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Abstract

We present incremental view maintenance algorithms for a
data warehouse derived from multiple distributed autonomous
data sources. We begin with a detailed framework for ana-
lyzing view maintenance algorithms for multiple data sources
with concurrent updates. Earlier approaches for view main-
tenance in the presence of concurrent updates typically re-
quire two types of messages: one to compute the view change
due to the initial update and the other to compensate the
view change due to interfering concurrent updates. The al-
gorithms developed in this paper instead perform the com-
pensation locally by using the information that is already
available at the data warehouse. The first algorithm, termed
SWEEP, ensures complete consistency of the view at the
data warehouse in the presence of concurrent updates. Pre-
vious algorithms for incremental view maintenance either
required a quiescent state at the data warehouse or required
an exponential number of messages in terms of the data
sources. In contrast, this algorithm does not require that
the data warehouse be in a quiescent state for incorporat-
ing the new views and also the message complexity is lin-
ear in the number of data sources. The second algorithm,
termed Nested SWEEP, attempts to compute a composite
view change for multiple updates that occur concurrently
while maintaining strong consistency.

1 Introduction

Data warehousing is used for reducing the load of on-line
transactional systems by extracting and storing the data
needed for analytical purposes (e.g., decision support, data
mining). A materialized view of the system is kept at a site
called the data warehouse, and user queries are processed us-
ing this view. The view has to be maintained to reflect the
updates done against the base relations stored at the vari-
ous data sources. The efficient incremental maintenance of
materialized views has become an important research issue
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since the update efficiency of the warehouse view is counter-
balanced by the query overhead at the data sources. Several
approaches have focused on the problems associated with
incremental view maintenance. Such problems include deal-
ing with the anomalies resulting from the order of process-
ing events, the levels of consistency in reflecting the source
states in the view and the current validity of the view.
Previous work [ZGMHW95, HZ9%6a, ZGMW96, HZ96b,
BCP9%, GIM96, QGMW96, GMS93, HGMW*95, GM95,
CGL*96, BLT86, CW91, GL95, QW91, SI84] on this issue
has formed a spectrum of solutions ranging from a fully vir-
tual approach at one end where no data is materialized and
all queries are answered by interrogating the base relations
to a full replication at the other end where the whole data in
the base relations is copied so that the updates can be han-
dled locally at the data warehouse. The two extreme solu-
tions are inefficient in terms of communication in the former
case, and storage in the latter. A more efficient solution is to
materialize the relevant subsets of the data at the base rela-
tions pertaining to the actual view and process user queries
against this local data. The updates done against the base
relations are propagated to the materialized view and the
view is maintained incrementally. However, this approach
may necessitate a solution in which the sources have to be
contacted for additional information to ensure correctness.
Example work includes the ECA algorithm [ZGMHW95] de-
signed for a system with a central database site, the Strobe
algorithms [ZGMW96] handling multiple, distributed sites,
a hybrid system [HZ96a] combining different regions of the
spectrum. Self-maintainable views which lie towards the
fully materialized end of the spectrum [GIJM96, QGMW96),
or full replication [HZ96b] do not require additional query-
ing of the sources. These different approaches come with
varying overheads and costs as discussed later in the paper.
Our algorithms are designed for a system in which there
are multiple distributed autonomous sources and data at a
source may be updated as a result of local update trans-
actions, which are independent with respect to the update
transactions at other sources. Several consistency notions
have been associated with the views at the data warehouse,
viz., complete consistency, strong consistency, weak consis-
tency, and convergence [ZGMHW95, ZGMW96]. We de-
velop two efficient algorithms in this paper. The first al-
gorithm ensures complete consistency (the most stringent
of the requirements) of the view by ordering the updates as
they are delivered at the data warehouse and guarantees that
the state of the view at the data warehouse preserves the
delivery order of updates. Unlike some previous algorithms
for incremental view maintenance, this algorithm does not



require that the data warehouse be quiescent for incorpo-
rating the new view. Also, the complexity of the number of
messages involved in processing an update is linear with re-
spect to the number of individual data sources. The second
algorithm ensures strong consistency and in the worst case
has linear message complexity (message complexity may be
amortized over several updates if they are concurrent).

The rest of the paper is organized as follows. Section 2
presents the data warehouse model. In Sections 3 and 4,
a framework is developed for analyzing and characterizing
view maintenance algorithms and different approaches for
compensating the effects of concurrent updates are described.
The two algorithms SWEEP and Nested SWEEP are pre-
sented in Sections 5 and 6. The paper concludes with a
summary of the results in Section 7.

2 The Data Warehouse Model

We adopt the data warehouse model developed in [ZGMW96,
HZ9a, HZ96b]. In this model, updates occurring at the
data sources are classified into three categories:

1. Single update transactions where each update is exe-
cuted at a single data source.

2. Source local transactions where a sequence of updates
are performed as a single transaction. However, all of
the updates are directed to a single data source.

3. Global transactions where the updates involve multiple
data sources.

For the purpose of this paper, we assume that the updates
being handled at the data warehouse are of types 1 and
2. The approaches described in [ZGMW96] can be used to
extend the algorithms presented in this paper for type 3
updates.

