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Abstract

We presenta framework for publishingrelational
datain XML with respectto a �x edDTD. In data
exchangeon the Web, XML views of relational
dataaretypically requiredto conformto a prede-
�ned DTD. Thepresenceof recursionin aDTD as
well asnon-determinismmakesit challengingto
generateDTD-directed,ef�cient transformations.
Our framework providesa languagefor de�ning
views thatareguaranteedto beDTD-conformant,
aswell asmiddlewarefor evaluatingtheseviews.
It is basedon a novel notion of attribute transla-
tion grammars (ATGs). An ATG extendsa DTD
by associatingsemanticrules via SQL queries.
Directedby the DTD, it extractsdatafrom a re-
lational database,and constructsan XML docu-
ment. We provide algorithmsfor ef�ciently eval-
uatingATGs,alongwith methodsfor staticallyan-
alyzingthem. This yieldsa systematicandeffec-
tive approachto publishingdatawith respectto a
prede�nedDTD.

1 Intr oduction
XML [6] has becomethe primary standardfor dataex-
changeon the Web. To exchangedatacurrently residing
in relationaldatabases,oneneedsto publishit in XML, i.e.
to transformthedatainto anXML format. In practice,pub-
lishing of relationaldatais alwaysdonewith a prede�ned
type,typically a DTD. A communityor industryagreeson
a certainDTD, andsubsequentlyall membersof thecom-
munity createXML viewsof their relationaldatathatcon-
form to the DTD [3]. This is commonin, e.g.,B2B ap-
plicationsandthehealth-careindustry:a hospitalneedsto
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extractpatientinformationfrom its relationalstore,convert
it to anXML format, andsendit to aninsurancecompany,
with theXML datageneratedconformingto aDTD de�ned
by theinsurancecompany.

Theproblemcanbe statedasfollows: givena DTD �

andarelationalschema� , de�ne aview � suchthatfor any
instance� of � , �����
	 is anXML documentthatconforms
to � . We refer to this asDTD directedpublishing. The
goal is to provide a DTD-directedpublishingsystemthat
capturestransformationscommonlyfoundin practice.

DTD-directed publishing is rather challenging. The
presenceof disjunction in a DTD leadsto dif�culties in
de�ning deterministicmappingsbasedon theDTD, while
recursionmakes for a poor matchwith the querying fa-
cilities of standardrelationaldatabases.Recursive DTDs
are commonly found in speci�cationsof biomedical[5],
protein[20] andchemicaldata[9], e.g.,DNA is speci�ed
in termsof clone,clonehassubelementsgeneandDNA,
while geneis in turn speci�ed with DNA. As a simpleex-
ample, let us considera mild variation of a fragmentof
the TPC-H relationalschema[24] shown in Fig. 1 (with
keys underlined). The schema,referredto as ��� , speci-
�es parts,suppliersof thoseparts,andthecompositionof
a part from otherparts. Supposethat onewantsto de�ne
anXML view thatextractsinformationaboutpartswith the
brand“Acme” from the relationaldatabase.For eachpart
the view provides the name,suppliersand moreover, the
part-hierarchycomposingit: its sub-parts,thesub-partsof
thosesub-parts,and so on. In addition, the XML docu-
mentgeneratedis to conformto a DTD �
� givenin Fig. 2
(herewe omit the descriptionof elementswhosetype is
PCDATA). Observethat �
� is recursive : partis de�ned in
termsof itself. Moreover, thestructureof theaddress is
non-deterministic:if thesupplieris “domestic”,i.e., based
in theUS,its address is simplytheaddr attributeof the
Supplier relation; otherwise,i.e., if it is “foreign”, its
address consistsof theaddr attributeandits nation .
Given an instanceof �

� , the goal is to generatean XML
documentof DTD �

� . In thedocument,partsarenestedto
anarbitrarylevel which is not known at compiletime, but
is ratherdata-driven,i.e. determinedby therelationaldata.
This is aninstanceof DTD-directedpublishing.



Supplier (suppkey , name, addr, nationkey)
PartSupp (partkey, suppkey , availqty)
Part (partkey , name, mfgr, brand, size, retail)
MadeOf(partkey1, partkey2 )
Nation (nationkey , name, regionkey)
...

Figure1: A fragmentof TPC-Hrelationalschema,���

<!ELEMENT db (part � )>
<!ELEMENT part (pname, supplier

�

, part
�

)>
<!ELEMENT supplier (sname, address)>
<!ELEMENT address (addr | fornaddr)>
<!ELEMENT fornaddr (addr, nation)>

Figure2: A prede�nedDTD � � for publishingdataof � �

To publish relationaldatawith a prede�nedDTD, we
needan XML view de�nition languagethat allows the
DTD to guideview creation,aswell asanef�cient imple-
mentationof thelanguage.Two of thewell-known systems
that have beendevelopedfor publishingrelationaldatain
XML areSilkRoute[13], which is basedon theview def-
inition languageRXL (abstractedasTreeQLin [3]); and
XPERANTO [7], which extendsSQL by supportingXML
constructorsto specifyviews. However, noneof thesesys-
temstakesDTDs/typesinto account.Therehavealsobeen
severalcommercialsystems[21, 19, 14] thatspecifyXML
views by embeddingSQL querieswithin an XML docu-
menttemplate.Thesecanonly producemild variationsof a
�x eddocument,andthuscannotsupportdata-driventrans-
formationsdirectedby a prede�nedDTD, especiallywhen
theDTD is recursiveand/ornon-deterministic.To thebest
of our knowledge,noneof the existing systemsis ableto
supporttheXML view describedabove.

Anotherapproachto copingwith a prede�nedDTD is
by meansof type checking[3]: simply de�ne an XML
view and then check whetherthe view conformsto the
DTD. Unfortunatelythis is impracticalsincetypechecking
of data-driven transformations,even for simpleDTDs, is
computationallyintractable:co-NEXPTIMEfor extremely
restrictedview de�nitions, and undecidablefor realistic
views [3] (languagessuchasXQuery [8] implementonly
approximatetype-checking). Worse still, any approach
basedon type-checkingdoesnot provide any guidanceon
how to de�ne anXML view thatdoestypecheck.

Therehasalso beena line of work on automatedin-
ferenceof mappingsfrom schemainformation(e.g.,[2, 4,
17]). Thisapproachworkswell whenthesourceandtarget
schemasinvolved in translationsaresimilar to eachother.
If the schemasare dramaticallydifferent, or if the view
mappingdependson the application rather than merely
upontheschemas,this processcannotbefully automated.

In this paper, we provide the �rst systematicmethod
for DTD-directedpublishingof relationaldatain XML, by
makingthreecontributions.First,we introduceanovel no-
tion of attributetranslationgrammars (ATGs). An ATG is
anextensionof aDTD by associatingattributesandseman-
tic rules(SQL queries)with elementtypes. Given a rela-
tionalschema� andaDTD � , onecande�ne anATG that,
givenaninstanceof � , generatesXML databy �rst extract-

ing datafrom thedatabaseusingtherules,andthentagging
the data to createXML elementsfollowing the element
type de�nitions of � . ATGs facilitate data-driven trans-
formationby usingattributesto passdata(to beused,e.g.,
in grouping)aswell ascontroldownapartially-constructed
tree. If theevaluationof theATG terminatessuccessfully,
it yieldsanXML documentthat is guaranteedto conform
to theDTD. As anexample,theATG in Fig. 3 de�nes the
XML view of theTPC-Hdatadescribedabove(seeSec.3).
ATGs areinspiredby attribute grammars(see,e.g.,[10]),
but havesigni�cant differences(seeSec.7 for detaileddis-
cussion). To the bestof our knowledge,they provide the
�rst languagethatguidestheuserin thede�nition of DTD-
conformantviews.

Second,we establishresultsfor static (compile-time)
analysesof ATGs. Theseincludeterminationanalysisof
ATG evaluationsandtheexpressivepowerof ATGs.

Third, we provide ef�cient algorithmsfor evaluating
ATGs. We introducenew techniques,basedon dynamic
programming,which combinequery-partitioningwith the
materializationof intermediateresultsto generateevalua-
tion plansbasedonestimatesof querycostanddatasize.

