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Abstract

Data integration over multiple heterogeneousdata sourceshas becomeincreasingly important for modern
applications. The integrated data is usually stored in materialized views(MV) to allow better access,performance
and high availabilit y. MV must be maintained after the data sourceschange. In a loosely-coupledenvironment,
such as the Data Grid, the data sourcesare autonomous. Hencethe sourceupdatescan be concurrent and cause
erroneousmaintenance results. State-of-the-art maintenance strategies apply compensating queries to correct
such errors, making the restricting assumption that all sourceschemata remain static over time. However, in
such dynamic environments, the data sourcesmay change not only their data but also their schema, query
capabilities or semantics. Consequently , either the maintenancequeriesor compensating querieswould fail.

In this paper, we proposea framework called DyDa that overcomestheselimitations and handlesboth source
data updatesand schemachanges.First, we identify three typesof maintenanceanomalies,causedby either data
updates and/or rename and/or drop schema changes. We proposea compensation algorithm to solve the �rst
two types of anomalies. We identify that the third type of anomaly is causedby the violation of dependencies
betweenthe maintenanceprocesses.We proposea detection and correction algorithm to remove such anomalies
basedon the formalisms of dependencies.A new view adaptation algorithm is designedto incrementally adapt
somecomplex updates intro duced by the correction algorithm.

Put together, these algorithms are the �rst complete solution to the concurrency problems for MV mainte-
nancein loosely-coupledenvironments. We have implemented the DyDa system. The experimental results show
that our new concurrencyhandling strategy imposesa minimal overheadon normal data update processingwhile
allowing for the extendedfunctionalit y to maintain the materialized viewsevenunder concurrent schemachanges.

Keyw ords: View Maintenance,View Synchronization, View Adaptation, Complex Updates.

1 In tro duction

1.1 Materialized Views in Dynamic Environmen ts

With the information explosionon the World Wide Web, the transformation and integration of data from multiple

heterogeneousdata sourcesis ubiquitous to many modern information systemsand e-businessapplications. One

basic requirement is to integrate data with rich structures, such as relational, XML, spreadsheets,etc. There

� This work is supported in part by several grants from NSF, namely, NSF NYI grant I IS-9796264,NSF CISE Instrumen tation grant
IRIS 97-29878,and NSF grant I IS-9988776.
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is growing interest in the databasecommunit y to focus on schema integration to achieve the interoperabilit y

between such heterogeneoussources. One common technique is to use schema mappings [MBR01, MHH00] to

specify how the data of one schema is transformed to another. A view query is one way to specify such a

mapping. Schema mapping are used extensively in variety of applications, such as data integration, physical

databasedesign like XML to relational mapping, or the semantic Web [LGMT03 ].

In dynamic environments like the WWW, the data sourcesmay change their schema, semantics as well as

their query capabilities. In correspondence,the mapping or view de�nition must be maintained to keepconsistent

[LNR02, VMP03]. Moreover, in a loosely-coupledenvironment, such as the Data Grid [JR03], the data sources

are typically owned by di�eren t providers and function independently from each other. Hencethey may commit

update transactions without any concern about how those changesmay a�ect the mapping or views de�ned

upon them. While in combination, the autonomous source schema restruction posesnew challengesfor data

integration.

Materialized view (MV), proven to be an excellent technique in decisionsupport applications, would continue

to be useful in this scenario to preserve the integrated data to ensure better access,performance and high

availabilit y. MV must be maintained when the sourceschange. This hasbeenextensively studied in the past few

years[AASY97, SBCL00, ZGMHW95]. However, it is not su�cien tly explored in this new dynamic environment.

As we will illustrate via examplesin Section 2.2, when maintaining a sourceupdate, we may needto query the

data sourcesfor more information by issuing maintenance queries [ZGMHW95]. However, the maintenance

queries may either return erroneousquery results due to concurrent data updates or may even fail completely

due to concurrent schema changes.Such failure of maintenanceremains unsolved.

While recent work [AASY97, SBCL00, ZGMHW95] proposed compensation-based solutions to remove the

e�ect of concurrent data updates from query results, we demonstrate that these existing solutions would fail

under sourceschema changes. The reasonis that if the sourceschema has been concurrently changed, neither

maintenance nor compensation querieswould get any query responsefrom data sourcesdue to the discrepancyof

the sourceschema with the schema required by the queries. Interleaving of concurrent sourcedata and schema

changeseven complicatesthe maintenancefurther.

1.2 State-of-the-Art Materialized View Main tenance Techniques

We distinguish between three MV maintenance tasks, namely, View Maintenance(VM), View Synchronization

(VS) and View Adaptation (VA) as explained below. VM [ZGMHW95, AASY97, SBCL00] maintains the view

extent under sourcedata updates. In contrast to VM, VS [LNR02] aims at rewriting the view de�nition when

the schemaof a sourcehasbeenchanged,or in a more generalsense,evolving the schemamappingsafter schema

changes[VMP03]. Thereafter, View Adaptation (VA) [NR99, GMRR01] incrementally adapts the view extent
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to again match the newly changedview de�nition. We will review thesealgorithms in more detail in Section2.1.

However, as indicated in Section1.1, the data sourcesare autonomousand may undergochangesat any time.

Thus during the MV maintenance, other sourceupdates may occur and con
ict with the current maintenance

processes,causing the concurrency problems as will be illustrated by an example in Section 2.2. While such

concurrencyproblemshave received increasedattention in recent years,all existing work [ZGMHW95, AASY97,

SBCL00, ZRD01] is restricted to handle pure data updates only. They make the restricting assumption that

the schemata of all sourcesremain stable over time. As motivated extensively in Section 1.1, this is a rather

limiting and unrealistic assumption for many real world environments and applications. SDCC [ZR02] is the

�rst work to study the problem arising from the concurrencyof both sourcedata updates and schema changes.

The SDCC approach integrates existing VM, VS and VA algorithms into one system with a protocol that all

data sourcesmust abide by to enablecorrect collaboration. This protocol however has the limitation of requiring

sourcesto fully cooperate by �rst announcing an intended schema change, then waiting for permission from

the maintenance modules to execute this schema change at their local database. In essence,the concurrency

problem is avoided at the cost of the autonomy of the sources. For many environments such full cooperation

and willingness to delay any update of a data source is too restrictiv e and often impractical. Hence, in such

environments, the SDCC solution is not applicable.

1.3 Con tributions of this Work

In this paper, we propose a general approach for dynamic MV management, called the DyDa framework to

solve the concurrencyproblems. DyDa maintains the MV de�ned over distributed data sourceswithout posing

any restrictions on any source update transactions. In other words, the restrictiv e assumption of requiring

cooperative data sources[ZR02] is dropped. In summary, the contributions of this work are:

(1) We identify all possiblemaintenanceconcurrencyproblems, namely, causedby sourcedata updates, source

renameschemachangesand sourcedrop schemachanges.We intro duceDyDa framework to solve all these

anomalieswhile the data sourceshave the full autonomy to commit any typesof transactions.

(2) We intro ducea compensationalgorithm to removethe e�ects of concurrent data updatesand renameschema

changesto restore the correct maintenancequery results.

(3) We formalize the anomaliescausedby concurrent drop schema changesas the violations of dependencies

betweenthe maintenanceprocesses.We then develop algorithms to detect and correct any violated depen-

dencies. A novel view adaptation algorithm is proposedto processthe resulting mixed data updates and

schema changes.

(4) We have implemented our techniquesin our DyDa systemwhich hasbeendemonstratedat SIGMOD' 2001

[CZC+ 01]. The experimental results show that our new concurrencyhandling strategy imposesa minimal
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overheadon data update processingwhile allowing for the extendedfunctionalit y to maintain the MV even

under concurrent schema changes.

(5) The conferencepaper of this work [CCZR04] discussesthe general theory for solving anomaliescausedby

schemachanges.In this paper, we present an overall solution framework and a compenhensive performance

study for all typesof anomalies. We also extend it by a di�eren t treatement for renameand drop schema

change, which further improves the performance. A more detailed VA algorithm for complex update

maintenanceis presented. The proofs of the correctnessof our approach are included here.