The updates at the data sources can be handled at the
data warehouse in different ways. Depending on how the up-
dates are incorporated into the view at the data warehouse,
different notions of consistency of the view have been iden-
tified in [ZGMW96, HZ96a). These are defined as follows:

o Convergence where the updates are eventually incor-
porated into the materialized view.

e Strong consistency where the order of state transfor-
mations of the view at the data warehouse corresponds
to the order of the state transformations at the data
sources.

¢ Complete consistency where every state of the data
sources is reflected as a distinct state at the data ware-
house, and the ordering constraints among the state
transformations at the data sources are preserved at
the data warehouse.

In this paper, we first describe an algorithm that ensures
complete consistency of the views. Later we relax this re-
quirement to achieve strong consistency. Commercially avail-
able data warehouse products such as Red Brick systems
[RBS96] only ensure convergence.

The architecture of the data warehouse is as shown in
Figure 1 (HGMW195]. The underlying system used for the
data warehouse consists of n sites for data sources and an-
other site for storing and maintaining the materialized view
of the data warehouse. The communication between each
data source and the data warehouse site is assumed to be re-
liable and FIFQ, i.e., messages are not lost and are delivered
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in the order in which they are sent. No assumption is made
about the communication between the different sites main-
taining the data sources. In fact, they may be completely
independent and may not be able to communicate with each
other. The underlying database model for each data source
is assumed to be a relational data model. Each data source
may store any number of base relations, but conceptually we
assume a single base relation R; at data source i. Each data
source is assumed to be completely autonomous in that the
updates on different data source are not related, and there-
fore not synchronized. However, we assume that for a given
data source, updates are executed atomically. As shown in
Figure 1, the updates at each source are monitored. As up-
dates occur, they are transmitted asynchronously from the
source to the data warehouse. All the updates performed
atomically at a data source are sent as a single unit from
the source to the data warehouse [ZGMW96].

We assume that the view function used at the data ware-

house for the materialized view is defined by the SPJ-expression

(selection-projection-join). That is, if {Ry,...,Ri,...,Ra}
are the n base relations at corresponding data sources, the
view denoted V, is as follows:

II oselectCond (R1X... M Rim...
ProjAttr

X R,)

It is possible to model the data warehouse using more
complex view functions such as aggregates, but for simplic-
ity we restrict the model in this paper to SPJ expressions.
The updates to the base relations are assumed to be inserts
and deletes of tuples. Furthermore, a modify is modeled as
a delete followed by ap insert. Although some earlier data
warehouse models assume that the view definition includes
the key attribute of each base relations, no such assumption
is made here. However, it is assumed that the multiplic-
ity of a tuple is maintained in terms of a control field that
maintains the occurrence of each tuple [GMS93]. In partic-
ular, each tuple in the materialized view has a count value
which indicates in how many different ways the same tuple
can be derived from the given view definition and the source
relations.

3 Maintaining Consistency of Incremental View Compu-
tations

The main problem that arises in the context of a data ware-
house is to maintain the materialized view at the data ware-
house in the presence of updates to the data sources. A
simple approach of recomputing the view as a result of each
update is unrealistic. A more appropriate solution would
be to update the data warehouse incrementally in response
to the updates arriving from the data sources. If any two
updates are sufficiently far apart in terms of time such that
the incremental recomputation of the view is not interfered
by these updates, the view maintenance can be carried out
in a straightforward manner. In this case, when an update
AR;, i.e., an update to the base relation R;, is received at
the data warehouse, the incremental changes are computed
by querying the other data sources by sending appropriate
parts of the following query [HJ91, HZ96a, GM95, GHJ96):

H OSelectCond (1 M- WAR; M ... MR,).
ProjAttr

We illustrate the concept of incremental view maintenance
with the following example. Assume two relations R; and
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Figure 1: An Architecture of a Data Warehouse

R; and a view defined as a simple join over the two relations
V = R; M Rz. As a result of an update AR, the new view
should be as follows:

(BRi+AR )M R =R MR+ AR X Ry

Since the data warehouse already has R, ™ Rj, it only needs
to compute a query @1 = AR; ¥ Rz at the data source with
R2 and incorporate the results into the materialized view.
As discussed in the model, the updates are in the form of
inserts and deletes of a tuple. Using the above notation, AR
for an insert will carry a positive sign and hence will have
the effect of adding tuples to the materialized view. Deletes,
on the other hand, will result in AR having a negative sign
and therefore will result in removing the appropriate tuples
from the materialized view. In this way the views can be
maintained incrementally as long as the updates are sepa-
rated far enough for completing the incremental computa-
tion of the view. Unfortunately, such a separation between
updates is not always guaranteed and can not be enforced
due to the autonomous nature of the data sources with re-
spect to the data warehouse. Hence, the data warehouse
problem is to maintain the views incrementally in the pres-
ence of concurrent updates occurring at the data sources.
The ECA [ZGMHW95] and Strobe [ZGMW96] algorithms
are examples of two approaches for addressing this problem.