Basedonthesewehaveimplementedamiddlewaresys-
tem, PRATA (PublishingRelationaldatausing Attribute
TranslationgrAmmars),for DTD-directedpublishingfrom
relationaldatato XML. We have beenconductingexper-
imentson datasetsthat include the variant of the TPC-
H databasementionedearlier. Our experimentalresults
demonstratethat our algorithmsgenerateef�cient evalua-
tion plans.
Organization. Section2 reviews DTDs. Section3 intro-
ducesATGs andprovidesstaticanalysesof ATG evalua-
tion. Sections4 and5 developef�cient algorithmsfor eval-
uatingATGs.Section6 presentsexperimentalresults.Sec-
tion 7 addressesissuesfor furtherwork.

2 Background: DTDs

A DocumentTypeDe�nition (DTD [6]) is typically repre-
sentedasanextendedcontext freegrammar[15].

A DTD is a tuple �

�

�

�������
	��
�

	 , where
�����

is a �-
nite setof elementtypes;

�

is adistinguishedelementtype,
calledtheroot type;

	

is a setof productionrulesthatde-
�ne theelementtypes:for each� in

�����

,
	

��� 	 is aregular
expression �����

� S ����������������� �

�

�!���#" , where
S denotesthestring (PCDATA) type, � is a typein

�����

, �

is the emptyword, and “ � ”, “
�

” and“ $ ” denotedisjunc-
tion, concatenationandtheKleenestar, respectively (here
we use“ � ” insteadof “ � ” to avoid confusion). We write

�&%

	

��� 	 andreferto it astheproductionof � .
An XML documentis typically modeledas a node-

labeledtree. An XML tree ' conformsto a DTD � if
its structureis constrainedby � asfollows: (1) thereis a
uniquenodein ' labeledwith

�

, namely, theroot; (2) each
nodein ' is labeledeitherwith anelementtype � of

�����

,
calledan � element, or with S, calleda text node; (3) each

� elementhasa list of childrenof elementsandtext nodes
suchthat they areorderedandtheir labelsarein theregu-



lar languagede�ned by
	

��� 	 ; (4) eachtext nodecarriesa
stringvalue(PCDATA) andis a leafof thetree.

To simplify the discussionwhen it comesto de�ning
ATGs,we do not considerattributesin this paper;but we
allow entities(de�ned in theXML standard[6]) to beused
in DTDs. An entity � is merelyamacro(alias)of aregular
expression

	

��� 	 .
Takingadvantageof the notion of entities,we de�ne a

DTD � in normalformto be �

�������
����� �
	��
�

	 , where
�����

is a �nite setof entities,
	

de�neselementtypesandenti-
tiessuchthatfor each� in

�������������

,
	

��� 	 hastheform:

� ���

� S � � � ���

�	�
�	� �

��� � ��� �

�
�	�

� �
� � �

"

where� , ��� arein
������� �������������

and ����� .
Forexample,theDTD � � givenearliercanbeconverted

to a DTD ���

�

in the normal form by introducingentities
� �

���"! �#!
$

�%�

�'& � �(!

andrewriting theproductionof � �

���

as:

<!ELEMENT part (suppliers, pname, parts)>
<!ENTITY suppliers ``supplier � ''>
<!ENTITY parts ``part � ''>

Abusing the notion of XML trees,we de�ne a virtual
XML treeof a DTD � to be an XML treeconformingto
aDTD �

� which is obtainedfrom � by treatingentitiesas
elementtypes. That is, we allow nodesin a virtual XML
treeto be labeledwith entities.A virtual XML tree )+* of

� canbeconvertedto anXML tree ' in time linear in the
sizeof ) * , by collapsingentity nodes,i.e., merging each
entity nodewith its parentnodeuntil no nodeis labeled
with anentity. We refer to ' asa parsetreeof � andsay
thatit conformsto � .

We saythat DTDs � and ��� areequivalentif for any
XML tree ' , T conformsto � if f T conformsto �,� . For
example,theDTDs �
� and �-�

�

areequivalent.

Proposition2.1: For anyDTD � thereexistsa DTD �.� in
thenormalformsuch that � and �,� areequivalent.More-
over, �

� canbecomputedfrom � in linear time. /

By Proposition2.1,in thesequelweshallonly consider
DTDs in thenormalform.

A DTD is said to be recursive if it hassomeelement
typethatis de�ned in termsof itself, directlyor indirectly.

3 Attrib ute translation grammars
This sectionintroducesATGs andpresentsstaticanalyses
of ATG evaluation.

3.1 ATGs

De�nition 3.1: Let �

�

�

������� ����� � 	�� �

	 beaDTD and �

be a relationalschema.An attribute translationgrammar
(ATG) � from � to � , denotedby � � � % � , consistsof:

0 Grammar:theDTD D.
0 Attributetuples:a tupleof attributemembersis asso-

ciatedwith each�21

�����3� �����4�5�6���

. Thetuple is
calledtheattributeof � anddenotedby 7 � . We will
use 7 �

� 8��

7 �

� ���	�	�

to denotethemembersof 7 � . For
theroot type

�

, 7

�

is empty.

0 Rules: a setof semanticrules, 9;:=<?> �

�

	 , is associated
with eachproduction�

�

� % � in
	

. For each
�@1

������� �������A�6���

that occursin � , thereis a
rule thatspeci�eshow thevaluesof 7 � areevaluated.
This generallyinvolvesanSQL queryon relationsof

� with 7 � asparameters.

We saythat � is recursiveif � is recursive. /

In anATG we combinea DTD � with databaseopera-
tionsby de�ning semanticrulesin termsof SQLqueries1.
Given a relational database,the evaluation of the ATG
yields a parsetree of � , in which nodescarry attributes
whosevaluesarecomputedby thequerieson thedatabase.
The treeis generatedincrementallystartingfrom the root
downwards.Thegenerationis data-driven: thechildrenof
a nodeB arepopulatedbasedon thevalueof B 's attribute.

Recall the XML view (part-hierarchy)for the TPC-H
datadescribedin Sec.1. TheATG � � � � � % �-�

�

depicted
in Fig. 3 de�nes theview. In � � , theDTD ���

�

is theonein
normalform givenin Sec.2.

We next describemorepreciselythe de�nitions of se-
mantic rules in an ATG � � ��% � . For a production

�

�

� % � (with elementtypesor entities �
�

�
�	�
� �

�
�

in � ) and for each ��� , we have a function returningval-
uesfor the attribute 7 ��� de�ned from the attribute 7 � of

� . More speci�cally, they are computedby a function
C

�

�

�

�	�
�	� �D�%E

	 of oneof thefollowing forms:
C

�

�

�

�	�
�	� �D�
E

	 ���

�

�

�

�

�	�
�	� �"�
E

	���F �

�

�

�	�
�	� �D�
E

	

where
�

�

�
�	�	� �"�%E

aremembersof 7 � , whicharetreatedas
constantparametersof atomicvalues;�

�

�

�	�	�
� �"�
E

	 simply
constructsasingletupleusingtheparametervalues;F is an
SQL queryon relationsof � , by treating

�

� asa constant.
For example,referringto �

� in Fig. 3, the rule associated
with production� �

���"!

%

�G�

���

" de�nes 7

� �

���

with aquery
F�H on a TPC-Hdatabase,which treats7

� �

���"!I�

�G�

���"J �K�

as
a constant.

With thesefunctionswe de�ne 9;:=<?>
�

�

	 associatedwith
eachproduction�

�

�!% � in theDTD � . By Proposi-
tion 2.1,we canassumethatall DTDs arein normalform.
Thus,it suf�ces to consider� of thefollowing cases:
(1) If � is S then 7

�

mustconsistof a singlemember, and
9;:=<?>
�

�

	 is de�ned as

7

�

�

C

�L7 � 	

�

where
C

is a functionof theform de�ned above.
(2) If � is ���

�	�
�	� �

�
� , then 9;:=<?>
�

�

	 consistsof

7 �
�

�

C

�
�M7 � 	

�N�	�
� �

7 �
�

�

C

�
�M7 � 	

�

where
C

� is a functionasde�ned abovefor each
&

1�O?�

�

�+P .
(3) If � is ��� �

�
�	�

� �
� then 9;:=<?>
�

�

	 is de�ned as:

�M7 �
�

�Q�	�
� �

7 �
�

	

�

case F4R �L7 � 	 of 1:
C

�
�L7 � 	 ; . . . ; � :

C

�
�M7 � 	

�

1The term ªattribute translationgrammarºwas®rst usedto denotea
classof attribute grammarsfor compiler constructions[16], which are
quitedifferentfrom ATGs.