In the next section, we present the background materials necessaryfor the remainder of the paper. Section

3 describes our proposed architecture of the DyDa framework and explains the overall concurrency control

strategies. Section 4 intro ducesa compensation algorithm to solve the concurrencycausedby data updates and

rename schema changes. Section 5 formalizes the dependenciesbetween the maintenance processesand their

relationship to the concurrencycausedby drop schema change. An algorithm is proposedto detect and correct

the violated dependencies.Section 6 intro ducesa new view adaptation algorithm to adapt multiple distributed

schema changesand data updates required by the dependency correction algorithm. Section 7 discussesthe

experimental results. Section 8 reviews related work, while Section 9 concludesthe paper.

2 Background Materials

2.1 View Main tenance Techniques Revisited

We �rst brie
y review and generalizethree basic maintenance techniques, namely, View Maintenance (VM),

View Synchronization (VS) and View Adaptation (VA) for a single sourceupdate via an examplebelow.

Example 1 Assumewe want to integrate data from the book Retailer and Library category to provide the user

the salesas well as the detailed book information (Figure 1). The book Retailer data, being in the XML format,

is mapped into the relational tables Store and Item as a relational wrapper view. The Library catalog of the

detailed book information can be accessed by a general-purpose wrapper, which is used to execute a query and

extract source changesto notify the view manager. Now the integrated view BookInfo from both data sourcescan

be de�ned by the SQL query in Equation (1).

CREA TE VIEW BookInfo AS
SELECT Store, Book, I.Author, Price, Pub-

lisher, Category, Review
FROM Store S, Item I, Catalog C
WHERE S.SID = I.SID

AND I.Book = C.Title
(1)

SELECT B ook; Author ; P r ice; Review
FROM Catal og C
WHERE B ook = 0D ata I ntegr ation Guide0 (2)
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Figure 1: Description of View and Data Sources

2.1.1 View Main tenance (VM)

View maintenance(VM) aims to incrementally maintain the view extent under a sourcedata update (DU). The

basic idea is to send a maintenance query basedon the DU to calculate the delta change on the view extent.

In Example 1, assumethere is a new book to be inserted into the Item table. This new book is extracted by

the wrapper as \� I = insert (10, `Data Integration Guide', `Adams', 35.99)". To determine its delta e�ect

on the view, an incremental maintenance query (Query 2) [ZGMHW95] will be generatedby decomposing the

view query (1) into individual sourcequeries. In other words, we compute � V = � I 1 Stor e 1 Catalog. We

generalizethis maintenanceprocessM as\ M (DU) = r (V D)r (DS1)r (DS2):::r (DSn )w(M V )c(M V )", whereV D

is the view de�nition, DSi is the data sourcewith index i, r (DSi ) is the query sent to DSi , w(M V ) and c(M V)

are write and commit of the MV, respectively.

2.1.2 View Synchronization (VS)

View Synchronization (VS) [NLR98, LNR02], on the other hand, aims at evolving the view de�nition when

the schema of the baserelation has been changed. Note that, a general mapping adaptation technique could

also serve similar purpose[VMP03]. Two primitiv e types of sourceschema changes(SCs) that may a�ect the

view de�ned upon them are considered: the RenameSCthat renamesthe sourceattributes or relations and the

DropSC that deletesattributes or relations. Note that add relations or attributes do not directly change the

views, but they will be put into someknowledgebases[NLR98, LNR02].

It is straightforward to handle RenameSCby just modifying the corresponding view de�nition. To handle

DropSC, the basic idea is to �nd somealternativ e sourcesto replacethe dropped data. For example,assumethe
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Review attribute is no longer consideredimportant and kept in the Catalog relation. The view synchronization

processwill locate somealternativ e table Comments in ReaderDigestdata sourcefor replacement basedon the

containment information. The new integration and rewritten query are shown in Figure 2 and Query (3).
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Figure 2: View Synchronization for Drop Review Attribute

CREA TE VIEW BookInfo AS
SELECT Store, Book, I.Author, Price, Pub-

lisher, Category, Comment as Re-
view

FROM Store S, Item I, Catalog C, Com-
ments M

WHERE S.SID = I.SID AND C.Title =
M.Article AND I.Book = C.Title

(3)

We generalizethis algorithm using the notations in Table 1.

Notation Meaning
V Old view de�nition, de�ned as R1 1 R2 1 ::: 1 Rn

V new New view de�nition, de�ned as Rnew
1 1 Rnew

2 1 ::: 1 Rnew
n

Ri Relation with index i .
R0

i Relation Ri after a number of updates.
Rnew

i The relation Ri is replacedby Rnew
i after view synchronization.

� (Ri ) State of relation R i describing both its schema and data.

Table 1: Notations

Assume a relation Ri is dropped or some of its attributes are dropped, VS will �nd a replacement Rnew
i

basedon the containment information for the dropped relation R i [LNR02]. The view V is rewritten as V new =

R1::: 1 Ri � 1 1 Rnew
i 1 Ri +1 ::: 1 Rn . Note that Rnew

i can be a join over several tables. In the above example,
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VS locatesan alternativ e sourcetable Comments that can be used to replace the Review attribute in the view

de�nition. A join is necessarybetweenCatalog' and Comments to avoid a cartesian product. The resulting join

Catalog0 1 Comments can be viewed as a replacement of the original Catalog relation, denoted as Catalognew .

We generalizethis view synchronization processas M = r (V D)w(V D)c(M V ). Note that here the V D is an

in-memory data structure. The w(V D) is just to modify that in-memory view de�nition in order to generate

the maintenancequery. The actual physical update of view de�nition (e.g., updating systemcatalog) is done in

the c(M V ). One important feature of the view synchronization processis that the rewriting of the view query is

not restricted to be equivalent to the original one in terms of their extent [LNR02, VMP03]. This is reasonable

for information integration over a large scaleand dynamic data sources.However, such non-equivalent rewriting

makesthe next step, view adaptation necessary.

2.1.3 View Adaptation (V A)

View Adaptation (VA) [NR99, GMRR01] incrementally adapts the view extent after the rewriting of the view

de�nition. Since RenameSCwill not a�ect the view extent, there is no need to do any view adaptation work.

For DropSC, sincethe rewritten view de�nition may not be equivalent to the original one,adaptation of the view

extent to be consistent with the new view de�nition is mandatory. The basic idea in [NR99] is to �rst compute

the delta betweenthe old relation and the new replacedrelation.

Assume the original view V is de�ned as V = R1 1 ::: 1 Ri � 1 1 Ri 1 Ri +1 ::: 1 Rn and the new view

V new = R1 1 ::: 1 Ri � 1 1 Rnew
i 1 Ri +1 ::: 1 Rn . To incrementally compute V new from V , we computer

� Ri = Rnew
i � Ri . The view delta changeis then evaluated as � V = � R i 1 R1::: 1 Ri � 1 1 Ri +1 ::: 1 Rn .

In combination with the view synchronization, the full maintenanceprocessfor a DropSC is generalizedas

\ M (DropSC) = r (V D)w(V D)r (DS1)r (DS2):::r (DSn )w(M V )c(M V )". The maintenance of a RenameSCis

generalizedas " M (RenameSC) = r (V D)w(V D)c(M V )". Note that these high-level generalizationsof various

maintenanceprocessesin this section are independent of the particular VM, VS or VA algorithms or even the

underlying data model, which makesour proposedconcurrencycontrol strategy in this paper generallyapplicable

to theseknown work.

2.2 View Main tenance Anomalies

2.2.1 Illustrativ e Examples

Using a motivating example,we now illustrate di�eren t typesof the view maintenanceanomaliesthat may arise

when the data sourcesare autonomous.