In the case of ECA, the data warehouse model is re-
stricted in that the number of data sources is limited to
a single data source. However, the data source may store
several base relations. In order to understand the ECA al-
gorithm, let us extend the above example to involve a join
of three relations, R; ™M Rz M Rs. When an update AR,
arrives at the data warehouse it composes the incremental
query @1 = AR, M R; M R3 and sends it to the data source.
While Q; is in transit from the data warehouse to the data
source, further updates, e.g. ARz, may occur at the data
source and may be delivered to the data warehouse. As a
result of the two updates, the view should change to the
following:
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(R1 M Ra NR;)

+
(AR, M R; X R3)

(Ri+AR1) M (R2+AR3) X Ry = +
(R1 ™ AR; X Ry)

+
(AR, X AR; M R3)

The answer to the incremental query @y will include the
effects of AR; and AR; and hence will be A, = (AR, X
R W Rs3) + (AR;y M AR; W R;). We refer to ARy W
AR; M Rj as the error term! in the incremental answer
due to concurrent update AR:. Incorporating A; into the
materialized view will not reflect all the changes that should
have occurred after the two updates, i.e., Ry M ARz X Ra, is
missing. A blind formulation of the incremental query Q; as
R, XM ARz M R3 will result in an incorrect answer since @,
has partially incorporated the effects of update AR;. The
ECA protocol is based on this idea and uses the notion of
“compensation” to formulate a query Q2 to offset the error
term introduced in A;. In particular, Q; in this example
will be formulated as:

(R1 XM ARz W R3) — (AR X AR2 M R3)

It is interesting to note that with the above formulation, it
is easy to identify an optimization for ECA [ZGMHWY5). In
particular, after an initial update ARy, if there is a sequence
of concurrent updates A; Rz, A2 Rz, - - -, AcR2 that occurred
while @, = AR, W Rz W R; was in transit, only one incre-
mental query Q2 formulated for all updates A;R: is needed.
There is no need to send individual incremental queries cor-
responding to each update A.Rz. In ECA the size of query
messages is quadratic in the number of interfering updates.

Instead of generalizing ECA for a distributed data ware-
house model, Zhuge et al. [ZGMW96] proposed a new al-
gorithm called Strobe for maintaining views incrementally

1Hull and Zhou [HZ96a) refer to this as the problem of “missing”
contribution.



in an environment with multiple data sources. In the basic
version of Strobe, the error term due to concurrent updates
is handled by making the following assumptions about the
base relations and the materialized view. The materialized
view in Strobe is assumed to be an SPJ-expression where the
projection list contains the key attributes from each relation.
As a result of this assumption the handling of the error term
is localized at the data warehouse. The concurrent updates
are handled by recognizing the type of updates being a delete
or an insert of a tuple. If the update corresponds to a delete
of a tuple, the update is handled locally by inserting a delete
marker for all ongoing incremental queries as well as in an
accumulated answer list for subsequent incorporation in the
materialized view. On the other hand, if an update is an in-
sert, a query is initiated based on the definition of the view
and evaluated at all of the sources. The error term result-
ing from concurrent inserts may result in duplicates. Strobe
handles this by suppressing all duplicates before merging
the results of the query into the materialized view. This is
always possible since the view definition assumes that the
view always includes key attributes of all base relations.

We illustrate Strobe using the above framework. As be-
fore, the view is defined as a join of three relations R, ™
R2 M R3 and consider the case when both AR; and AR; are
inserts of a tuple. Assume the same scenario in which AR,
overlapped with the computation of @; = AR; X Rz X Rs.
Unlike in ECA, the query @2 does not compensate for off-
setting the error term in the answer of @}, and instead is
formulated as follows: R; M ARy X R3. The answers to the
queries are:

Ay =AR WR: M Ra+ ARy W AR; M Rs

and
Aj=RiIXWAR; XM Ra+ AR; W AR; M R3

This results in the term AR; X AR; M R3 being included
twice in the materialized view. Since the tuples are assumed
to have key attributes from each base relation, by suppress-
ing duplicates this error term can be easily eliminated in
Strobe. The problem with the Strobe algorithm is that the
materialized view cannot be updated until there is quies-
cence in the system, i.e., the algorithm waits until all up-
dates subside and only then the answers resulting from all
updates are merged in the view. Until then the materialized
view trails the updated state of the data sources. In fact,
the materialized view will never get updated if there is no
period of quiescence in the system. Strobe ensures strong
consistency but not complete consistency since it incorpo-
rates the effects of several updates collectively.

Zhuge et al. ZGMW96] propose another algorithm called
C-strobe, to circumvent the necessity of quiescence in the
Strobe algorithm. In C-strobe, each update is handled com-
pletely at the data warehouse before handling subsequent
updates. In this sense, C-strobe provides complete consis-
tency. That is the state of the materialized view reflects
every state transition of the data sources. Basically, in C-
strobe an answer to a given update is evaluated by contact-
ing all the sources. Due to concurrent updates, this answer
may contain errors. Further queries are generated to com-
pensate for this error and further errors may arise due to
concurrent updates during the compensation queries. We
illustrate this problem by using our framework.