Grammar: ���

�

Attribute tuples:
�����

= ()
�
	���
��

= (partkey, name)
�
	���
����

= (partkey)
������	�	�������
��

= (partkey)
������	�	�������


= (name, addr, nationkey)
��������
������

= (tag, addr, nation)
������
�� �!����


= (addr, nation)
����� ��"#�

=
�
	�� ��"#�

=
��� ���$�$���

=
��������


= (val)
��%

= (val)

Semantic rules:
db & part

�

'�(

:
�
	���
��*)

select p.partkey, p.name
from Part p
where p.brand = ``Acme''

part & suppliers, pname, parts
',+

:
������	�	�������
��

= (
�
	���
��

.partkey),
'.-

:
�
	��/��"0�

= (
�
	���
��

.name),
'.1

:
�
	���
����

= (
�
	���
��

.partkey)

parts & part
�

',2

:
�
	���
��*)

select m.partkey2, p.name
from Madeof m, Part p
where m.partkey1 =

�
	���
����

.partkey and
m.partkey2 = p.partkey

suppliers & supplier
�

'.3

:
������	�	�������
4)

select s.name, s.addr, s.nationkey
from Supplier s, PartSupp ps
where ps.partkey =

������	�	5�6�$��
��

.partkey
and ps.suppkey = s.suppkey

suppplier & sname, address
',7

:
����� ��"#�

=
���8��	�	��6�$��


.name,
'.9

:
��������
������

= select 1 as tag, null as nation,
������	�	�������


.addr as addr
from Nation n
where `USA' = n.name and

n.nationkey =
������	�	����$��


.nationkey
union
select 2 as tag, n.name as nation,

������	�	����$��


.addr as addr
from Nation n
where `USA' <> n.name and

n.nationkey =
������	�	����$��


.nationkey

address& addr : fornaddr:
'.;

: (
��������
�<=������
��/������
�>

=
case

���!����
������

.tag of /*
'.?

*/
1: ((

���!����
������

.addr), null)
2: (null, (

��������
������

.addr,
��������
������

.nation))

fornaddr & addr, nation:
'�(

� :
��������


=
������
�� �!����


.addr
'�(@(

:
���/���$�$���

=
������
��/������


.nation

A & S /* A is one of
��� ��"#�

,
�B�/��"0�

,
�!����


,
� ���$�$���

*/
��%

=
�

A .val

Figure3: Exampleof anATG, � �

where F
R is a querythat returnsa valuein O �

�

�+P , and
CDC

's
are functionsasabove. That is, 7 �

� is assignedwith the
valueof

C

� �L7 � 	 if F�R �L7 � 	

�

&

, andwith �

$ ���

otherwise.
Theseareto capturethesemanticsof thenon-deterministic
production. We refer to F4R asthe conditionqueryof the
rule.
(4) If � is � " , then 9;:=< > �

�

	 is de�ned asfollows:

7 �FE F �L7 � 	

�

where F is a query as de�ned above. As will be seen

shortly, therule for � in factintroducesaniteration(loop),
which implementsthe Kleene closurewithout using an
unboundednumberof attributes.

Observe that 9;:=< > �

�

	 in cases(1) to (3) is built up from
assignmentsof the form: 7 ���

�

C

�M7 � 	 . Herewe require
C

�M7 � 	 to returna singletuple. In case(4), 9;:=< > �

�

	 is de-
�ned with 7 �GE F �L7 � 	 , where F �M7 � 	 returnsasetof tu-
ples.It assignseachtuplein F �M7 � 	 to 7 � , i.e., 7 � ranges
over eachvalue in F �M7 � 	 . As will be explainedshortly,
for each 7 � tuple, the semanticrule for 7 � is triggered.
For example,referringto Fig. 3, 7

!
$

�%�

� & � �

and 7

� �

���

are
de�ned with thesecondform (with F �

�

F�H

�

FIH ) while the
restarede�ned with the�rst form.

Next we give thesemanticsof theATG � by presenting
a naive evaluationstrategy. This strategy is only intended
to giveaconceptualview of themeaningof theATG: prac-
tical techniquesfor evaluationwill be discussedat length
in Sections4 and5.

Given an instance� of the relationalschema� , � is
evaluatedfollowing an iterative semantics.The iteration
proceedstop-down: startingat the root type, evaluatese-
manticrulesassociatedwith eachelementtype/entityen-
countered,andcreatenodesfollowingtheDTD to construct
anXML tree. The iterationat eachstageproducesa (par-
tial) XML tree '

� . At eachiteration,we considera par-
ticular leaf node

�

B taggedwith � associatedwith value J

�

from 7 � . We �nd the correspondingproduction � % � ,
andtrigger therule associatedwith theproduction,substi-
tuting thevalue J

� for theparameters7 � in their functions.
Theresultingfunctionscompute7 ��� for each��� in � . For
each �
� , its function generatesa singletuple asthe value
of 7 ��� (or �

$ ���

for some 7 ��� in the caseof disjunction)
exceptwhenthe productionis of the form ��% � "

�

. For
eachvaluein 7 �

� , wecreatea �
� nodeandexpandthetree

' � by appendingthesenodesto ' � asthe childrenof
�

B .
More speci�cally, wedo thefollowing:
(1) For a production� %

�

, recall that 7

�

�

C

�M7 � 	 is its
semanticrule. If

C

returnstheemptysetor multiplevalues,
thentheevaluationaborts;otherwisea text nodeis created
astheonly child of

�

B with 7

�

asits PCDATA.
(2) The semanticrulesfor a production� % �

�

�
�	�
� �

�LK

arede�ned as: 7 �
�

�

C

�
�M7 � 	

���
�	� �

7 �0K

�

C

K �M7 � 	 . If
oneof the functions

C

� returnsthe empty set or multiple
values,thentheevaluationaborts,while if each

C

� returns
a single value, then a single �

� nodeis createdfor each
&

, carryingthe 7 �
� value. Thesenodesaretreatedas the

childrenof
�

B , in theorderspeci�edby theproduction.
(3) For a production � % ��� �

�
�	�

�&�
K , recall that its

semanticrule is de�ned with a caseclause.Thecondition
queryin theclauseis evaluated�rst, andbasedonits value,
a particular �

� is selectedandthecorrespondingfunction
for computing7 �

� isevaluated.A single�
� nodeiscreated

astheonly child of thenode
�

B , carryingthe 7 ��� value.
(4) For a production� % �

" , recall that its semanticrule
is de�ned as: 7 �GE F �L7 � 	 . If thequery F returnsempty,
then no children are appendedto

�

B ; otherwiseM nodes
taggedwith � arecreated,where M is the cardinalityof



the outputof F , suchthat each � nodecarriesa distinct
valuefrom theset 7 � . Thesenodesarethechildrenof

�

B .

(5) Nothingneedsto bedonefor a production�&% � .

As a�nal step,weeliminatenodestaggedwith anentity
to constructanXML treeconformingto � , asdescribedin
Sec.2. We use�����
	 to denotetheXML tree.

Observe thateachstepof the iterationexpandsthe tree
strictly following the DTD � . In particular, when � is
recursively de�ned, thedata-drivenevaluationexpandsthe
treetoalevelwhichisdeterminedby therelationaldataand
thesemanticrules.It is easyto verify thatif theevaluation
of the ATG terminatessuccessfully(without aborting),it
generatesan XML treethat conformsto � . This yields a
systematicmethodof DTD-directedpublishing.