Example 2 We use the data sources and view in Example 1. As mentioned in Section 2.1.1, given a data
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update, \ � I = insert (10, `Data Integration Guide', `Adams', 35.99)", the View Maintenance processwil l issue

an incremental view maintenance query Q de�ned in Query (2). Two di�er ent anomalies can be distinguished

during the processingof this maintenance query:

(a) Duplication Anomaly : Assume that before the execution of query (2), the Catalog table committed a

data update � C = ('Data Integration Guide', 'A dams', 'Engineering', 'Princ eton' ...). This new tuple would

be included in the query result of query (2). Thus one �nal tuple ('A mazon', `Data Integration Guide', 35.99,

'A dams', 'Princ eton', 'Engineering') wil l be inserted into the view. However, later when the view manager

processes� C, the same tuple would be inserted into the view again. A duplication anomaly occurs due to

concurrent data updates [ZGMHW95].

(b) Brok en Query Anomaly : Now assuming the Review attribute is no longer kept in the Catalog table

before query (2) is processed. Query (2) then facesa schemacon
ict and cannot succeed since the required column

Review is no longer available.

Hence the anomaly is caused by the autonomy of sourcesthat may con
ict with the view maintenance

process. A concurrent data update may result in an incorrect query result returned by a maintenance query

while a concurrent schema changemay result in a query failed to be processedby the respective data source.

2.2.2 T yp es of Main tenance Anomalies

We formally de�ne the anomaliesbelow.

De�nition 1 Assumeone update w(DSi ) at source DSi and one update w(DSj ) at source DSj . Maintenance

of neither update has �nished yet. We say that the update w(DSj ) con
icts with the maintenance M (w(DSi ))

i� the source update w(DSj ) is committed at DSj before the query r (DSj ) of M (w(DSi )) is answered. We call

such a con
ict view main tenance anomaly .

Note that the anomaly would never occur for M (RenameSC) becauseit does not send any maintenance

queries(Section 2.1.3). While the anomaly could occur during either M (DU1) or M (DropSC1) due to another

concurrent DU2, RenameSC2 or DropSC2.

Based on the types of w(DSi ) and w(DSj ), there are three types of maintenance anomalies (six cases)as

listed in Table 2. Among them, the anomalies I are causedby concurrent DU, while the anomalies I I are

causedby concurrent RenameSC. The anomaliesof type I I I are due to concurrent DropSC. The two casesin

Example 2 are anomaliesof type I and I I I, respectively.

Notice that for the anomaliesI in Table 2, we still could get somequery results returned, however the results

may be incorrect. For the anomaliesof I I and I I I in Table 2, we may not even be able to get any query result
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Type Cases

I A DU2 concurrent to the maintenanceof M (DU1)
A DU concurrent to the maintenanceof M (Dr opSC)

I I A RenameSC concurrent to the maintenanceof M (DU)
A RenameSC concurrent to the maintenanceof M (Dr opSC)

I I I A Dr opSC concurrent to the maintenanceof M (DU)
A Dr opSC2 concurrent to the maintenanceof M (Dr opSC1)

Table 2: Three Typesof MaintenanceAnomalies.

back due to the schemainconsistencybetweenthe maintenancequery and the underlying sources.In this paper,

we will intro duce a comprehensive solution framework to solve all theseanomalies.

3 The DyDa Framew ork

Figure 3 depicts the architecture of our DyDa view management system. The framework is divided into three

spaces:view space,view managerspaceand remote sourcespace.The view spacehousesthe extent of the MV.

It receivesview deltas from the view managerspaceto refresh the MV. The remote sourcespaceis composedof

data sourcesand their corresponding wrappers. We assumethat all data sourcetransactions are local to their

respective sourcesand every data update and schema changeat a data sourceis reported to the view manager

oncecommitted at the data source(or the changescan be detected and extracted by the wrapper).

Maintenance Algorithms                                          

View

Update Message Queue (UMQ)

Wrapper Wrapper Wrapper

DS DS DS

View Space

View Manager Space

Query Engine

VS VM

Remote Source Space

Dyno

VA

Figure 3: Architecture of DyDa Framework

The view manageraims to maintain the MV under sourceupdates. It consistsof the generalview management

algorithms, such as VS, VA and VM as intro duced in Section 2.1. These three algorithms allow the system to
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handle individual data update and schema change. According to the type of sourceupdate, the view manager

may useeither VS, VA, or VM algorithms to update the MV correspondingly. In this layer, there are alsoUpdate

MessageQueue (UMQ) and the Query Engine. The UMQ collects and managesthe committed updates from

the data sources,which are either data updates or schema changes. After maintaining the head update in the

queue,UMQ will remove it from the queueand start processingthe next. The Query Engine is responsible for

query processing,namely, sendingdown maintenancequeriesto individual data sourcesand then collecting and

assembling the query results.

Furthermore, in Figure 3 we indicate all modules which contain extended functionalities in order to handle

the anomaly problems as described in Section 2.2.2 by shading them. We proposedi�eren t strategies to handle

the three typesof anomaliesin Table 2. In particular, we distinguish betweentwo categoriesof our concurrency

control strategies,namely, intra-maintenanceprocessand inter-maintenanceprocess.

Intra-maintenanceprocessstrategy solves the concurrency within one maintenanceprocess.More precisely,

it solves the anomalies of type I and I I by this technique. There has been extensive study in the literature

[ZGMHW95, AASY97, ZGMW96, SBCL00] to solveanomaly I, namely, the concurrencycausedby data updates.

The basic idea is to use compensation to remove any erroneoustuples from the query result. We extend this

method to compensate the maintenance query when there also exists con
icting RenameSC. Query Engine

employs this algorithm when processingthe maintenance query to solve the anomaliesof type I and I I within

one maintenanceprocess(Section 4). The essenceof this technique is that it solvesthe anomaliesin a �ne level

without a�ecting the whole maintenanceprocess.

Inter-maintenance processstrategy globally schedules the maintenance processes,which is particular im-

portant to solve anomaly of type I I I, i.e., concurrent DropSC. While the state-of-the-art view maintenance

algorithms assumethe order of maintenanceof updates simply basedon their arrival order, however, such order

is no longer appropriate and may causeanomaly I I I. We formally identify that such anomaliesare due to the

violation of dependenciesbetweenthe maintenanceprocesses.To solve this, we intro ducea dynamic maintenance

scheduler (Dyno) to correct such anomaliesby rescheduling the maintenance order (Section 5). An advanced

VA algorithm (Section 6) is designedto processthe mixed batchesof updates scheduled by Dyno.

In the rest of this paper, we will demonstrate how these two di�eren t level strategies maintain the MV

consistent with the data sourceseven all three anomaliesoccur in an interleaved fashion.

4 A Comp ensation Strategy for Anomalies I and I I

In this section, we will intro duce a compensation-basedalgorithm to solve the anomaliesof type I and I I when

processinga maintenancequery r (DSi ). First, weneedto determinethe updates< w(DSi ) > that areconcurrent

to this query. Similar to the prior work [AASY97, ZGMHW95], we rely this on a FIFO assumption.
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Assumption 1 The network communication between an individual data source and the view manager is FIF O.

Assumption 1 guarantees that when we receive the query result of r (DSi ), all updates w(DSi ) committed

prior than the answering of query r (DSi ) have already arrived the view manager in UMQ. If there exists DU

among < w(DSi ) > , then anomaly I occurs. If there exists RenameSC, then anomaly I I occurs. If there exists

DropSC, then anomaly I I I occurs.

When the concurrent updates < w(DSi ) > contain only DUs, a number of algorithms in the literature

[AASY97, ZGMHW95, ZGMW96] propose to use compensation queries to remove the erroneoustuples from

the query results. Take the SWEEP algorithm in [AASY97] for example, suppose the returned maintenance

query result r (DSi ) is � Rj 1 R0
i instead of � Rj 1 Ri . This error query result can corrected by � R j 1 R0

i -

� Rj 1 � Ri , where � Ri = < w(DSi ) > .