Consider a view definition involving multiple relations
and an update AR;. In response, the data warehouse dis-
patches a query Q; = AR; X Rz M Rz X --. to the data
sources corresponding to the base relations Rz, R3,---. If no
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concurrent updates arise then the resulting answer of Q; can
be merged into the materialized view which will reflect the
correct state after AR;. However, if a concurrent update®
AR, occurs during the computation of the answer to Q;
then the answer will have an error term AR; M AR; N
R3 K ---. The data warehouse now has to send a query,
which is AR; M ARz M4 Rz, to Rs,--- to subtract out the
effects of the error term. During this evaluation, if a con-
current update AR3 occurs then we will again get a second
order error term AR; M AR; M AR3 W ---. As a result, a
further compensation query needs to be sent to the remain-
ing base relations. In the above example, we illustrated the
problem of nested compensation by using a single concur-
rent update. If there are at most K concurrent updates that
can arrive between the time a query is sent and its answer is
received, then the authors show that at most K™% queries
need to be sent for a single update [ZGMW96].

Zhuge et al. [ZGMW96] optimize the C-strobe algorithm
by exploiting the unique key attribute in SPJ expression and
by classifying updates into inserts and deletes. When the
initial update is a delete of a tuple it is immediately incor-
porated locally at the data warehouse. This is possible due
to the unique key assumption. On the other hand, if the
initial update is an insert then a query is sent to the data
sources. The effects of all concurrent updates, during the
time the query is being evaluated, need to be offset. For
all concurrent deletes new queries are sent to insert the tu-
ples that may be missing in the initial answer. Concurrent
inserts are handled locally by deleting the corresponding tu-
ples from the initial answer. All subsequent queries initiated
due to concurrent deletes are handled in the same manner.
By grouping queries that are sent to the same base relation,
the complexity of C-strobe can be made (n — 1)! instead of
K™~ However, this is still a very high value, and renders
the algorithm unscalable for a large number of data sources.

4 On-line Error Correction Of Incremental View Compu-
tations

All of the above algorithms, ECA [ZGMHW95], Strobe, and
C-Strobe [ZGMW96], completely evaluate the answer to a
query before doing any compensation. As a consequence,
all updates that are received at the data warehouse between
the time when the query is initiated up to the time it is
fully evaluated are considered concurrent updates. In the
case of ECA with a single data source, these updates are
indeed concurrent updates that interfered with the evalu-
ation of the query. However, in a distributed setting, an
update from a data source will only interfere with a query if
the update occurs between the sending of the query to and
the receiving of the answer from that data source. If, on
the other hand, the update occurs after the query has been
evaluated at that source, then this update does not interfere
with the answer. Hence, the answer should not be compen-
sated for such updates. Strobe and C-strobe assume that
even such updates must be compensated. This, however,
does not result in any inconsistency due to the unique key
assumption. If the unique key assumption is dropped then
compensation for non-interfering updates will result in com-
pensation for an error term that was non-existent resulting
in an inconsistency.

3We assume that an update ARz is concurrent if it is received at
the data warehouse after sending of the query to the data source Ry
and before receiving the answer from R3. If ARy arrives after the
query has been evaluated at Rj, it is deemed not concurrent.



Waiting to do the compensation until the query has been
completely evaluated at all data sources also results in the
loss of the opportunity of subtracting the error term locally
at the data warehouse itself. That is, the compensation has
to be done by sending compensating queries to eliminate the
effects of concurrent updates. In a distributed setting, the
answer to a query cannot be evaluated atomically. As shown
in Figure 2, a query Ry M -+ R;_; M AR; M R;1; X ... M
R, needs to be computed iteratively as follows: first in the
left direction from R; and then proceed rightward from R;.
The left side of the query proceeds iteratively by performing
the computation at R:_:, getting an answer A;_,, followed
by performing the computation at R;_» and so on as shown
in the figure. Similarly for the right direction.

‘While this query is being evaluated updates may occur
at any of these sources, and as a result an error term may
be introduced into the answers from the individual sites.
For example, when the query initiated as a result of AR;
is in progress, an update AR,_; occurs before R;.1 M AR;
is evaluated at R;_,. As a result of the FIFO property of
communication channels, the data warehouse must receive
AR;_; before it receives the answer to the query R,_; ™
AR;. From this the data warehouse can conclude that the
answer includes the error term AR;_; ¢ AR;, which can be
evaluated locally and its effects can be eliminated from the
answer set resulting in the desired answer R;_; M AR;. We
refer to this as an on-line error correction since it eliminates
the effects of concurrent updates as soon as they are detected
at the data warehouse. In contrast, in the Strobe/C-strobe
algorithm, this error accumulates until the entire query is
completely evaluated by querying all data sources. Under
this approach, the local information at the data warehouse is
not sufficient to eliminate this accumulated error and hence
the data sources need to be queried to compensate for this
error.

In the general case, the warehouse may receive a con-
current update AR;, j < ¢, while it is evaluating the in-
cremental query resulting from AR;. As before, when the
answer arrives from the data source R;, it is (R; + AR} M
Rjp1 M .- M R;_; X AR, instead of R; XM Rj;; X -.- M
R;_y ¥ AR;. The error term included in the answer is
AR; M RBjpq M --- W RB;_; B AR;, which can be evaluated
locally at the data warehouse since both components, AR;
and Rj.; ™ --- X Ri_; X AR; are available at the data
warehouse. Note that the latter term is the partially eval-
uated answer from R;,; for the query initiated on account
of AR;. The case of a concurrent update AR;, j > i, is
symmetric.