Example 3.1: Given a databaseinstanceof the schema
� � , the evaluationof the ATG � � in Fig. 3 generatesan
XML tree that conformsto DTD �,�

�

as follows. It �rst
createsthe root of the tree,taggedwith db. It thencom-
putesa setof tuplesof the form (partkey, name) us-
ing the query F

� . For eachtuple, a distinct nodelabeled
part is created,carryingthe tuple as its attribute 7

� �

���

.
Thesenodesarethe childrenof the root. For eachpart
node, its suppliers , pname and parts children are
createdby usingthequeriesF��

�

F�� and F�� , respectively,
andby treatingmembersof the tuple in 7

� �

���

asparam-
eters. Similarly, for eachsuppliers node, its subtree
is constructedwith the queries F*H to F4�#� ; eachpname
node in turn has a text node as its child, which carries

7

�G�

�K�

.name as its PCDATA; and at eachparts node,
thequery F�H is executedwith attribute 7

� �

���"!

.partkey
as parameter, and its part children are generated,as
longasthepartidenti�ed by 7

� �

���"!

.partkey hassub-parts,
i.e., F

H ( 7

�G�

�K�"!

.partkey ) doesnot returnan emptyset.
Thus the XML tree generatedhas an unboundedheight
determinedby the relationaldata. Observe that the non-
deterministicchoiceataddress is handledby F�� , which
is speci�edwith aconditionquery F R : “ 7

�����

� �6!�!

.addr ”
that returnseither � or 	 . Also note that the evaluation
abortsif the query F�
 doesnot returna single tuple; but
this will not happenas F�
 is executedwith a particu-
lar parameter: 7

!
$

�I�

� & � �

.addr (treatedas a constant)
and 7

!
$

�%�

� & � �

.nationkey (a key of the Nation rela-
tion). As thelaststep,nodestaggedwith suppliers and
parts (entities)are eliminatedby merging thesenodes
with their parents. /

Example3.1 demonstratesthefollowing: (1) ATGsare
capableof expressingrecursive XML views. (2) They can
also handlenon-deterministicDTDs, namely, DTDs de-
�ned with disjunction.(3) ATGscapturegroup-byby pass-
ing attributesasparameters,e.g.,in F4H for part and F H

for supplier , without introducingexplicit constructs.

3.2 Static analyses

Corr ectnessand termination of ATGs. Thede�nition of
ATGseasilyensuresthebasiccorrectnessresult:

Proposition 3.1: For any ATG � � � % � and for any
databaseinstance� of � , if � terminateswithoutaborting
on � , then ��� � 	 is anXML treethat conformsto � . /

Of course,anATGmaynotterminate,ormayabort.The
questionthusariseswhetheror not terminationof anATG
evaluationis decidable.Theterminationproblemfor ATGs
is to determine,givenany ATG � � � % � , whether� ter-
minateswithoutabortingonall inputdatabaseinstancesof

� . Closelyrelatedis theterminationproblemfor ATGson
an individual instance: givenan instance� of � , whether

� terminateswithoutabortingon input � .

Theorem3.2:
0 The terminationproblemis decidablefor ATGs de-

�ned with unionsof conjunctivequeriesandarbitrary
DTDsin timeexponentialin thesizeof ATG.

0 Onanindividualdatabaseinstance� , thetermination
problemis decidablefor arbitrary ATGsin timepoly-
nomialin thesizeof � .

0 The termination problem becomesundecidablefor
ATGsde�nedwith arbitrary SQLqueries.

/

The �rst decidabilityresultshows that it is possibleto
determineterminationfor animportantclassof ATGs.This
canbeprovedby reductionto thesatis�ability problemfor
Datalogprograms(with equalityandinequality). This re-
sult still holdsin thepresenceof key constraintsin theun-
derlyingrelationalschemawith thesamecomplexity. The
seconddecidability tells us that when the input database
instanceis �x ed,onecaneffectively determinethe termi-
nationof theevaluationof anarbitraryATG. This follows
from the iterative semanticsgiven in the last subsection.
The �nal undecidabilityresult saysthat the termination
problemis beyond reachfor ATGs de�ned with general
SQL queries. This canbe establishedby reductionfrom
equivalenceof SQL queries.

Expressiveness.ATGsareat leastaspowerful astheview
de�nition languagesof the existing publishing systems,
namelyRXL [13] (TreeQL[3]) in SilkRouteandthe lan-
guageof XPERANTO [7]. Thatis, for any XML view de-
�nable in RXL (TreeQL)or XPERANTO, it canalsobeex-
pressedasanATG (with somesimplenonrecursiveDTD).
Moreover, thereare ATGs that are not de�nable in RXL
(TreeQL)andXPERANTO, e.g.,recursiveATGs.

4 Overview of ATG evaluation
In this section,we provide an overview of an ef�cient al-
gorithm for evaluating ATGs. As observed by [12], it
is advantageousto extract all the relevant relationaldata
�rst andthenconstructthe �nal XML documentat a later
stage.ThusXML view evaluationconsistsof (1) a tuple-
generation phasein which relationalqueriesaregenerated
andexecutedto producean output relation – a relational
representationof theview; and(2) a tagging phase, where
the outputrelationis post-processedto producethe result
XML tree.In systemssuchas[12, 22] asetof SQLqueries
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Figure4: Exampleof ATG graph � , its partially unfoldedATG tree ' , andtheresultXML document.

can be producedat compile-timethat suf�ce to compute
the output relation. In contrast,it may not be feasible
to staticallygeneratequeriesfor recursive ATGs (DTDs).
For ATGswethusrequireaniterativetuple-generationap-
proach: atrun-timeSQLqueriesaregeneratedon-the-�y to
constructtheoutputrelationincrementally;astheiteration
proceeds,intermediateresultsrequiredfor later computa-
tion needto bemaintained.To optimizetheevaluationpro-
cesswedevisetechniquesfor selectingcertainintermediate
resultsto materializein temporarytables,while simultane-
ouslyunfoldingtherecursiverulesin theATG.

4.1 Generationof SQL queries

We illustratethekey ideasunderlyingour evaluationalgo-
rithm usingtheATG � � givenin Fig. 3, which is anXML
view of theTPC-Hdata(schema� � ). To do sowe repre-
sent� � asamulti-graph� depictedin Fig. 4(a),referredto
astheATG graphof � � , which canbeeasilyderivedfrom
theDTD �-�

�

of � � . TheATG graphessentiallycontainsa
nodefor eachelementtype/entity � . For eachproduction
rule � % � , therearelabelededgesfrom � to every in-
stanceof elementtype/entity � in � . If �

�

� " , thenthe
edgehasa “ $ ” asa label indicating that zeroor more �

elementscanbe immediatelynestedwithin an � element.
Eachedgeis alsolabeledwith theSQL queryfor comput-
ing thevaluesof theattribute 7 � of � (de�ned using$� ).
Finally, if � is adisjunction,thenthe � nodeis labeledwith
the conditionqueryin the caseclause(its outgoingedges
areindicatedby dashedlines to distinguishfrom the case
of a concatenation).Note that, asshown in Fig. 4(a), the
ATG graphfor recursiveDTDs containscycles.

The ATG graphis useful for generatingthe ATG tree,
which is essentiallythe templatefor the resultXML tree.
In the absenceof recursion,the ATG tree is constructed
by startingwith the root nodeandmoving downwards;at
eachnodeencounteredit createsdistinct children of the
correspondingnodein the ATG graph. For ATG graphs
with cycles,this processwould not terminate;asa result,
whenbuilding an ATG tree in the presenceof recursion,
we only expandnodesto a boundeddepth. For instance,

Fig.4(b) illustratesapartialATG tree' (for theATG graph
in Fig.4(a))whenpart is expandedtwice. (For simplicity
we omit theaddress subtreeundersupplier ).