However, if there exists RenameSC in < w(DSi ) > , this basic compensation idea fails becausethe mainte-

nancequery r (DSi ) facesa schema con
ict and fails to return any query results. But sincethe underlying data

is still available and the only di�erence is the names,we can rewrite the query r (DSi ) by specifying the new

namesof DSi . The high-level abstraction of this algorithm is shown in Figure 4.
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Figure 4: Compensation Algorithm for Anomalies I and I I

We employ a name mapping table which describesthe metadata name in the view de�nition and its current

name. These two names are initially equivalent. As mentioned early, the Query Engine is used to execute

the maintenance query which is decomposedfrom the view de�nition by either VM or VA. This maintenance
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query will �rst be rewritten using the current name of data sources.Then we apply our proposedcompensation

algorithm to correct the maintenancequery results if no anomaly I I I, i.e., D ropSC occurs 1.

Our extended compensation algorithm �rst collects the concurrent source updates in line 1 by the FIFO

assumption. If there is no concurrent RenameSC, we can apply any of the existing compensating algorithm

[AASY97, ZGMHW95, ZGMW96] for data updates in line 2. If the concurrent RenameSC doesoccur, we need

to update the name mapping table to changethe current metadata name and re-executethis query.

Theorem 1 Assume the data source state � (DSi ) evolves to the state � (DS0
i ) by updates f w(DSi )g. The

maintenance query result r (� (DS0
i )) can be compensated to r (� (DSi )) by our compensation algorithm i� w(DSi )

is either DU or RenameSC.

Pro of: First, we de�ne � D (DSi ) as the data state and � S (DSi ) as the schema state of DSi . By de�nition, we

have � (DSi ) = (� D (DSi ); � S (DSi )). Since � (DSi )
f w (D Si )g

� ! � (DS0
i ), we have (� D (DSi ); � S (DSi ))

f w (D Si )g
� !

(� D (DS0
i ); � S (DS0

i )). Next, the query r (� (DSi )) can also be precisely de�ned as r (� D (DSi ); � S (DSi )) =

P(� D (DSi )). That is the query r is written based on the schema state of � S (DSi ) and executed predicates

P on data state � D (DSi ).

1). We �rst consider the casewhen all w(DSi ) are data updates f DUi g, i.e., � S (DSi ) = � S (DS0
i ). Hence

r (� D (DS0
i ); � S (DSi )) = r (� D (DS0

i ); � S (DS0
i )) = P(� D (DS0

i )). This is a known problem and a number of

existing solutions [AASY97, SBCL00, ZGMHW95], generalizedas function Comp that can generatethe query

result P(� D (DSi )) by Comp(P(� D (DS0
i )) ; f DUi g).

2). Next, we consider the case when in addition to f DUi g, f w(DSi )g also contains RenameSC, i.e.,

f w(DSi )g = f DUi g [ f RenameSCi g. We have � D (DSi )
f D U i g
� ! � D (DS00

i ) and � S (DSi )
f Rename i g

� ! � S (DS00
i ).

The original query r (� D (DS00
i ); � S (DSi )) is not valid, becausethe data state and schemastate is not consistent.

The rewritten query r (� D (DS00
i ); � S (DS00

i )) returns the result P(� D (DS00
i )).

An important property of RenameSC is that it only modi�es the schema name not the actual data, i.e.,

� D (DS0
i ) = � D (DS00

i ). Hencewe back to �rst caseby applying P(� D (DSi )) = Comp(P(� D (DS00
i )) ; f DUi g) =

Comp(P(� D (DS0
i )) ; f DUi g). Note that this technique does not work for DropSC since the data state is also

changedby DropSC.

5 Detection and Correction of Anomaly I I I

Section4 guaranteesthat if there is no concurrent DropSC, the compensationsolution can successfullygenerate

the correct maintenancequery result. However, if there exists any concurrent DropSC, i.e., anomaliesof type

1The D r opSCF lag is an important optimization as we will seelater.
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I I I, the solution no longer works. In this section, we describe that the reasonsfor this are the violations of de-

pendenciesbetweenmaintenanceprocesses.We �rst formalize the dependenciesand point out their relationship

to the anomaliesI I I then proposealgorithms to solve them.

5.1 Dep endencies among Main tenance Pro cesses

5.1.1 Concurren t Dep endency

There are two casesfor anomaliesI I I, namely, the maintenanceprocessM (DU1) or M (DropSC2) con
icts with

another DropSC3. More formally, assumethe DU1 or DropSC2 occursat sourceDSi and the DropSC3 occursat

DSj , respectively. Their maintenanceprocessesaregeneralizedas\ M (DU1) = r1(V D)r1(DS1)r1(DS2):::r1(DSn )

w1(M V )c1(M V )", \ M (DropSC2) = r2(V D)w2(V D)r2(DS1)r2(DS2):::r2(DSn )w2(M V )c2(M V )" and \ M (DropSC3)

= r3(V D) w3(V D)r3(DS1) r3(DS2):::r3(DSn )w3(M V )c3(M V )" in Section2.1. By De�nition 1, there is con
ict

betweenr1(DSj )/ D ropSC3 or r2(DSj )/ D ropSC3.

Notice that there is alsoa read-write con
ict on the view de�nition betweenthesemaintenanceprocesses,i.e.,

r1(V D)=w3(V D) and r2(V D)=w3(V D). Interestingly, this con
ict on the view de�nition is the reasonfor the

con
ict betweenr 1(DSj )/ D ropSC3 or r2(DSj )/ D ropSC3. The rationale is that the query r 1(DSj ), r2(DSj ) has

been constructed basedon the read of the view de�nition r 1(V D), r2(V D). For instance, in Example 1.b, the

maintenancequery (2) is constructed basedon the view de�nition query (1) over Catalog. If this view de�nition

read r1(V D), r2(V D) con
icts with w3(V D), the constructed query r 1(DSj ), r2(DSj ) may no longer re
ect the

actual schema of DSj .

De�nition 2 Let w(DSi ) and w(DSj ) denote two updates committed on data sources DSi and DSj , where

w(DSi ) is either a DU or DropSC. The view managerhasnot �nished maintenance for either of them. We say

that maintenance process M (w(DSi )) is concurr ent dependent (CD ) on maintenance processM (w(DSj )) ,

denoted by M (w(DSi ))
cd � M (w(DSj )) i� M (w(DSi )) contains read view de�nition and w(DSj ) is a DropSC

that M (w(DSj )) contains write view de�nition.

Concurrency dependencyde�nes the relationship betweenmaintenanceprocessesover critical resourceview

de�nition . There is a close relationship between concurrent dependency and anomaly of type I I I as will be

explained in Section 5.2. Note that there are several di�erences betweenthe concurrent dependenciesand wait-

for dependenciesin traditional transactions [BHG87]. First, the con
ict is on the view de�nition not on the actual

tuples. Second,even if the maintenanceof a sequenceof updates is processedin a serial fashion, dependencies

between them may still occur. The rationale is that the sourceupdates are committed autonomously and thus

may con
ict with any ongoing maintenanceprocesses.Third, the dependencydirection is always from a write

to a read of the view de�nition since the concurrent schema changemay invalidate the old view de�nition and
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consequently any ongoing maintenanceprocesses.The concurrency of the secondcaseof Example 2 in Section

2.2.1 is of type \ DU
cd

 � D ropSC". An exampleof \ D ropSC1
cd

 � D ropSC2" will be given in Section 5.3.

5.1.2 Semantic Dep endency

The MV is maintained consistent if it re
ects somevalid state of each data source,� (DSi ). Assumethe state of

DSi evolvesas � (DSi )
� 1

� ! � (DS1
i ) � 2

� ! � (DS2
i ). It is important for MV to maintain � 1 and � 2 in that order.

If the MV maintains � 2 �rst, then MV re
ects the data sourcestate � (DS0
i ) as � (DSi )

� 2

� ! � (DS0
i ), which is

neither � (DS1
i ) nor � (DS2

i ). In this case,Strong consistency [ZGMHW95] that MV re
ects the valid state of

data sourcesin the sameorder cannot be achieved. Furthermore, the MV consistencymay not even converge,

i.e., the �nal state may be invalid too. For example,assumethat there are two updates from the samerelation,

either an insert tuple A followed by a delete A, or a renameB to C and then renameC to D. If we reversetheir

maintenanceorder, we cannot correctly maintain the MV.