5 Independent Updates

In this section, we develop an algorithm based on on-line
error correction to update the materialized view at the data
warehouse incrementally for every update. The updates oc-
cwrring at different data sources are totally ordered based
on the order in which the updates are delivered to the data
warehouse. The materialized view, therefore, is updated in
the order of these updates. Thus for an update u, the algo-
rithm ensures that the effects of all the updates that arrived
at the data warehouse before u will be reflected in the ma-
terialized view but none of the effects of the updates that
arrived after x will be included. Hence, the algorithm en-
sures complete consistency. The algorithm presented here is
motivated from the brief description of an incremental view
update approach presented in {HZ96a).
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5.1 The SWEEP algorithm

We begin by describing the update and query server compo-
nent employed at each data source to facilitate incremental
view maintenance at the data warehouse. Figure 3 shows
the code for the update and query server at a data source.
The server essentially provides services to handle updates
occurring at the base relation at the data source and to an-
swer incremental queries initiated by the data warehouse.

As shown in Figure 3, the server module basically con-
sists of two process threads corresponding to the two types
of input events that may occur at the data sources:

1. An update AR at the relation R.
2. A request to compute new incremental view, AV

We assume that the server processes requests sequentially,
i.e.,, a request is completely serviced before servicing the
next request. The server processes the internal event AR
by forwarding the update to the data warehouse. A query
request from the data warehouse is computed by perform-
ing the join of the local base relation R with the partially
computed answer AV included in the query. The result of
the join is then sent back to the data warehouse. Note that
the join at the data source must be synchronized with the
local update transactions occurring at the data source.

Figure 4 depicts the software module that is employed at
the data warehouse for view maintenance. The main func-
tion in this module is ViewChange which is invoked for ev-
ery update (AR, i) received at the data warehouse. As men-
tioned before, ViewChange ensures that the change in view
computed will reflect all the updates at the data sources that
are delivered at the data warehouse up to (AR, +) but none
of the updates that are delivered after it. The view change
computation proceeds as follows. Initially, the change in the
view V, denoted AV, is initialized to AR. Next, the view
computation is carried out by querying data sources to the
left of i one at a time. Then AV is computed incremen-
tally by contacting sources to the right of { one at a time.
The two for loops correspond to this iterative computation
or sweep (the reason for the name SWEEP). In each iter-
ation, AV is expanded by querying data source j and the
answer AV is compensated at the data warehouse for any
errors that arose due to a concurrent update (AR, 7). The
detection of a concurrent update is done by checking if the
UpdateMessageQueue has AR; that arrived before receiv-
ing the answer AV from the data source j. If there are mul-
tiple interfering updates found in the Update MessageQueue
coming from R;, they can be merged into a single AR; at
this point. After querying all data sources except $, the
change in the view AV = By M .-- M AR; M ... R, is
returned.

The data warehouse module employs two processes to
handle view changes. The process, LogUpdates, receives
the updates from various data sources over the communi-
cation channel and appends them to a message queue for
later processing. The other process, ViewUpdate, removes
an update message (AR, 1), from the message queue and in-
vokes the function ViewChange for AR;. The ViewUpdate
process incorporates the change in the view, AV, returned
by the function into the view, V, and proceeds to remove
the next message in the message queue. If there are no
new messages, the process blocks until the queue becomes
non-empty. We assume that the view V is initialized to the
correct value.
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Figure 2: On-line Incremental View Computation

MODULE UpdatefQueryServer;

CONSTANT

Mylndez = s;
PROCESS SendUpdates;
BEGIN

LOOP

RECEIVE AR FROM R;
SEND( AR, MyIndez) TO DataWarehouse;
FOREVER;
END SendUpdates;

PROCESS ProcessQuery;
BEGIN
LOOP
RECEIVE AV FROM DataWarehouse;
AV = ComputeJoin(AV, R);
SEND AV TO DataWarehouse;
FOREVER;
END ProcessQuery;

BEGIN /* Initialization */
Start Process(SendUpdates);
Start Process(ProcessQuery);
END Update&QueryServer.

Figure 3: The Update and Query Server at the Data Source 1

5.2 Example

In this section, we illustrate the details of SWEEP by us-
ing the following examples. Consider a data warehouse
that is defined over three data sources with base relations
R:[A, B], Rz[C, D] and R3{E, F). The notation R[X,Y] sig-
nifies relation R with two attributes X and Y. Let the
materialized view be defined by the following SQL query:

SELECT R,.D, Rs.F WHERE R,.B = R;.C AND
R;.D = R3.E

which is equivalent to the following SPJ expression:

V(Ri, Ro,Rs) = [] (Rl[A, B) °=° my[C, D) °R® R3[E,F]) .

[D,F]

The initial configuration of each relation is as shown in Fig-
ure 5. The initial state of the data warehouse is {(7,8)[2]}
where the integer value in the square brackets represents the
number of ways in which tuple (7, 8) is materialized.