Evaluatingthe ATG tree formedat a stageof the iter-
ation, i.e., executingthe SQL queriesand computingat-
tributesassociatedwith the tree,will give a portionof the
output relation. Our evaluationstrategy, then, is to itera-
tively unfold the graphinto an ATG treeandcreateSQL
queriesthatappendtuplesto theoutputrelation.This itera-
tion continuesuntil noleavesof thetreecancontributenew
tuplesto theoutputrelation,i.e.,theentirerelationhasbeen
generated.For example,we unfold andevaluatethe ATG
graph � of �

� until nopart encounteredhassub-parts.
Wenext considerhow to generate,givena(partial)ATG

tree ' , SQL queriesthat returnoutput relation tuples. A
tuple containsinformation that can uniquely identify the
position and contentof a node in the output XML tree,
namely, a codingof a root-to-leafpath,andstring values
for text contentsof nodeson thepath.This canbedonein
severalwaysby varyingthesetsof SQL queriesto begen-
erated.Similar to theapproachadoptedby SilkRoute[12],
wegeneratequeriesby �rst partitioning ' into asetof dis-
joint subtreesreferredto asP-members, andthenproduc-
ing for eachP-member

	

asingleSQLquery F�� suchthat
thecompositionof F�� 'salongapathcomputestheportion
of the outputrelationcorrespondingto that path. For ex-
ample,theATG tree ' in Fig. 4(b) is partitionedinto � ve
P-members

	

� to
	

H (the last threeP-membersrootedat
address andsuppliers arenotshown). Thequery �

�

generatedfor
	

� is given in Fig. 5, which computesone
portion of the outputrelation2. In general,the query F

�

for a P-member
	

canbe expressedasan outerunion of
subqueriescorrespondingto certainpathsin the subtree;
suchaqueryis calledasortedouterunionqueryin [22]. In
particular, �

� in Fig. 5 is anouterunionof two subqueries
for the pathsfrom the root to supplier andthesecond
part in

	

� . Thesubqueriescanbeeasilyderivedby com-

2To avoid clutteringthequeries,we have omittedcertainauxiliary at-
tributes(thatareusedfor sortingtheoutput)from theselectclauses.



� (

:
select p.partkey as partkey, X.suppkey as suppkey,

X.sname as sname, p.pname as pname,
null as partkey2, null as pname2

from Part p left outer join
((select ps.partkey as partkey,
s.suppkey as suppkey, s.sname as sname
from PartSupplier ps, Supplier s
where ps.suppkey = s.suppkey) as X)
on p.partkey = X.partkey

where p.brand = ``Acme''
union
select p.partkey as partkey, null as suppkey,

null as sname, null as pname
X.partkey2 as partkey2, X.pname2 as pname2

from Part p left outer join
((select m.partkey1 as partkey1,
m.partkey2 as partkey2, p2.pname as pname2
from MadeOf m, Part p2
where m.partkey2 = p2.partkey) as X)
on p.partkey = X.partkey1

where p.brand = ``Acme''
order by partkey, suppkey, partkey2

Figure5: SQLquery �
� for P-member

	

� of ' in Fig.4(b).

�

�

( : Equivalent to the first subquery of
� (

(Fig.5 )
without null attributes partkey2 and pname

� +

: select p.partkey, p2.partkey2, p2.pname
from Part p, MadeOf m, Part p2
where p.brand = ``Acme''

and m.partkey1 = p.partkey
and m.partkey2 = p2.partkey

order by p.partkey, p2.partkey
�

�

- : select p.partkey, m.partkey2, m2.partkey2,
p2.pname

from Part p, Part p2, MadeOf m, MadeOf m2
where p.brand = ``Acme''

and p.partkey = m.partkey1
and m.partkey2 = m2.partkey1
and m2.partkey2 = p2.partkey

order by p.partkey, m.partkey2, m2.partkey2

Figure6: SQL queriesfor
	

�

�

,
	

�

�

,
	

�

�

of Fig. 4(c).

posingtheSQLqueriesin theATG tree3: the�rst subquery
is generatedby “composing”thequeries

�

F � , F
� , F

� , FIH ,
F��

�

, andthesecondoneby composing
�

F � , F
� , F�H , F

�

�

.
The left-outer-join in � � ensuresthat tuplesaregenerated
for partswith no suppliersandzerosub-parts.Thesorting
in �

� is to facilitatean ef�cient generationof the output
XML data(to beexplainedshortly).

Notethatthetuplescomputedby �
� arerelatively large

(in termsof arity, i.e., the numberof attributes)and thus
mayincludemany null values.Alternatively, onecouldre-
ducethearity of theoutputtuplesby choosinga different
partition thatproducesmoresubtreesof smallersizes.To
illustratethis,consideranotherpartitionshown in Fig. 4(c)
which includessix P-members(subtrees,of whichonly the
�rst three are shown). Here we further partition

	

� of
Fig. 4(b) into

	

�

�

and
	

�

�

. The queriesgeneratedfor
	

�

�

,
	

�

�

and
	

�

�

aregiven in Fig. 6. The resultsgeneratedby

3By thesyntaxof ATGsonecanshow thatany functionin a semantic
rulecanbewritten asanSQLquery.

Part
partkey name brand

p1 P1 Acme
p2 P2 Bar
p3 P3 Foo
p4 P4 Bar
p5 P5 Foo

MadeOf
partkey1 partkey2

p1 p2
p1 p3
p2 p4
p2 p5

PartSupp
partkey suppkey

p1 s1
p4 s1
p4 s2

Supplier
suppkey name

s1 S1
s2 S2

Figure7: A databaseinstanceof theschema� �

Outputfor
�

�

(

partkey suppkey sname pname
p1 s1 S1 P1
p1 s2 S2 P1

Outputfor
�

�

+

partkey1 partkey2 pname
p1 p2 P2
p1 p3 P3

Outputfor
�

�

-

partkey1 partkey2 partkey3 pname3
p1 p2 p4 P4
p1 p2 p5 P5

Figure8: Outputrelationsof queries� �

�

, � �

�

, � �

�

.

thesequerieson an instance(Fig. 7) of the schema��� is
depictedin Fig. 8 (we show only therelevantrelationsand
attributesof � � ). Observe that thetuplescomputedby ���

�

and � �

�

havesmalleraritiesthanthoseproducedby �
� , and

thuscontainfewernull values.It shouldbementionedthat
largepartitionsdo not alwaysoutperformsmall ones.We
will revisit this issuein Sec.5, wherewe presentheuristics
for �nding agoodpartition.

To correctlycombinethe resultsof variousqueriesfor
thegenerationof theoutputXML document,thequeryfor
eachP-memberalso needsto include the necessarykey
attributesalong the path from the root of the ATG graph
to the root of the P-member. For example,query �

�

�

in
Fig. 6 includestwo additionalkey attributes(partkey1
andpartkey2 ) correspondingto thetoptwo part nodes
alongthepathfrom db to thebottompart nodein ' .

Onceall thegeneratedquerieshave beenexecuted,the
output XML document(shown partially in Fig. 4(d)) is
generatedby joining theoutputrelationsfor partitionsand
taggingtheresultingtuplesbasedon their key values.This
canbedonevia a simplesequentialscanof eachoutputre-
lationoutsideof therelationaldatabaseengine,following a
top-down approachsimilar to theconceptualevaluationin
Section3.1.

4.2 Unfolding and materialization

In this subsection,we presenttwo optimizationtechniques
for evaluatingATGs that distinguishour framework from
theexistingsystems.Theimportanceof theproposedopti-
mizationis highlightedwhenATGsarerecursivelyde�ned.
We shouldpoint out that althoughlinear recursive query
evaluationis supportedby somecommercialDBMSs, the



�

� �

-

: select t.partkey, t.partkey2, m.partkey2,
p.pname

from Part p, MadeOf m, Temp t
where t.partkey2 = m.partkey1
and m.partkey2 = p.partkey
order by t.partkey, t.partkey2, m.partkey2

Figure9: Rewriting of � �

�

usingmaterializedresult.

availability of this capabilityis not adequateto handlethe
formsof recursionthatcanarisein recursiveDTDs.

The �rst technique,unfolding, is to addressa natural
question:How deepshouldwe expandeachleaf nodein
a partialATG tree? Clearly, it is not practicalto fully un-
fold a (cyclic) ATG graphsincewe do not know the �nal
structureof the fully unfoldedATG tree in advance. To
overcomethis, we proposea simplesolutionof unfolding
andpartitioningin iterationsasfollows. Supposethat ' is
thepartially expandedATG treeat thestartof aniteration.
For eachnodein ' , the SQL queriesexecutedduring the
previousiterationsgenerateasetof valuesin theoutputre-
lation. We shallreferto thosenodesof ' with whichsome
non-�

$ ���

tuplesare associatedas non-emptynodes. Our
unfoldingschemeexpandseachnon-emptyleaf B in ' up
to a maximumdepthof � ; thus,thedepthof thesubtree'��

rootedat B doesnotexceed� , where� is aparameter. Each
suchsubtree'�� (that resultsfrom expandinga non-empty
leaf B ) is thenpartitioned,andSQLqueriesfor thepartition
areexecutedto generatevaluesfor nodesin '�� .