Thus it is necessaryto preserve the processingorder of updates from sharedresourcessuch asthe sametuple,

the sameattribute or the samerelation in the examplesabove. For simplicit y, we employ the idea of the same

relation here. We now formally de�ne this as a semantic dep endency (SD).

De�nition 3 Assumetwo updatesw1(DSi ) and w2(DSi ) from data source DSi , then M (w2(DSi )) is semantic

dependent (SD ) on M (w1(DSj )) , denoted by: M (w2(DSi ))
sd � M (w1(DSi )) i� w1(DSi ) is committed before

w2(DSi ).

5.2 Dep endency Prop erties

The two types of dependencies,concurrent dependencyand semantic dependencyshare an important property,

namely, both represent constraints on the maintenanceorder betweenupdates. Hencewe now abstract them as

one common concept.

De�nition 4 For two updatesm1 and m2, we de�ne M (m2) is dependent on M (m1), denoted by M (m2)  

M (m1) if either M (m2) is concurrent dependent on M (m1) by De�nition 2 or M (m2) is semantic dependent

on M (m1) by De�nition 3.

De�nition 5 Given two updates m1 and m2 in the UMQ. If m1 precedes m2 in the Update MessageQueue

(UMQ), then we denote this by \ pos(m1; UM Q) � pos(m2; UM Q)". We de�ne the dependency relationship

between M (m1) and M (m2) to be:

1. indep endent i� there is no dependencybetween M (m1) and M (m2) by De�nition 4.

2. safe dependent i� pos(m1, UMQ) � pos(m2, UMQ) and all dependency orders between M (m1) and

M (m2) by De�nition 4 are M (m2)  M (m1).
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3. unsafe dependent i� pos(m1, UMQ) � pos(m2, UMQ) and there is at least one dependencyM (m1)  

M (m2).

Consider the secondcaseof Example 1. The concurrent dependency is DU cd � D ropSC. However, since

the pos(DU;UM Q) � pos(DropSC; UM Q), this dependency is unsafe by De�nition 5. It is obvious that if

M (m2) is dependent on M (m1), then the maintenanceM (m1) must be processedbefore M (m2). For a semantic

dependency, the required order is obvious as discussedin Section 5.1.2. For a concurrent dependency, as shown

in Section 5.1.1, the write view de�nition operation has to be done �rst to solve the read-write con
ict on view

de�nition. The concurrent schema changeinvalidates the view de�nition, hencerewriting it becomescritical.

Theorem 2 An anomaly III occurs during the maintenance M (w(DSi )) only if there is at least one unsafe

concurrent dependencyM (w(DSi ))
cd

 � M (w(DSj )) .

An anomaly of type I I I implies an unsafe dependency, but not vice versa. The proof is straightforward. If

an anomaly I I I occurs during the maintenance of w(DSi ), by De�nition 1, then there is a DropSC denoted

as w(DSj ) that con
icts with M (w(DSi )). By De�nition 2, there is concurrent dependencyM (w(DSi ))
cd �

M (w(DSj )). SinceM (w(DSi )) is scheduled before M (w(DSj )), this concurrent dependencyis unsafe.

Sincethe two typesof dependenciesboth represent constraints betweenmaintenannceprocesses,we now put

them together in a common structure.

De�nition 6 A DependencyGraph is a directed graph G=(V,E) with the set of nodes V denoting all updates

mi in the UMQ and with the set of directed edgesE denoting the dependenciese(m i ; mj ) between two updates

mi and m j i� a concurrent dependencyor a semantic dependencyexists between M (m i ) and M (m j ).

The complexity of identifying concurrent dependenciesbetween maintenance processesis O(mn), where m

is the number of DropSC and n is the number of updates. The reason is that each concurrent dependency

involves at least one DropSC. In the worst case,one DropSC would have one concurrent dependency to all

other updates. Second,the complexity of building semantic dependenciesbetween updates is O(n), where n

is the number of updates. To achieve this, we can create one bucket for each data sourceand scan the list of

updates once. Thus the time complexity of building a dependencygraph is O(mn) + O(n), i.e., O(mn).

5.3 Cyclic Dep endencies

A set of dependenciesmay comprisea cycle as illustrated by the examplebelow. This is similar to the deadlock

in serializability theory [BHG87]. Given the sourcerelations from Example 1, let us refer to the drop of Review

attribute as SC1. Now assumethe B ookstore tunes the mapping of the XML documents as shown in Figure 5,

which we refer as SC2.
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Figure 5: Concurrent Tuning of XML Mapping

Assumethese schema changesSC1; SC2 have already been committed at their data sources. If we process

SC1 �rst, the view de�nition may be rewritten into Query (3) (Section 2.1.2). However, this new view de�nition

is no longer consistent with the sourcessincethe table Stor e or I tem is no longer available due to SC2. Similarly,

if we processSC2 �rst, the view de�nition may be rewritten into Query (4). Again, the view de�nition is not

valid since the attribute Review is no longer available due to SC1. Hencethe maintenancequery constructed

basedon either of thesetwo view de�nitions would fail. We call such situation a cyclic dependency.

CREA TE VIEW B ookI nf o0 AS
SELECT Stor e; B ook; S:Author ; P r ice; Publisher ; Category; Review
FROM Stor eI tems S; Catal og C
WHERE S:Book = C:T itl e

(4)

By De�nition 2, there are concurrent dependenciesM (SC1) cd � M (SC2) and M (SC2) cd � M (SC1). This

comprisesa cycle. Intuitiv ely, the reasonis that all theseupdates in a \cycle" modify the sourceschema. If the

view manager rewrites the view de�nition basedon a subset of them, the view de�nition is still not consistent

with the underlying sources.To handle such cyclic dependencies,aborting someof the sourceupdates as often

used to resolve the deadlock in traditional databasesis not feasiblesince the sourceupdates have already been

autonomously committed and cannot be aborted. A viable idea is to considerall theseupdatesat the sametime

as we will elaborate later.

5.4 Dyno: Detection and Correction of UnsafeDep endencies

After wedetect an unsafedependencybetweenthe maintenanceprocesses,weneedto reschedulethe maintenance

processesto turn the unsafedependenciesinto safeones(or equivalently speaking,weneedto reorder the updates
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in the UMQ). We achieve this by sorting the dependencygraph constructed during the detection phase.

Theorem 3 Given a �xed number of updates, if the dependencygraph is acyclic, we can obtain a maintenance

order with all dependenciessafe.

Theorem 3 holds sincegiven an acyclic dependencygraph, we can simply apply a topological sort algorithm

[Tar72] to obtain a partial order of nodes. The complexity is O(n + e), wheren is the number of nodes(updates)

and e is the number of edges(dependencies).This way we obtain an order of updates that has all dependencies

in their safedirection.

However, if the dependency graph is cyclic as shown in Section 5.3, the topological sort algorithm cannot

generate a partial order [Tar72]. For this, we �rst identify all cycles in the dependency graph (similar to

identifying strong connected components in [Tar72], with complexity also O(n + e)). Traditional transaction

processing[BHG87] breaks the cycle (or deadlock) by removing one of the nodes in the cycle, in other words,

aborting one of the transactions. However, this strategy is not appropriate here becausethe sourceupdate is

autonomousand hencenot abortable. Instead of removing onenode, we proposeto mergethesenodes(updates)

into a merged one to be processedat a time. The intuition of the merge operation is that since we cannot

processthese updates separately, we instead processthem in one atomic batch. This however requires a new

view adaptation algorithm capable of processingsuch combined batches of updates which we will describe in

Section 6. After removing all cycles in the dependencygraph, we can apply topological sort again to the now

acyclic dependencygraph to obtain a maintenanceorder with all dependenciessafe.

