two performanceindicators,numberof ele-
mentsscannegdandelapsedime

Numberof elementsscanned: This metrics, the total

numberof elementsscannedduring a join, evaluates
the capabilityto skip the elementghatdo not produce
join resultsfor a structuraljoin algorithm.

Elapsedtime: It is usedto investigatethe overall per
formanceof differentalgorithms.

2Experimentswere also conductedwith real-world XML data sets,
suchas XMark, DBLP, etc. We obsened similar performancebehaiors
assyntheticdatasets,accordingo nestingproperties.



The testingsystemwas built on top of our experimen-
tal databassystemwhichincludesstoragenanagerbuffer
pool manger B* -treeand XR-treeindex modules.All the
experimentavereperformedon a PentiumlV 1.60GHzPC
with 256 MRAM, 20Gharddisk, runningWindows XP. The
storagemanagedirectly accessephysical disk driveswith
directl/O functionalitiesprovided by Windows XP. We ran
all the algorithmswith varying buffer pool sizesandfound
thattheir performancavasnot essentiallyaffected. Thera-
tionaleis twofold: (1) All algorithmsare stack-basednd
they requireto scanthe dataat mostone; (2) Probingof
indexes (both B* -tree and XR-tree) are ordered,thus, in-
dex pagesareaccessedtmostonce.Wewill discusghisin
moredetailslater. All theexperimentatesultspresentetbe-
low wereobtainedwith a x edbuffer pool size: 100 pages.

6.2.Varying join selectvity on ancestors

The objective of this setof experimentsis to studythe
capabilitiesof variousalgorithmsto skip ancestoelements.
During the experimentswe keptthe percentag®ef descen-
dantsthatmatchatleastoneancestohigh (99%) andvaried
theselectvity onancestors,e., thepercentagef ancestors
that have descendantskor this purposewe canstartwith
two lists of ancestoranddescendantandtheneffectively
remove certainelementdrom thedescendariist sothatthe
desiredselectvity onancestorganbe obtained.

Table 2 shavs the total numberof elementscannedin
thousandYor variousalgorithms. NIDX and XR are short
for no-index andXR-sta& algorithmsrespectiely.

Table 2. Number of elements scanned (in
thousand) when 99% of descendants join with
varying propor tion of ancestor s

(a) employeers. name (b) papervs. author

[Join-A[NIDX | B+ | XR | [NIDX | B* | XR |

90% 1609 | 1547 | 1536 1409 | 1409 | 1358
70% 1395 | 1207 | 1195 1208 | 1208 | 1057
55% 1234 | 953 | 939 1057 | 1057 | 830
40% 1073 | 699 | 683 906 906 | 604

25% 913 444 | 427 755 755 | 377
15% 806 275 | 256 654 654 | 227
5% 698 105 85 554 554 75
1% 655 37 17 513 513 15

It canbe seenfrom Table2 thatthe XR-sta& algorithm
is ableto completethejoin by scanningheleastnumberof
elementsomparedo theotheralgorithms.Thebene tgets
more olvious whenthe join selectvity on the ancestorset
becomedower. The B+ algorithmis effective in skipping
ancestonodesfor highly nestedancestodata(Table2(a))
but it could be aslessefcient asno-inde for lessnested
ancestodata(Table2(b)).

We furtherexplain suchancestoiskippingcapabilitiesof
B+ andXR-sta& with two examplesshavn in Figure7, one
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for highly nestedancestodataandthe otherfor lessnested
ancestodata.

B XRstack B

- - @ S @y 3 & _3 B
ay ag ag
a3 L2}

XR-stack d

(a) Highly nested (b) Lessnested

Figure 7. The ancestor -skipping capabilities
of B+ and XR-stack algorithms for ancestor s
with diff erent nesting properties

In both examples,the currentexamining ancestorand
descendantlementsarea; andd, respectiely. Therela-
tionshipbetweera; andd is a;:start < d:start, i.e. a; is
befored. Furthermorethe rst ancestoof d is a; in Fig-
ure7(a)andag in Figure7(b),respectirely. Thereforethere
is no needto scanelementdetweem; andthe rst ances-
tor, and thoseelementscan be skipped. no-index always
scansay, i.e. theonenext to a;. The next ancestordo be
scannedor othertwo algorithmsare shavn by the dashed
arrons. Sinced is not a descendandf a;, d cannotbe a
descendanof ary descendanof a;, basedon the strictly
nestedoropertyof XML data.The B+ algorithmmakesuse
of this propertyto skip all descendarglementf a; by lo-
catingtheelemenin A having thesmalleststart valuethat
is largerthana; :end. Thereforejn B+ algorithm,the next
elementgo beexaminedareas anda, in thetwo examples
respectiely. For highly nestedlata,areasonableumberof
ancestorganbeskipped,e.g.a,, ag anday in Figure7(a).
But for less/nonesteddata,the B+ algorithm could be as
lessef cient asno-inde. In brief, the B+ algorithmcannot
take full adwantageof the placeof the currentdescendant
to decidewherethe next candidateancestoresided8]. On
the otherhand,the XR-stak algorithm candirectly locate
ancestorsf d by issuinga FindAncestorgiueryagainstthe
XR-treeon A, asshawn in Figure?.

We alsomeasurethe CPUtime,thenumberof I/O'sand
the total elapsedime for eachrun. The resultsshav that
thetotal elapsedime is dominateddy the I/O's performed,
more speci cally, the numberof pagemisses.Figure8(a)
and8(b) displaythe elapsedime for variousalgorithms.

As canbe obsenred from the gures, XR-stak hasthe
bestoverall performance Its advantagemargin getslarger
with thedecreasef join selectvity ontheancestoset.