Note that thereis a tradeoff involved in the numberof
levels � to unfold a non-emptynode. The advantagesof
unfolding node B by a large numberof levels arethat the
partitioningof '

� canbeoptimizedbetterdueto '
� 's larger

size. However, a dangerwith excessive unfolding is that
many nodesin '

� may endup beingempty, thuscausing
unnecessarycomputation.Thus,parameter� mustbecho-
senwith careto generatea goodplan. Furtherexperimen-
tationis neededto obtainguidelinesfor thechoiceof � .

Thesecondtechnique,querymaterialization,is to over-
cometwo performancede�ciencies.First,asillustratedby
queries� �

�

and � �

�

in Fig. 6, thereareoftencommonsubex-
pressionssharedby thegeneratedqueriesdueto theneed
to includeadditionalkey attributesfor sortingthequeryre-
sults.Oneobviousoptimizationis to materializetheresults
of �

�

�

sothat �
�

�

canberewritten to referencethematerial-
izedresults.However, thematerializedresultsfor �Q�

�

con-
tain many attributesirrelevantto �Q�

�

. It is moreef�cient to
materializeonlyasubsetof theresultsof �Q�

�

. For ourexam-
ple, if we materializetheprojectionon the�rst two output
attributesof � �

�

in a temporaryrelationTemp(partkey,
partkey2) , then � �

�

can be rewritten as the query �Q� �

�

shown in Fig. 9 to saveonejoin computation.
Second,as indicatedearlier, the numberof additional

key attributesto beincludedin theoutputresultfor a sub-
tree increaseswith the “depth” of that subtree. Clearly,
this can result in very large compositekeys, particularly
for recursive DTDs. Thus,in additionto usingqueryma-
terializationto avoid redundantcomputationsof common
subexpressions,we can also materializeadditionalmap-
ping tables to map large keys to more conciseauxiliary

(a) Mappingtablefor
�

�

+

partkey1 partkey2 CKey
p1 p2 1
p1 p3 2

(b) Compressedoutputfor
�

�

-

CKey partkey3 pname3
1 p4 P4
1 p5 P5

Figure10: Useof mappingtablesto compresslargekeys.
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Figure11: Systemarchitecture.

keys so as to improve both storageand processingef�-
ciency. For example,Fig.10(a)showsamappingtablethat
mapsthecompositekey of �Q�

�

to a singleauxiliary key at-
tribute

���

�K�

; this is usedto compresstheoutputof ���

�

, as
illustratedin Fig. 10(b),by replacingthepre�x of its com-
positekey with thecompressedkey. Theeffectof key com-
pressionbecomesmoreevident for long paths,e.g.,a sin-
gle key for �G�

���"J �K�

�

�
�	�
� �

�G�

�K�"J
�
�

� when � is large.Note
that themappingtablecanbecomputedaspartof thema-
terializedqueryfor avoiding redundantjoin computations.
Thecompressedkeys arechosento have thesameorderas
thecompositekeys (e.g.,by usinga simplecounter).This
ensuresthattheinversemappingfrom compressedkeys to
compositekeys canbe carriedout in a singlescanof the
mappingtableswhenrelationsfor partitionsarejoined.

4.3 Systemarchitecture

Wearenow readyto giveanoverview of thearchitectureof
our DTD-directedpublishingsystemPRATA. As depicted
in Fig. 11, it takes an ATG graph � (for ��� � % � )
anda databaseinstance� of � asinputsandgeneratesan
XML documentthatconformsto � . It consistsof a tuple
generationphase(indicatedby thelargeouterbox)produc-
ing outputrelations,followedby thetupletaggingphaseto
generatetheXML documentfrom theoutputrelations.

The tuple generationphaseconsistsof an iterative se-
quenceof four steps. The �rst steppartially unfolds the
ATG graphto anATG tree ' , asdescribedearlier. To opti-
mizetheevaluationof ' thesecondstepthendeterminesa
partitioningof ' aswell asa setof intermediatequeries
to be materialized(seeSec.5). The third step takes as
input the partition of ' andthe materializationplan, and
generatesa setof SQL queriesto evaluate ' . The fourth
stepexecutesthegeneratedqueriesto producethemateri-
alizedresultsandoutputrelations. The systemiteratively
repeatsthe executionof thesestepsuntil the termination
conditionis met,asdescribedearlier. Finally, thetupletag-
ging phaseusesthe output relations,the mappingtables
for compressedkeysandtheDTD associatedwith theATG



graphto generatethe XML document;during this phase
additionalchecksareperformedto seeif the transforma-
tion needsto be aborted(we omit the discussionof these
latterchecksandtheSQL querygenerationalgorithmdue
to spaceconstraints).

5 Plan generation
As describedin the previoussection,the evaluationof an
ATG graphis carriedout in iterations: in eachiteration,
non-emptyleaf nodesof a partially expandedATG tree '

areexpandedfurther to a certaindepth. Further, for each
newly-expandedsubtree,an evaluationplan is generated
andexecutedto producetheoutputtuplesfor thesubtree.
In this sectionweanswera centralquestionfor ATG graph
evaluationin eachiteration: How shouldwe generatean
optimalplanto evaluateeachexpandedsubtree?

Thegoalof plangenerationis, givena subtree,to com-
puteapartitionfor thesubtreeandasetof nodesto materi-
alizein thesubtreesuchthatthecostof executingtheSQL
queriescorrespondingto thepartition (usingthematerial-
ized tables)is minimum. Further, as in [12], we would
like our plan generationalgorithm to be loosely coupled
with the underlyingrelationalDBMS, only relying on it
for coarsestatisticslike thecostof executinga query, the
queryexecutionplanandthesizeof thequeryresult.

Clearly, a smallerpartition (i.e., fewer P-members)en-
ablestheDBMS optimizerto generatebetterplansfor the
queriescorrespondingto thepartition.However, aswesaw
before,with fewer P-members,the sizeof eachqueryre-
sult increasesdueto thelargenumberof null valuesfor at-
tributes(dueto theouterunionoperation).Thus,ourparti-
tioningalgorithmmustbalancethebene�t of sharingquery
computationdueto asmallerpartitionwith thelargerresult
sizesof a smallerpartition. Similarly trade-offs needto be
kept in mind whendecidingwhich subtreenodesto mate-
rialize. While materializingintermediateresultsat a node
canreducethecostof executingqueriesfor descendantP-
members4, thereis anoverheadwith temporarytables(e.g.,
writing thematerializedresultto disk)thatpreventsusfrom
materializingtoomany nodes.In thissection,wepresenta
greedyheuristicthatbalancestheabovetrade-offs to com-
puteagoodpartitionalongwith theoptimalnodesto mate-
rializefor evaluatingP-membersin thispartition.Notethat
ourplangenerationalgorithmdiffersfrom thatof theexist-
ing systems,wherematerializationof intermediateresults
is not considered.

Beforewe presentthealgorithm,we formulatethepre-
ciseoptimizationproblemanddevelopthenecessarynota-
tion. Let ' denotethepartialATG tree,

8

bethenodejust
expandedand '�� denotethe subtreerootedat

8

that we
wantto partition.Considera partition

�

of '
� . Let

	��

de-
notea P-memberin

�

thatis rootedat thenode� . We de-
noteby F

��� theSQL queryfor
	��

, anddenoteby F

�

the
SQL queryfor materializingnode � . For example,refer-
ring to Figs.4(c)and 6, theSQLqueryfor P-member

	

�

�

is
4A P-memberrootedatanode� is adescendantP-memberof 	 iff �

is adescendantnodeof 	 .