Concurrency Dependency              Semantic Dependency

SC1 SC2DU1
SC1 SC2DU1

Figure 6: Examples of UnsafeDependencyCorrection

Figure 6 depicts this dependencycorrection algorithm for our running example. Assumein the view (1) of

Example 1, three updates occur, namely, one data update DU1 (� I in Example 2) then two schema changes

(SC1 and SC2 in Section 5.3), in that order. Since DU1 and SC2 are from the samesource,there is a seman-

tic dependency between them. Several concurrent dependenciesare unsafe initially , such as DU1 � SC1 and

SC1 � SC2. Figure 6 illustrates the mergestep of thesethree nodesinto one big node to make the dependency

graph acyclic. The �nal schedule is to maintain theseupdates altogether in one batch.

We now intro duce a dynamic maintenance scheduler Dyno utilizing the above basic idea for solving the

anomaly of type I I I. Figure 7 details the Dyno algorithm. Dyno checks the DropSCF lag in line 1 before

the maintenance processing. If there is no new DropSC after the last correction, we can avoid the detection

and correction steps becausethe newly arriving DUs or RenameSCs will not intro duce any additional unsafe
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Figure 7: Dyno: DYNmaic reOrdering Algorithm

dependencies.If a DropSC did occur, Dyno will construct the dependencygraph (line 2) and correct all unsafe

dependencies(line 3) in the UMQ. After that, Dyno starts to maintain the update (line 6). If no anomaly of

type I I I occurs during maintenance, then the head update will be removed and Dyno proceedsto processthe

next update. Recall that the anomaliesI and I I will be solved within one maintenanceprocess.If the anomaly

I I I did occur, Dyno kicks o� the correction algorithms in line 1-3 to reschedule the maintenance order. It is

straightforward to prove that since Dyno provides a maintenance order having all the dependenciessaf e, no

anomaly of type I I I would occur.

Theorem 4 Given a number of updates, � X 1, ..., � X m , the anomaly of type III caused by � X i wil l not occur

under the maintenance order scheduled by Dyno.

6 A Novel VA Algorithm for Pro cessing Complex Up dates

In Section5.4, the correction algorithm generatesa maintenanceorder for a number of updates. However, if there

is any cycle in the dependencygraph, someupdates will be merged. Such combined updates now could contain

both schemaand data updates over di�eren t data sources.To our knowledge,state-of-the-art view maintenance

algorithms [AASY97, SBCL00, LNR02] cannot maintain such mixed updates in onemaintenanceprocess.Below

we intro duce a batch extensionof previous view maintenancealgorithms for processingsuch mergedupdates.
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6.1 Prepro cessing Step of the Source Up dates

After merging cyclic dependent updatesasdescribed in Section5.4, we havea complexupdate containing updates

from multiple sources.We �rst partition theseupdates basedon the data sourceDSi that they originate from.

After that, we further partition the updates from the samedata sourceDSi into two subgroups,namely, the

data updates group de�ned as < DUi > , and the schema changesgroup de�ned as < SCi > . Without loss of

generality, we de�ne such a mergedupdate as: U = f (< SC1 >; < DU1 > ); (< SC2 >; < DU2 > ); :::; (< SCn >

; < DUn > )g, where n is the number of data sources.

For such a mergedupdate, �rst, the schemachangesin < SCi > can sometimesbe combined, e.g., if rename

A to B and then B and C occur in the samedata source, we could simply rename A to C. Second,the data

updates may be inconsistent with their schema due to someschema changesin between. For example, assume

two inserts into the samerelation with a drop attribute in between, the latter tuple will have fewer columns.

Thus our �rst step is to preprocesstheseupdates in U from the samesourceto adjust thesedi�erences and to

enableus to maintain them in one batch.

Unifying Schema Changes: Given a group of schemachanges< SCi > from onedata sourceDSi , we rewrite

< SCi > to an equivalent group. This would optimize the maintenance, becausethose removed SCi need not

be processed.

Table 3 shows all possiblecombinations T( SC1, SC2) betweentwo SCs(SC1; SC2) with SC1 the row entry

and SC2 the column entry . Here R, S, T represent relations, R.a, R.b, R.c represent attributes. If the entry of

the combination in Table 3 is empty, then it meansthat the combination of the two operations has no e�ect on

each other. Hencethe combined result will keepboth of them.

S ! T drop R R:b ! R:c drop R.b

R ! S R ! T drop R - -
R:a ! R:b - - R:a ! R:c drop R.a

Table 3: Combination Rules betweenTwo SCs

Finally we de�ne < SC0
i > as the schema changesset after combining the schema changes in < SCi >

pairwisely using the rules above.

Unifying Data Up dates: We then try to combine the data updates in < DUi > , someof which might be

of di�eren t schemata. To achieve this, we de�ne: < DU0
i > = � attr (R i ) \ attr (R 0

i ) (< DUi > ). That is, we project

on the common attributes of both the original relation R i and the new relation R0
i . These common attributes

are actually the original R i 's attributes minus the dropped ones. The purposeof this projection is to make the
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< DU0
i > schemata consistent with each other while still correct for maintenance. We justify this below.

Lemma 1 All DU0
i must have the sameschemata.

Pro of: We prove this by contradiction. Suppose that one tuple A contains one more attribute than another

tuple B. This extra attribute must be either an added attribute of A or a dropped attribute of B. Note that the

added attribute would only appear in the new state of relation R0
i , while the dropped attribute will only appear

in the old state of relation Ri . Thus such attribute will not appear in attr (R0
i ) \ attr (Ri ).

Example 3 Assumea view V(A,B,C) de�ned as R1(A; B ) 1 R2(A; C). Supposerelation R2(A; C) hasupdates:

+(3,4), add attribute D, +(4,5,6), drop attribute C, and -(5,7). We haveR2(A,C) and R0
2(A,D) and attr (R2) 1

attr (R0
2) = f Ag. We get < DU0

2 > = � A < DU2 > = < +(3) ; +(4) ; � (5) > , which are schemataconsistent.

Now let's examine the new view de�nition V new , a possible rewriting might be V new (A; B ; C) = R1(A; B ) 1

� A;C (� A R0
2(A; D) 1 R3(A; C)) . Since only attribute A of R0

2 is involved in the view de�nition V new , we

con�rm that < DU0
2 > is su�cient for the view maintenance.

Using the processdescribed above, we can convert U into U0 = f (< SC0
1 >; < DU0

1 > ); (< SC0
2 >; < DU0

2 > );

:::; (< SC0
n >; < DU0

n > )g. We characterize the relationship betweenf SC0
i g and f DU0

i g as follows:

� If < SC0
i > contains \Dr op Relation R i " , then < DU0

i > = ; and < SC0
i > = Drop Relation Ri .

� If < SC0
i > contains a \Dr op Attribute" operation, then both < SC0

i > and < DU0
i > might not be empty.

� If < SC0
i > contains no DropSC, < DU0

i > = < DUi > .

In the next section, we will show that we can also safely have < DU0
i > = ; when < SC0

i > contains a \Dr op

Attribute" .

6.2 Incremen tal View Adaptation Step

Now we are ready to incorporate thesemodi�ed updates U0 into the MV. Recall that the view managerprocess

involvestwo stepsto incorporate schema changes,namely, view rewriting (VS) and then view adaptation (VA).

Below we describe how to maintain U0 by thesetwo steps.

1. View Rewriting by View Synchronization: We �rst apply view synchronization (VS) to all < SC0
i > in

U0, i=1..n. Note that we rewrite the view de�nition for each schema change in < SC0
i > by the VS techniques

described in Section 2.1.2. Here we denote the old view de�nition as V = R1 1 R2 1 ::: 1 Rn and the new view

de�nition as V new = Rnew
1 1 Rnew

2 1 ::: 1 Rnew
n .

In particular, we have the following possible rewritings for each relation R i . If the updates contain drop

relation, then by Section 6.1 we know that < SC0
i > has only that drop relation after merging the schema
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changes. Thus the rewriting is just to �nd an alternativ e table for replacement. If the updates contain drop

attributes, alternativ e tables and additional joins may be neededas described in Section 2.1.2. If the updates

do not contain any DropSC, then there might be only name changeson the view de�nition by RenameSC. In

summary, we have each new sourcerelation as:

Rnew
i =

8
>>><

>>>:

� R i R
new
i : D rop� Rel

� R i (R
0
i 1 R1

i 1 R2
i ::: 1 Rm

i ) : D rop� Attr

R0
i : N o � DropSC

The meanings of Rnew
i , R0

i and Ri are described in Table 1. Here we assumea valid view rewriting exists.