‘We now consider three updates ARz, AR3, and AR, that
occurred at various data sources. Assuming that each up-
date occurred sequentially, i.e., the new view was computed
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before the next update occurred. The resulting state trans-
formation is illustrated in Figure 5. Any algorithm that
ensures complete consistency must reflect all of the above
state transformations even if the updates are concurrent
(but maintain the relative order). We now illustrate this
property of SWEEP by considering the case when the above
three updates occur concurrently. Since AR; is the first to
be delivered at the data warehouse the ViewChange func-
tion is initiated on its behalf and therefore ARz = {+(3,5)}
is removed from the message queue (see process UpdateView
in Figure 4). As a result of the left sweep, AV = {+(3, 5)}
is sent to the data source with relation R;. Before the an-
swer to this query is returned from the data source R;, both
updates AR3 and AR, are delivered to the data warehouse.
Thus, as per the code in Figure 4, the answer from R; which
is {(1,3,5)} must be compensated to eliminate the effects
of the concurrent update AR,. The compensation will be
{-(2,3)} ¥ {(3,5)} which evaluates to be {—(2,3,5)}. The
compensation {—(2,3,5)} that was deleted as a result of
AR, is added to the partial view change making AV to
be {(1,3,5),(2,3,5)}. The partially computed view change
AV is forwarded to the data source with R3 during the



MODULE DataWarehouse;
GLOBAL DATA
V: RELATION; /* Initialized to the correct view */
UpdateMessageQueue: QUEUE initially @;

FUNCTION ViewChange( AR: RELATION; UpdateSource: INTEGER): RELATION

VAR
AV, TempView: RELATION;
j: INTEGER;
BEGIN
AV = AR;

/* Compute the left part of the incremental view resulting from AR */
FOR (j = UpdateSource —1; j 2 1; j ——) DO
TempView = AV;
SEND AV TO Data Source j;
RECEIVE AV FROM Data Source j;
/* Remove the error due to concurrent update if any */
IF 3AR; € UpdateMessageQueue THEN AV = AV — AR; M TempView; ENDIF;
ENDFOR:
/* Compute the right part of the incremental view resulting from AR */
FOR (j = UpdateSource + 1;5 < n;j ++) DO
TempView = AV;
SEND AV TO Data Source j;
RECEIVE AV FROM Data Source j;
/* Remove the error due to concurrent update if any */
fF 3AR; € UpdateMesaageQueue THEN AV = AV — AR; M TempView; ENDIF;
ENDFOR;
RETURN(AV);
END ViewChange;

PROCESS LogUpdates;
BEGIN
LOOP
RECEIVE AR FROM Data Source i;
APPEND (AR,i) TO UpdateMessageQueue;
FOREVER;
END LogUpdates;

PROCESS UpdateV iew;
BEGIN
LOOP
REMOVE (AR, i) FROM UpdateMessageQueue; [/* block if queue empty */
V =V 4 ViewChange(AR, 4)
FOREVER;
END UpdateView;

BEGIN /* Start DataWarehouse Processes */
Start Process(LogUpdates);
Start Process(UpdateView);

END DataWarchouse.

Figure 4: The Incremental View Construction Algorithm

Event Source 1 | Source 32 | Source 3 ‘Warehouse
| Ri{A,B] | Rz[C,D} | Rs|E,F] || V(R1,Ra, Rs)
Initial State
(1,3) (3,7) (5,6)
2.3 (7.8)
(7.8){2]
AR: = +(3, 5) (1v3§ (3v7) (5|6)
(“+" means insert) (2,3) (3,5) (7.8)
(5,6)[2)
(7.8)[2]
ﬁs = _(778) (1,3) (317) (516)
(“—" means delete) (2,3) (3,5)
(5.6)(2]
ARy = _(273) (1v3) (3'7) (5,6)
(3,5)
(5,8)(1]

Figure 5: An example illustrating the effects of updates on the data sources and the materialized view (the value in the square
brackets represents the tuple count)
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right sweep of ViewChange on behalf of AR2. Once again,
when the answer is obtained from Rj it includes the effects
of AR3 and is {(1,3,5,6),(2,3,5,6)}. This result is com-
pensated for the error term {(1,3,5),(2,3,5)} X {—(7,8)}
which is @. After incorporating AV into the materialized
view, we get {(5,6)[2], (7,8)[2]} which is indeed the desired
result as shown in Figure 5.

Assuming that the next update message in the message
quene is AR3, the view change process proceeds as follows.
In the left sweep R is queried and the answer returned is
{—(3,7,8)} whick is a correct answer since AR; is not con-
current with AR3. The left sweep continues and the partial
view change is computed further by querying R, resulting in
the answer {—(1,3,7,8)}, which reflects the effects of AR,
that is indeed concurrent with respect to ARas. As a result
of local compensation which is {—(2,3}} ™ {—(3,7,8)} =
{-(2,3,7,8)}, the deleted tuple is added into AV making
it {-(1,3,7,8),—(2,3,7,8)}. When this view change is in-
corporated into the materialized view we get V = {(5, 6){2]}
which is the desired state of the data warehouse after AR,
and AR3 as shown in Figure 5. It can be easily verified that
after executing ViewChange on behalf of the last update
AR, the final state will indeed be as shown in Figure 5.