� �

�

, while theSQL queryfor thematerializednodelabeled
part in

	

�

�

is � � . Further, let 
�� 
������ � F 	 and 
�� 
�����
 �MF 	

denote,respectively, thecostfor evaluatinga query F and
the cardinality of the query result for F returnedby the
DBMS optimizer. (MostcommercialDBMSsprovidesup-
port for suchstatistics).Also, let ����� ������� �MF 	 denotethe
numberof attributesin theresultfor F . Thus,thetotalsize
of the result of a query F is ����� ������� �MF 	 ��
�� 
����!
 � F 	 .
Sincetheestimatedtotal costof executingquery F � � in-
volvesrunningit attheDBMS andthenretrieving theresult
tuples(possiblyoveranetwork), wemodeltheoverallcost
withoutmaterializationas(similar to [12]):
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Above, � � and � � areweightparametersusedto vary the
trade-off betweenthecostof queryevaluationandthecost
of transferringthequeryresultfrom thedatabaseserver to
theclient.

We next compute,for a materializednode B anda de-
scendantP-member

	:�

of B , the cost of executing F
���

when F
��� is rewrittenin termsof thematerializedtablefor

B . We denotethis costby ���;� 
����<� �MF
���1=

B 	 . Note that the
bene�t of materializingB for P-member

	:�

is thengivenby
���;� 
������ �MF

���
	:>?����� 
����<� � F

����=
B 	 . As before,wemodel
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Thefunctionsin thesecondtermcanbeestimatedfairly ac-
curately. Speci�cally, 
,� 
����!
 � F �

��=
B 	

�


,� 
�����
 �MF �
�

	

and ����� ������� � F
���1=

B 	 is essentially����� ������� � F
���

	 � �

minusthenumberof ancestornodesof node B in theATG
tree ' . We subtractthenumberof intermediatenodesbe-
tweentheroot and B (andadd1) sincein thematerialized
tablefor B , all keys for nodesthatareancestorsof B in '

arereplacedwith a singleauxiliary attributeCKey (dueto
key compression).Thus,to estimate����� 
����<� � F

����=
B 	 , we

onlyneedto getgoodestimatesfor 
,� 
������ �MF
���1=

B 	 . How-
ever, estimating
,� 
����<� �MF �

�1=
B 	 accuratelyis somewhat

dif�cult sinceour plangenerationalgorithmis responsible
for determiningthe nodesin '�� to materialize,and thus
noneof the nodesin '�� arematerializedwhenour algo-
rithm is invoked. A crudeapproximationthat we found
to work quite well in our experimentsis to simply model


,� 
������ �MF
���1=

B 	 as 
�� 
������ � F
���

	�>E
�� 
������ � F
�

	 . This is
becausein somerespect,F

� is actuallyasubqueryof F
���

(since
	��

is a descendantof B , F
��� is obtainedasa re-

sult of querycompositionwith F
� ). A problemwith this

approximation,however, is thatthequeryplanfor F
� may

not matchtheonefor thesubqueryF
� in F

��� . To �x this
problem,we addhints to F

��� so that the executionplan
(specially, join order)for query F

� is forcedon theDBMS
queryoptimizerwhenit generatesa planfor F��

� (current
DBMSs provide hooksfor specifyinghints for preferring
certainjoin orders,e.g.,the ORDERkeyword in Oracle).
Thisyieldsa fairly goodestimateof 
,� 
����<� �MF��

�1=
B 	 .

We next turn our attentionto the costof materializing
thequeryfor a node B . Theattributesfor thematerialized



tableof B essentiallyconsistof: (1) a singleauxiliary key
attributeCKey that is a proxy for all thedistinctcombina-
tionsof key valuesfor nodesin thepathfrom therootto B in

' , and(2) theattributesin theselect clausefor F � that
arereferencedin thequeriesrelating B to its descendants.
Let M � denotetheclosestancestornodeof B thathasbeen
materialized.Then,wecanmodelthecostof materializing
theintermediatetablefor B using M � as:
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wherethe �rst term is thecostof evaluating F � usingthe
materializedresultM � , andthesecondterm(weightedwith
anotherparameter� � ) modelsthecostof writing to disk(at
theDBMS) thematerializedtableafterkey compression.

Wearenow in apositionto de�ne thecostof evaluating
SQLqueriesfor apartitionof '�� whencertainnodesin '��

arematerialized.For a partition
�

of '�� anda setof ma-
terializednodes

�

in '.� , we de�ne thecostof evaluating
'.� as:
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Ourobjectiveis to computeapartition
�

of '
� andasetof

nodes
�

to materializein '
� suchthat 
����<� ��'

�

�<� �

�

	 is
minimum.Unfortunately, this problemcanbeshown to be
NP-hard(reductionfrom SetPartition).

In the following, we presenta greedyheuristic,Proce-
dure PARTITION, that, given '

� , attemptsto �nd a parti-
tion

�

of '
� anda setof nodes

�

to materializesuchthat

������ � '.�

��� �

�

	 is small.Theheuristic(Fig. 12)startswith
eachnodeof '�� asaseparateP-member, andin eachitera-
tion of the while loop in Step3, mergesa pair of neigh-
boring P-membersin

�

such that the cost of evaluating
the resultingP-members(after merging) is minimum. Of
course,for a partition, the cost of evaluationdependson
thesetof nodesmaterializedin '

� . Thus,in eachiteration,
we would like to merge the pair of P-memberssuchthat
for the resultingpartition

�

, if theoptimalsetof nodesin
'

� arematerialized,thenthe costof evaluating
�

is min-
imum. In orderto determinethis optimal set

�

of nodes
to materializefor a partition

�

so that 
����<� ��'
�

�<� �

�

	 is
minimized,ProcedurePARTITION invokesProcedureMA-
TERIALIZE (explainedbelow). Note that ProcedurePAR-
TITION terminatesoncethe cost for

�

cannotbe further
reducedby merging theP-membersin it.

We now describe the key ideas underlying Proce-
dureMATERIALIZE (givenin Fig. 13). Supposefor a par-
tition

�

anda node B in '
� , mCost[ B

�

� ].mSet denotes
the optimal set of nodesto materializein the subtree'

�

rootedat node B , where M �

�

� . Also, with thenodesin
mCost[ B

�

� ].mSet materialized,let mCost[ B

�

� ].cost be
the costof evaluatingthe P-membersin

�

that are(com-
pletely)containedwithin ' � . Let child( B ) denotethechil-
drenof node B . Then,it is possibleto computemCost[.]
for B in termsof mCost[.] for its children.

procedure PARTITION( �

� , 	 ,
�

)
begin
1.

��� +��������������

�

�

�

2. bene�t
� + �

3. while bene�t !#"

4. bene�t
� +

"

5. [cost, mSet] := MATERIALIZE
(

	

<�� <

�

�

<$� >

6. for eachpair of P-members
'

<

'

�

���

connectedby anedgein �

�

7.
�

�

� +

(

��%#�

'

<

'

�

��>�&'�

'

&

'

�

�

8. [cost', mSet'] := MATERIALIZE
(

	

< � <

�

�

<(�

�

>

9. if (bene�t ) cost - cost')
10. bene�t := cost - cost'
11. pp

� +

(

'

<

'

�

>

12. if bene�t !*"

13.
'

� +,+-+/. �102&�+-+/. 340

14.
�5� +6��%7��+-+/. �10$<8+9+:. 340��

15.
�5� +6�6&;�

'

�

16.
. < <��=0

:= MATERIALIZE
(

	

<�� <

�

�

<�� >

17. return
. � <>�?0

end

Figure12: Partitioningalgorithm
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In the two equationsabove, the two terms in each
[]\_^

�I�?�

expressioncorrespondto the two casesin which
B is notmaterialized(in whichcase� staystheclosestma-
terializedancestorfor eachchild

�

of B ) or B is materialized
(in which caseB becomesthenew closestmaterializedan-
cestorfor eachchild

�

). Note that for the casewhen B is
materializedusing � , anadditionalcostof � ��� 
������ � B

=
� 	

is addedto the sum of the costsfor all children
�

. Fur-
ther, if B is theroot nodefor a P-member

	a`

1

�

(second
equation),thenwe alsoneedto includethecostof evaluat-
ing P-member

	b`

, ����� 
������ � F
�

Y

=
� 	 and ����� 
����<� � F

�

Y

=
B 	

for thetwo caseswhen B is not materializedandmaterial-
ized,respectively (sincethiscostis notincludedin thecosts
for B 's children). Comparingthe costsin the two cases,
it is possibleto determinewhetheror not to materializeB .
ProcedureMATERIALIZE usestheaboveequationto recur-
sively computemCost[ � ].mCost andmCost[ � ].mSet, and
returnstheseto ProcedurePARTITION.