Otherwise the MV would becomeinvalid and cannot be maintained. Take the cyclic dependency example in

Section 5.3, the correct view de�nition taking both SC1 and SC2 into consideration should be:

CREA TE VIEW BookInfo AS
SELECT Store, Book, S.Author, Price, Pub-

lisher, Category, Comment as Re-
view

FROM StoreItem S, Catalog C, Com-
ments M

WHERE S.Book = C.Title AND C.Title =
M.Article

(5)

2. Incremen tal View Adaptation: In order to incrementally adapt the view extent, we need to determine

the delta change. Here the old view extent is V = R1 1 R2 1 ::: 1 Rn and the new view extent is V new =

Rnew
1 1 Rnew

2 1 ::: 1 Rnew
n = (R1 + � R1) 1 (R2 + � R2) 1 ::: 1 (Rn + � Rn ). Comparing the old and the new

view extent, the delta changeis:

� V = � R1 1 R2 1 ::: 1 Ri 1 ::: 1 Rn (6)

+ Rnew
1 1 � R2 1 R3 1 :::::: 1 Ri 1 ::: 1 Rn + :::

+ Rnew
1 1 ::: 1 Rnew

i � 1 1 � Ri 1 Ri +1 1 ::: 1 Rn + :::

+ Rnew
1 1 ::: 1 Rnew

i 1 ::: 1 Rnew
n � 1 1 � Rn :

The � Ri is de�ned as

4 Ri =

8
<

:

Q
attr (R i ) (R

1
i ) � Ri : D rop� RelQ

attr (R i ) (R
0
i ./ R1

i ./ � � � ./ Rm
i ) � Ri : D rop� Attr

< DUi > : N o � DropSC

If there is no DropSC, then the delta changesare only the data updates. If there is a \dr op relation" , since

21



only pre-state Ri is interested, we can safely discard < DU0
i > . Moreover, since some of R i data is already

dropped, we instead compute the above set-di�erence by replacing R i with � R i V [NR99]. However, if there is

\dr op attribute" , then < DU0
i > might not be empty. We prove that we can also need not explicitly consider

< DU0
i > since its delta e�ect is implicitly evaluated in � attr (R i ) (R0

i 1 R1
i 1 R2

i ::: 1 Rm
i ). The reasonis simply

because� (attr (R i ) \ attr (R 0
i )) (R0

i ) = � (attr (R i ) \ attr (R 0
i )) Ri + � (attr (R i ) \ attr (R 0

i ) < DU0
i > : Thus whenever there is

DropSC in < SCi > , we can safely discard any < DUi > , which further simpli�es our preprocessingstep in

Section 6.1.

Theorem 5 Assumethe complexupdatesU include � R1, ..., � Rn , which evolveseach table state as: � (R i )
� R i� !

� (R0
i ). The MV state that re
ects each individual table state is maintained from (� (R1); :::; � (Rn )) to (� (R0

1); :::;

� (R0
n )) by our adaptation algorithm.

Pro of: Assume the updates to be maintained in a batch are � R1, � R2, ..., � Rn . Each � Ri includes two

update sets, namely, f DUi g and f SCi g. Correspondingly, the state of the relation (� D (Ri ); � S (Ri )) evolves to

(� D (R0
i ); � S (R0

i )) by f DUi g and f SCi g. The original view schemastate re
ects each of the original table schema

state. More formally, � S (V ) = (� S (R1); :::; � S (Rn )). The original view data state state re
ects each of the

original table data state, formally as � D (V ) = (� D (R1); :::; � D (Rn ))

The unifying step for f SCi g in Section 6.1 is trivial, i.e., the resulting f SC0
i g is equivalent to f SCi g. The

view de�nition V is then rewritten to V new by V
V Si ( f SC 0

i g)
� ! V new , i.e., employ VS algorithm for each SC0

i . Since

� S (Ri )
f SC 0

i g
� ! � S (R0

i ), we have � S (V new ) = (� S (R0
1); :::; � S (R0

n )). In other words, the new view de�nition re
ects

the new schema state of the sources.

Next, we consider the data state of the view. Assumethe rewritten view as V new = Rnew
1 1 Rnew

2 1 ::: 1

Rnew
n . To incrementally maintain the V new from V = R1 1 R2 1 ::: 1 Rn , it is known to compute � Rnew

i as

the set di�erence betweenRnew
i and Ri then apply Equation 6 to correctly compute � V .

We now prove that � D (V new ) = (� D (R0
1); :::; � D (R0

n )).

1) If � Ri doesnot contain DropSC, then � Rnew
i = f DUi g (RenameSC will not changedata.); 2) If R i is

dropped, then � D (R0
i ) = ; . SinceRi is replacedby Rnew

i , the V new no longer re
ects any state of R i ; 3) If some

of the Ri 's attributes are dropped, the Rnew
i is in the form of (R0

i 1 R1
i 1 R2

i ::: 1 Rm
i ) = (Ri + f DUi g) 1 R1

i 1

R2
i ::: 1 Rm

i . In the �rst the third case,the f DUi g are both consideredin � Rnew
i , while the secondcaseis trivial.

Hence� D (V new ) re
ects the new data state of each � D (R0
i ).

Theorem 6 The proposed techniquesachievestrong consistency for MV maintenance.

Pro of: The proof of the overall correctnessis basically a combination of the theoremswehavealready developed.

Westart with the static caseassumingthere aren sourceupdates� U1, ..., � Un . The Dyno technique in Section5

will schedule thesemaintenanceprocessesthat is free of anomaly I I I (Theorem 4). Assumethe resulting order of
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updates for maintenanceis � U0
1, ..., � U0

m . The correctnessof each maintenanceM (� U0
i ) without any anomalies

is guaranteed by Theorem 5, which will generatea number of maintenancequeries. Moreover, even if there are

anomaliesI and I I when processingthesemaintenancequeries,they can be compensatedby Theorem 1. Hence,

M V re
ects the correct states after each M (� U0
i ). Finally, given the semantic dependencyconstraints posed

by Dyno, there is a partial order between � U0
i . Thus the M V achieves strong consistency but not complete

consistencybecausesomeof the intermediate states may be missing due to the mergestep.

Now we consider dynamic case, i.e., new updates occur during the maintenance. If the new updates are

DUs or RenameSCs, then they can be compensatedby Theorem 1. If the new updates are DropSCs, then the

maintenanceis aborted and Dyno reschedulesthe whole processes.We then back to the static case.

7 Exp erimen tal Evaluation

7.1 Exp erimen t Testb ed

We have implemented the above techniquesin our DyDa [CZC+ 01] system,using Java asdevelopment language

and Oracle8i as view servers and data sourceservers. In our experimental setting, there are six sourcesevenly

distributed over three di�eren t source servers with one relation each. Each relation has four attributes and

contains 100, 000 tuples. There is one materialized one-to-onejoin view de�ned upon thesesix sourcerelations

containing all twenty four attributes, residing on a fourth server. All experiments are conductedon four Pentium

II I PCs with 256MB memory each, running Windows NT and Oracle8i.

7.2 Individual Up date Pro cessing

We �rst study the individual update processingof view maintenance. We distinguish between two classes

of updates, i.e., data update and schema change. We further distinguish between RenameSC and DropSC,

becausewe expect that they have signi�can t di�erences in maintenancecosts.

Figure 8 depicts the averageview maintenancecostunder our basicexperimental setting, measuredin seconds

(depicted on the y-axis) for di�eren t types of updates. We �nd that the cost for DU maintenance is the least

while the cost of D ropSC maintenanceis signi�can t. This is becausethe latter invokesboth VS and VA modules.

This observation provides us someintuition that it is more costly to abort and re-processa DropSC.