Interestinglywe nd thatevenwhenmostof ancestors
anddescendantparticipatein the join, i.e. whenonly few
elementganbeskippeddespiteof thepossibleoverheadf
index probing,XR-sta& (andalsoB+) performedno worse
thanno-inde. This canbebestexplainedasfollows: since
both elementsets(A andD) are sorted,the keys usedto
probeindexes are ordered. The consequencef ordered
probingis that mosttree probescauseno pagemissesand
theindex pageonly needto bescannedtmostonce.Since
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Figure 8. Elapsed time (in second) for diff erent join selectivity . (a)(b): 99% of descendants join with
varying proportion of ancestor s; (c)(d): 99% of ancestor s join with varying proportion of descen-
dants; (e)(f): varying propor tion of ancestor s and descendants are joined.

thenumberof index pagess muchlessthanthe numberof
leafpageghathold elemenentriestheoverheadf loading
index pagesdoesnot signi cantly affect the performance.

It is worth noting that the numberof elementsscanned
is unnecessarilyproportionalto the elapsedime. Thera-
tionale is that while eachelementscancausesa pin to a
buffer page the elapsedime is dominatedby pagemisses.
Consecutie elementscanson the samebuffer pagecause
almostno additionalrunningtime. For example,although
the B+ algorithm managedto skip much more elements
thanno-indec (Table2(a)),it failedto avoid moredisk page
scans.As aresult,its elapsedime is similar to no-inde as
shavn in Figure8(a).

6.3.Varying join selectvity on descendants

In the secondyroupof experimentswe keptthejoin se-
lectivity on ancestorsigh (99%) andvariedthe join selec-
tivity on descendantsTable 3 shaws the total numberof
elementscannedin thousandJor variousalgorithms.

In termsof skippingdescendants{R-stag is aseffec-
tive as B+, regardlessof the nestingcharacteristicof the
joining elementets(Table3). This canbeexplainedby the
factthatskippingdescendantequiregheability to nd de-
scendantfor agivenelementwhichis thesamen XR-tree
indexing andB* -treeindexing.

Figure8(c) and8(d) show theoverall performancef the
algorithmstested.Comparedo B+, XR-sta& performeda
bit worse.This attributesto the higheroverheadf XR-tree
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Table 3. Number of element scanned (in thou-
sand) when 99% of ancestor s join with vary-
ing propor tion of descendants

(a) employeess. name (b) papervs. author
|J0in-D| NIDX| B+ | XR ||NIDX| B+ | XR |

90% 1657 | 1559 | 1550 1459 | 1359 | 1359
70% 1527 | 1213 | 1206 1359 | 1057 | 1057
55% 1429 | 953 | 947 1283 | 830 | 830
40% 1332 | 693 | 689 1208 | 604 | 604
25% 1234 | 433 | 430 1132 | 377 | 377
15% 1169 | 260 | 258 1082 | 226 | 226
5% 1104 87 86 1032 75 75
1% 1078 17 17 1011 15 15

indexing than B* -tree indexing causedby two additional
elds (ps;pe) in key entrieshencemoreindex pages.

6.4.Varying join selectvity on both ancestorsand
descendants

In the last setof experimentswe variedthe join selec-
tivity onbothancestoreinddescendantsAmongall the ex-
perimentswe shav the resultsfor the casewherethe join
selectvity on the ancestorsetandthe descendanset var-
ied togetheystaringfrom 90%down to 1%, with their sizes
kept unchanged. This was done by effectively removing
joined elementdrom the two setsandthen lling in some
dummyelementghatdo not join with arny otherelements.



Theresultsfor theseexperimentsareshovn in Figure 8(e)
and3(f).

Thediversityof thethreealgorithmsis bestillustratedby
this group of experimentswherethereis potentialto skip
bothancestoranddescendantsSinceno-inde alwaysse-
guentiallyscanselementsit performstheworst. B+ is able
to skip descendantthatdo not participatein joins, but fails
to effectively skip ancestorsThus,it performsthe second.
XR-sta& canfully explore the potentialof skipping both
ancestorand descendantbasedon the XR-treesbuilt on
joining elementsets.Thereforejt providesthe bestperfor
manceamongall.

7 Conclusionsand futur e work

As we know, B-treesand their variantsB* -treeshave
beenanunquali ed succesin supportingexternaldynamic
1-dimensionakangesearchingin relational databasesys-
tems[10], while R-treeg[16] andR -trees[3] aresuccess-
ful in indexing high-dimensionablatapoints. Despitethe
increasingoopularityof XML, to thebestof ourknowledge,
we have seemo index structureghatspeci cally dealwith
strictly nestedXML data.

In this paper we proposedXR-tree, or XML Region
Tree,which is a dynamicexternalmemoryindex structure
speciallydesignedor suchstrictly nestedXML data. XR-
treescansupport,for a givenelementE, retrieval of all its
ancestors(odescendantsh an elementset E indexed by
an XR-treewith optimalworst casel/O cost. By factoring
in sucha uniquefeatureof XR-trees,we devised a stack-
basedstructuraljoin algorithm: XR-stak. In a studythat
evaluatedhe performancef XR-sta&, in comparisorwith
the currentstateof the art, we shaved that the XR-sta&
algorithmcan mosteffectively avoid unnecessarglement
scansby skipping both ancestorsand descendantthat do
nothave matches.

This papermainly focusedon processingof structusal
join, which is a coreoperationfor XML queryprocessing.
Regardingour futurework, encouragethy theexperimental
results,we will be working on query evaluationstratejies
for complex XML queries(i.e. a combinationof multiple
structuraljoins) over XML dataon which properXR-tree
indexeshave beenbuilt.
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