Our evaluation procedurewill thus proceedby itera-
tivelyunfoldingtheATG graphandcallingProcedurePAR-
TITION for eachnon-emptyleaf B (using '

� andthenear-
estpreviously materializedancestor

$

asarguments).The
worst-casetimecomplexitiesof ProceduresMATERIALIZE
andPARTITION are c
� �

�

	 and c
�'�

�

	 , respectively, where
� is thenumberof nodesin '

� .

6 Experiments
In this section,we presentexperimentalresultson theper-
formanceof our ATG evaluationalgorithms. One of the
novel aspectsthatdistinguishesourATG-basedXML pub-
lishingapproachfrom previouswork (e.g.,[12]) is thema-



procedure MATERIALIZE(
�/<

�

<

�

<$�

)
begin
1. if mCost[

�/<

� ].computed = true
2. return [mcost[

�/<

� ].cost, mcost[
�/<

� ].mSet]
3. cost1 := 0
4. mSet1 := �

5. cost2 := mat cost(
�

@

� )
6. mSet2 :=

�����

7. for eachchild � of node
�

in tree �

8. [cost, mSet] := MATERIALIZE( �

<

�

<

�

<$�

)
9. cost1 := cost1 : cost
10. mSet1 := mSet1

&

mSet
11. [cost, mSet] := MATERIALIZE( �

< �/<

�

<��

)
12. cost2 := cost2 : cost
13. mSet2 := mSet2

&

mSet
14. if

�

is theroot of a P-member, say V��

� �

15. cost1 := cost1 : tot cost(
' )/Y

@

�

)
16. cost2 := cost2 : tot cost(

' )/Y

@

�

)
17. if (cost1 ) cost2)
18. mCost[

�/<

�

].cost := cost1
19. mCost[

�/<

�

].mSet := mSet1
20. else
21. mCost[

�/<

�

].cost := cost2
22. mCost[

�/<

�

].mSet := mSet2
23. mCost[

�/<

�

].computed := true
24. return [mcost[

�/<

�

].cost, mcost[
�/<

�

].mSet]
end

Figure13: ProcedureMATERIALIZE

terializationof queriesfor intermediatenodesof an ATG
tree. As describedin Sec.4.2, suchmaterializationhas
thepotentialto improveoverall systemperformance,since
queriesfor descendantpartitionsof anodecanberewritten
in termsof the materializedtablefor the node. Thus,the
computation(e.g.,joins)performedin materializingtheta-
ble for anodeis sharedamongthenode'sdescendants.

Theresultsof our experimentspresentedin this section
supporttheabove thesis,anddemonstratethat judiciously
materializinga few selectedinternalnodesof theATG tree
can indeedsigni�cantly reduceevaluation time. This is
mostnoticeablefor ATG treesthataredeep,which is fre-
quentlythecasewith recursiveATGs.Thus,weexpectthat
existingXML publishingsystemslikeSilkRoute[12] (that
partitiontheview tree5, but donotmaterializeintermediate
results)canbene�t from incorporatingmaterialization.

In ourexperiments,weusedavariantof theTPC-Hrela-
tionalschemapresentedearlierin Fig. 1. Exceptfor theta-
bleMadeOf, therestof thetablesaregeneratedwith TPC's
dbgen utility usinga scalefactorof �

�

� , wherethecardi-
nalitiesof the Part , Supplier , andPartSupp tables
are 	��

�

, �

�

, and ���

�

, respectively. TheMadeOf table,
which hasa cardinality of about ���

�

, is generatedran-
domly suchthat eachpart hasat most four sub-partsand
themaximumheightof eachpart hierarchyis at most10.
We measuredthequeryexecutiontime to generatetheout-
put relationsfor the portion of the ATG shown in Fig. 3
that involves only elementspart , supplier , pname
andsname. Thus,the ATG graphis essentiallyidentical
to the one shown in Fig. 4(a) without address and its
subelements.

Our experimentswereconductedwith a databaseclient

5Theview treeis similar to ourATG tree,exceptthatit is notdynami-
cally expandedin [12].
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Figure14: Bene�ts of Materialization.

consistingof asimpleembeddedSQLprogram,submitting
queriesto a databaseserver (via a JDBC interface)on a

�

� �

�	��
 PentiumIV machinewith 	
���
� � of mainmem-
ory runningWindows 	����
�

6.
Fig. 14 depictsthe impactof materializationasa func-

tion of thetreedepth � for two differentweightcon�gura-
tions. For eachdepthvalue � , we �rst createda ATG tree
with � levelsby unfoldingtheATG graph �

�

>

�

	
=

	 times
andthenevaluatedtheATG treebothwith andwithoutma-
terializationto comparethebene�tsof materialization.The
evaluationtimemeasuresboththetimeto materializeinter-
mediateresults(for thecasewith materialization)aswell as
thetime to executethequeries.Theresultsin the�gure in-
dicatethat materializationcanspeedup the evaluationby
a factorof up to almost �

�

� . Furthermore,aswe expected,
thebene�t of materializationgenerallyincreasesasthetree
depth increases:the materializednodesin a larger ATG
treecanbene�t moreP-members(i.e., theprecomputedre-
sultsarereusedmoreoften) thusresultingin moresigni�-
cantimprovements.We have alsoexploredthesensitivity

6Dueto licensingrestrictions,wearenotpermittedto identify thecom-
mercialproductused.



of our plan generationalgorithmsto the variousparame-
ters (e.g., weights � �

�

� �

�

� � ). As indicatedby Fig. 14,
the bene�ts of our evaluationalgorithmsareratherrobust
to thechangesof theseparameters.

7 Conclusion
In this paperwe have proposeda formalism, ATGs, for
publishingrelationaldatain XML with respectto a prede-
�ned DTD, andwehavegivenef�cient algorithmsfor eval-
uatingATGs.Themiddlewarewehavedeveloped,PRATA,
is to our knowledgethe �rst systemguaranteeingDTD-
conformance. Our experimentalresultsindicate that the
optimizationtechniquesintroducedfor PRATA arenotonly
effectivein speedingATG evaluation,but arealsousefulin
thecontext of existingpublishingsystems.

Therearekey differencesbetweenATGsandtraditional
attributegrammars(AGs,see,e.g.,[10]). A traditionalAG
is de�ned with a context free grammar(without Kleene
star)andmorecomplicatedattributes(synthesizedandin-
herited).It takesa stringasaninput,parsesthestringwith
the grammar, and computesattributes. In contrast,it is
not possibleto “parse” a relationaldatabasewith a DTD;
thusan ATG extractsrelevant datafrom the databasevia
queries,and thenconstructsa parsetree of the DTD us-
ing thedata. Therehave alsobeenapplicationsof AGsto
databases,e.g., for constructingqueryautomata[18] and
for queryingtext �les [1]. Thesearemild variationsof tra-
ditionalAGsandarequitedifferentfrom ATGs.

It is straightforward to extend our framework to han-
dle DTD-directed transformationsfrom Object-Oriented
databasesto XML, and XML-to-XML transformations.
Thereare extensionsthat are more involved, and which
are the subjectof ongoingwork. One involvessupport-
ing thesynthesizedattributesfound in traditionalattribute
grammars. The extra expressive power of this extension
needsto be examined,aswell asits impacton ATG eval-
uation. We are also studyingthe extensionof this tech-
niquefrom DTDs to XML Schema[23]. A speci�cation
(schema)in XML Schematypically consistsof atypeanda
setof integrity constraints.In thiscontext, schema-directed
mappingis to de�ne anXML view of relationaldatasuch
that the XML documentsgeneratedboth conform to the
type and satisfy the constraints. Unfortunately, it is im-
possibleevento decidewhetheror not a schemais consis-
tent [11], i.e., thereis any documentsatisfyingit, due to
the interactionbetweenintegrity constraintsand typesin
XML Schema.We areworkingon identifyingpracticalre-
strictionson XML Schemafor effective schema-directed
publishing. Another topic is to explore the evaluation
of XML queries(e.g. XQuery [8]) againstATG-de�ned
views. Finally, we arealsostudyingmethodsfor capturing
information-preservingtransformationsvia ATGs.
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