In the next three experiments, we will study the system performance under various kinds of anomalies

described in Section 2.2.2, all of which are supported in our DyDa system.
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Figure 8: Comparison of Individual Update ProcessingTypes

7.3 Study of Comp ensation for Anomaly I

Note that our DyDa systemextendsthe ordinary view managerfunctionalit y to alsodeal with concurrent schema

changes. We �rst study the overhead that such extended functionalit y may bring to the normal system's data

update processing. We examine our compensation algorithm in Figure 4. Since we employ a DropSCF lag to

indicate any concurrent DropSC, when there areonly data updates,wecan avoid the construction of dependency

graph and correction step. Thus the extra cost to the existing data update maintenancealgorithms is only O(1).

In this experiment, we compareDyDa to SWEEP [AASY97] as the VM algorithm under a number of concurrent

data updatesfrom distributed sourcesto measurethe extra overheadthat the DyDa framework may be imposing.
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Figure 9: SWEEP vs. DyDa on Data Update Processing

Figure 9 depicts the total view maintenancecost measuredin seconds(depicted on the y-axis) under di�eren t

numbers of sourcedata updates (depicted on the x-axis). From the result, we �nd that the extra cost is almost

neglectable(less than 3%) for a number of data updates in our environmental settings. We thus conclude that
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the DyDa systemimposeslittle extra cost on data update processingwhile o�ering addedsupport for concurrent

schema changeprocessing.

7.4 Ab ort Cost of Anomalies I I and I I I

Recall that a maintenancequery may fail due to the existenceof someconcurrent schemachanges,i.e., anomalies

I I and I I I. Once a concurrent DropSC causesthe query failure, the view manager has to abort all previous

maintenance work and redo it again imposing some extra cost on the view maintenance process. While in

comparison, if a concurrent RenameSC occurs, we simply rewrite the query using new namesand try the new

query again without aborting any prior e�ort as described in Figure 4. The extra abort cost of anomaly I I is

thus lessthan that of the anomaly I I I.

In this experiment, we study the cost of all four casesof anomaliesI I and I I I. To observe the exact abort

cost, we employ controlled caseshere, i.e., one data update processingaborted by one schema changeand one

schema changeprocessingcon
icts with another one. Two di�eren t environment settings are compared. First,

we measurethe maintenancecost of all updates by spacing them far enoughso that each sourceupdate occurs

after the completion of the previous view maintenance step. This way they will not interfere with each other,

which can be consideredto be the minimum cost asno concurrencyhandling cost would arise. Second,we allow

the anomaliesto occur by spacingthe updates closeenoughand measurethe cost.
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Figure 10: Abort Cost for Anomaly I I and I I I

Figure 10depicts the total view maintenancecost in terms of seconds(depicted on the y-axis) for the di�eren t

typesof anomaliesI I and I I I. We �nd that the extra cost of aborting M (DropSC) by another DropSC is more

signi�can t than any others. The reason is the complete abort of M (DropSC), which is the most expensive

maintenanceprocessas observed in Section 7.1.

We also �nd that the abort cost of anomaliestype I I is small becausethe lossis just onemaintenancequery.

All other maintenance e�orts completed to that point can be kept since we can simply rewrite the query and
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try again. Finally, sincedata update maintenanceis the least costly process,even if it's completely aborted and

redoneagain, the cost is still insigni�can t.

7.5 Mixed Up date Pro cessing

We now study how DyDa performs in an environment composedof a random mixture of both data updates and

schema changes.

We employ a mixture of updates with three DropSC, three RenameSC and one hundred data updates over

all six sources.We apply a worst casestudy here, i.e., there is no schemachangescould be combined and no data

updates could be discarded as described in Section 6.2.1. If so, the performanceshould be better than we will

�nd here. In this experiment, we vary the time interval betweenthe DropSC, RenameSC and data updates.

Figure 11 depicts the abort cost and the overall maintenance cost (which includes the abort cost) when

only varying the time interval betweenDropSC from 0s to 45s. 0s meansthat all updates 
o od into the view

managerbeforeany maintenancekicks in. From Figure 11, we seethat this casehas the best performance. This

is becausethe system is able to correct all unsafedependenciesat oncefor all updates, thus no anomaliestype

I I I would occur during maintenance processing. When the time interval between DropSC increases,the new

DropSC could break the ongoing maintenance work, hence the cost increases. The cost reaches a high peak

when the new DropSC always occursnear the end of the current M (DropSC), resulting in the maximum abort

cost. After the interval is larger than the maintenance time, there is no con
icts between the DropSC. Hence

the cost signi�can tly decreases.
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Figure 11: Varying Time Interval betweenDropSCs
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Next, we �x the time interval betweenthe DropSC to 10s,but vary the time interval betweendata updates

and RenameSC, respectively. Figure 12 depicts the abort cost and the overall maintenance cost for both

cases.From the �gure, we seethat the system performanceas well as the abort cost remain stable becausethe
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concurrencybetweenDropSC is not a�ected. Although the rate of the other two typesof concurrencymay vary,

it seemsnot to a�ect the system performancemuch as observed in Section 7.3 and 7.4.

8 Related Work

Schema mapping [MBR01, MHH00] speci�es how to map the data from one schema to another to achieve

interoperabilit y of heterogeneousdata sources. A variety of modern applications requires schema mapping as

foundations, such as data integration for heterogeneoussources,XML to relational mapping or semantic Web

[LGMT03 ]. With the popular usage of WWW, the application environment becomesincreasingly complex

and dynamic. The data sourcesmay change their schema, semantics as well as their query capabilities. In

correspondence,the mapping or view de�nition must be maintained to keepconsistent. In EVE [LNR02] system,

the view de�nition evolvesafter the sourceschema changes. In [VMP03] the authors proposeto incrementally

adapts the schema mapping to the new sourceor target schema or constraints.

In a loosely-coupledenvironment, such as the Data Grid [JR03], the data sourcesmay wish to contribute

someof their sourcesbut alsowant to keepautonomoussuch that they may commit update transactions without

any concernof how those changesmay a�ect the mapping or views de�ned upon them [ZGMHW95].

Materialized views, as proven to be a big successin the decision support applications, would continue to

be e�ectiv e in this scenario. Materialized views must be maintained when the sourcechanges,which has been

extensively studied in the past few years[AASY97, SBCL00, ZGMHW95, CGL+ 96, GL95, LMSS95]. However,

most of thesework assumea static schema, which is no longer a valid assumption in the dynamic environment.

While in [AASY97, SBCL00, ZGMHW95], the authors proposed compensation-based solutions to remove the

e�ect of concurrent data updates from query results, these solutions would fail under sourceschema changes.

[ZR02] assumesa �xed synchronization protocol between the view manager and data sourcesto resolve the

concurrency problem. This restricts the autonomy of sourcesin that the sourceshave to wait before applying

any schema change. Our proposedsolution successfullydrops this restricting assumption. [CCR02] employs a

multiv ersion concurrency control algorithm to avoid anomaliesassumingthere are enough system resourcesto

materialize auxiliary data.

9 Conclusions

To our knowledge,our work is the �rst to addressthe view maintenanceanomaly problem under both concurrent

sourcedata updates and schemachangeswithout placing any restrictions on the sources.We �rst identify three

typesof potential maintenanceanomalies. We prove our compensationsolution is able to handle both concurrent

data and rename scheme changes. In the caseof concurrent drop schema changes,we proposeto remove such
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anomaly by re-scheduling the maintenance order and use our new view adaptation algorithm to maintain the

resulting complexupdate. With our proposedapproach, the view manageris ableto handleany typeof anomalies.

The data sourcesin our environment achieve complete autonomy in that they can commit either data updates

or schema changeswithout coordinating with the view manager.

We have implemented our DyDa system. The experimental results show that our new concurrencyhandling

strategy imposesa minimal overhead on normal data update processingwhile still allowing for the extended

functionalit y to maintain the view even under concurrent schema changeprocessing.We also extensively study

the concurrency handling cost for di�eren t type of anomaliesand the overall system performance in a mixed

updates environment.
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