5.3 Discussion

‘We conclude this section with a brief analysis of the indepen-
dent update based view maintenance algorithm, SWEEP,
as well as its comparison with other view maintenance al-
gorithms. One of the main properties of SWEEP is that it
ensures complete consistency. Hence, all queries executed at
the data warehouse are guaranteed a consistent view of the
distributed database. Another property of this algorithm
is that in contrast to the earlier approaches for view main-
tenance, the error compensation is completely localized at
the data warehouse. As a consequence, the cost of comput-
ing the view change per update in this algorithm is linear
in the number of messages, i.e., only (n — 1) messages are
needed where n is the number of data sources. This is sig-
nificantly cheaper than C-strobe which supports the same
notion of consistency as SWEEP but has a message com-
plexity of {n — 1)! in the worst case. Although Strobe may
be more efficient since it piggybacks the view change for
multiple updates, it may not terminate if there is no quies-
cence at the data warehouse. In that case, the view at the
data warehouse may trail significantly compared to the state
of the data sources. ECA cannot be compared directly to
SWEEP since the former has been designed for a single data
source and cannot be used with multiple data sources. How-
ever, the size of the compensation queries in ECA increases
quadratically in terms of the number of concurrent updates.
Furthermore, nonpe of these algorithms have been designed
to perform compensation locally. Finally, both Strobe and
C-strobe are very restrictive in that they both assume that
the view function includes the key attributes of every base
relation in the view.

We conclude this section by making several observation
to optimize the performance of the SWEEP algorithm. In
particular, the two for loops, i.e., the left and right sweeps,
in the ViewChange function are independent and therefore
can be executed in parallel. The only requirement will be
that the two partial views obtained after the two sweeps
complete, should be merged, i.e., AV = AVi.y¢ ¥ AVyigns.
Another optimization that is possible in the SWEEP al-
gorithm is to pipeline the view construction for multiple
updates. This will introduce some complexity in the data
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warehouse software module but will result in a rapid instal-
lation of view changes at the data warehouse. To maintain
consistency, the view changes should be incorporated in the
order of the arrival of the updates and a more elaborate
mechanism will be needed to detect concurrent updates.

6 Cumulative Updates

In this section, we extend SWEEP so that the view mainte-
nance for multiple updates can be carried out in a cumula-
tive manner. Since a view change due to multiple updates
is incorporated into the materialized view, the algorithm
no longer ensures complete consistency. However, the algo-
rithm does ensure strong consistency, thus ensuring correct-
ness of user queries at the materialized view.

6.1 The Nested SWEEP Algorithm

The SWEEP algorithm described in the previous section in-
crementally incorporates the effects of each source update
one at a time. Hence, when a set of concurrent updates oc-
cur, they are handled sequentially, incorporating the results
of the new update into the data warehouse before proceeding
to handle the next update. Thus, even though a concurrent
update may have occurred, the algorithm, conservatively,
eliminates the effects of its error term and keeps it in the
update message queue to be handled later. We first note
that such subsequent updates may be able to share com-
ponents of incremental query results of the current update.
This fact can be exploited by piggybacking queries for the
new updates on top of the queries initiated for the current
update. However, queries resulting from a concurrent up-
date cannot simply be tagged on to an existing query since
such a query already incorporates the partial evaluation of
the updates resulting from the current update.

We illustrate this with an example involving base rela-
tions Ry,---Rj, -+, Ri, - Rk, Ra. As in the earlier al-
gorithm, when AR; is received at the data warehouse, a
set of queries are formulated and sent first in the left direc-
tional sweep and then in the right directional sweep. Con-
sider the situation when a concurrent update, AR; (j < 1)
occwrs and is received at the data warehouse before receiv-
ing the answer to its query from R;. In this case, when
the data warehouse does receive the answer from R;, it
first eliminates the error term caused by AR;, resulting in
the partial answer R; M --- M AR,. Once this is eval-
uated, and assuming no more updates, the previous algo-
rithm proceeds past R; to incorporate the effect of AR; on
all relations to the left of R; resulting in the answer set
Ry ™. NRJ'_l NR,' NRj.H K---MAR; andﬁnallyall
the relations to the right of R;, ie., Ai =Ry X---R;_ X
RiMRjy M- - MAR MRy M- M R,.

‘When the data warehouse later decides to incorporate
the effects of AR;, a new sweep of the relations is made
resulting in an answer set which can be expressed as follows:
AJ' =R NW---Rj, NARJ' NRj.H M- RTEY M Ripq M
--» M R, where R} is R; + AR;. We note that both A;
and A; share several terms in common, which are By M -- - M
R;j_1 and R;1y M --- M R,. Furthermore, by the time the
data warehouse is evaluating these terms on behalf of AR;,
it is already aware of the new concurrent update AR; and
has in fact used it to eliminate the error term for relation
R;. This fact can be exploited by dovetailing the remainder
computation for AR; with AR;. However, before this can be
done we must compute the missing view change components
for AR;. To correctly dovetail the evaluation of AR; with



AR;, we must first evaluate the terms where they differ, i.e.,
AR; W Rj1q M ... M R*¥. Once this term is evaluated, the
algorithm can proceed with the original evaluation of AR;,
however, incorporating the effects of both updates AR; as
well as AR; in the queries. Hence, for example, the query
to Rj—1 is Rj—y ™ (ARJ' ba... MR + R; ... M AR;)
which is equivalent to the following:

Rj_1WAR; M ---MR;
+

Rj.1 XMAR; M---WAR;
+

Ri_1 MR M-.-XAR;

In Figure 6, we present the Nested SWEEP algorithm that
recursively incorporates all concurrent updates encountered
during the evaluation of an update. The algorithm recur-
sively evaluates a concurrent update by suspending the cur-
rent evaluation. It recursively incorporates all the missing
terms and then returns to the original query, after modifying
it to reflect all relevant concurrent updates. The algorithm
is similar in structure to the previous algorithm in that it
first sweeps left and then right. On the left sweep of an up-
date AR;:, whenever it encounters a new concurrent update
AR;, the algorithm recursively evaluates the effect of AR;
on all relations from R;j;1 to R;. On the other hand, on the
right directional sweep, when an update ARy (k > i) is en-
countered, the algorithm recursively incorporates the effects
of AR, on all relations R --- R;- - R, before proceeding
to the right of Ry.

The overall structure of the Nested SWEEP algorithm
shown in Figure 6 remains the same as SWEEP. The only
change that occurs is that in the two for loops, when a con-
current update is detected, it is removed from the message
queue, its effects on the AV of the current update is compen-
sated, its missing effects are evaluated by a recursive call to
the ViewChange function, and after that call is completed,
the process to compute the remaining terms on behalf of
the current update continues by incorporating the concur-
rent update. A detailed analysis of this algorithm appears
in [Yur97).

6.2 Discussion

Although Nested SWEEP does not guarantee complete con-
sistency, it ensures that the state transformations occur in
the order of the arrival of the updates. Hence, in that sense
Nested SWEEP guarantees strong consistency of the ma-
terialized view at the data warehouse. The message com-
plexity of Nested SWEEP is bounded in the worst case by
that of SWEEP and hence it is linear. This is because
if there is only one update Nested SWEEP is identical to
SWEEP. However, if there are multiple updates, Nested
SWEEP constructs the view change collectively for all the
updates. Thus the message cost is amortized over these
multiple updates. We have developed an analytical model
to characterize the performance of Nested SWEEP [Yur97).
Unlike Strobe which also performs cumulative view change
for multiple updates, Nested SWEEP does not require ab-
solute quiescence where all updates must cease. It, however,
does require that there not be a sequence of alternating up-
dates which interfere with each other. In such a case, the
algorithm will recursively oscillate between the two source
relations until the alternating sequence of interfering up-
dates from these source relations is broken. If this becomes
a problem, Nested SWEEP can be easily modified to force
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termination. In all other cases the process will eventually
terminate and the view will be updated.

7 Conclusion

In this paper, we developed a framework to analyze, char-
acterize, and classify view maintenance algorithms for data
warehouses. We then use this framework to design two algo-
rithms, called SWEEP and Nested SWEEP, for incremental
view maintenance. SWEEP processes one update at a time
on the warehouse and constructs the changes in the mate-
rialized view for that update. Any interference caused by
concurrent updates during this view construction is offset
by using local information. SWEEP guarantees complete
consistency and has linear message complexity in terms of
the number of data sources for each update. This is signifi-
cantly better than other algorithms that guarantee complete
consistency but have exponential message complexity. Also,
SWEEP does not require quiescence to incorporate the view
changes into the materialized view. Table 1 compares the
properties of SWEEP and Nested SWEEP with respect to
some of the known algorithms for incremental view mainte-
nance.

We then extend SWEEP to design a recursive view main-
tenance algorithm called Nested SWEEP that computes view
changes for multiple updates collectively. Nested SWEEP
guarantees strong consistency and it also has linear message
complexity in terms of the number of data sources involved
in the data warehouse. Although Nested SWEEP does not
require absolute quiescence, it does need a period during
which interfering updates should subside for termination.
However, the algorithm can be easily modified to guarantee
termination by periodically switching to the SWEEP algo-
rithm.
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VAR
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BEGIN
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TempView = AV;

SEND AV TO Data Source j;
RECEIVE AV FROM Data Source j;

/* Recursively compute the missing effects of concurrent updates, if any */

If 3AR; € Update MessageQueue THEN
Remove AR; from UpdateMessageQueue;

AV = AV — AR; M TempView;

AV = AV 4 ViewChange(AR;, j, 5, UpdateSource);

ENDIF;
ENDFOR;

/* Compute the right part of the recursive incremental view resulting from AR */

FOR (j = UpdateSource + 1; j < Right; j ++) DO

TempView = AV}

SEND AV TO Data Source j;
RECEIVE AV FROM Data Source j;

/* Recursively ¢

pute the missing

ffects of

rent updates, if any */

IF 3AR; € UpdateMessageQueue

THEN

Remove AR; from UpdateMessageQueue;

AV = AV — AR; M TempView;

AV = AV + ViewChange(AR;, Left, j, 3);

ENDIF;
ENDFOR;
RETURN(AV);

END ViewChange;
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BEGIN
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FOREVER;
END UpdateView;
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Figure 6: The Recursive Incremental View Construction Algorithm
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