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Abstract

A data warehouse collects and maintains a large amount
of data from multiple distributed and autonomous data
sources. Often the data in it is stored in the form of
materialized views in order to provide fast access to
the integrated data. However, maintaining a certain
level consistency of warehouse data with the source data
is challenging in a distributed multiple source environ-
ment. Transactions containing multiple updates at one
or more sources further complicate the consistency is-
sue.

Following the four level consistency definition of view
in a warehouse, we first present a complete consistency
algorithm for maintaining SPJ-type materialized views
incrementally. Our algorithm speed-ups the view re-

freshment time, provided that some extra moderate space

in the warehouse is available. We then give a variant of
the proposed algorithm by taking the update frequen-
cies of sources into account. We finally discuss the rela-
tionship between a view’s certain level consistency and
its refresh time. It is difficult to propose an incremen-
tal maintenance algorithm such that the view is always
kept at a certain level consistency with the source data
and the view’s refresh time is as fast as possible. We
trade-off these two factors by giving an algorithm with
faster view refresh time, while the view maintained by
the algorithm is strong consistency rather than com-
plete consistency with the source data.

1 Introduction

The problem of materialized view maintenance has re-
ceived increasing attention in the past few years due
to its application to data warehousing. Traditionally,
a view is a derived relation defined in terms of source
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relations. A view is said to be materialized when its
content is stored in a specific database (a data ware-
house), rather than computed whenever required from
the source databases. Data warehouses usually store
materialized views in order to provide fast access to
the data that is integrated from several distributed and
autonomous data sources [11, 21]. The data sources
may be heterogeneous and remote from the warehouse.
A data warehouse can be used as an integrated and
uniform basis for decision support, data mining, data
analysis, and ad-hoc querying across the source data.
In the study of data warehousing, one important issue
is the view maintenance problem which basically is to
keep the contents of the materialized views at a cer-
tain level consistency with the contents of the source
data when any update commits at the sources. Conse-
quently, the problem of maintaining materialized views
in a data warehouse with multiple remote sources is
different from the traditionally centralized view main-
tenance problem.

1.1 Related work

Many incremental maintenance algorithms for views have
been introduced for centralized database systems [2, 3,
5, 9, 10, 7]. There are also a number of researches in-
vestigating similar issues in distributed environments
(6, 11,17, 20, 21, 22]. These previous works have formed
a spectrum of solutions ranging from a fully virtual ap-
proach at one end where no data is materialized and all
user queries are answered by interrogating the source
data [12], to a full replication at the other end where
the whole data in the source data is copied to the ware-
house so that the updates can be handled locally in the
warehouse without consulting the sources (8, 14, 12, 13].
The two extreme solutions are inefficient in terms of
communication and query response time in the former
case, and storage space in the latter. A more efficient
solution would be to materialize some relevant subsets
of source data in the warehouse (usually the query an-
swer), and relevant updates at sources are propagated



to the warehouse. The warehouse then refreshes the
materialized data incrementally against the updates.
However, in a distributed environment, this approach
may necessitate a solution in which the warehouse con-
tacts the sources for additional information to ensure
the update correctness, i.e., keep the data in the ware-
house at a certain level of consistency with the source
data [20, 21, 6, 1, 11]. Since we are dealing with main-
taining a materialized view, then when and how to up-
date the view (i.e., the view refreshment) is a crucial
issue. In most commercial warehousing systems, up-
dates to the source data are usually queued and prop-
agated periodically to the warehouse in a large batch
update transaction called maintenance transactions. In
order to maintain the view data consistent with the
source data, the approach most commonly used in com-
mercial warehousing systems for guaranteeing consis-
tency without blocking is to maintain the warehouse
at night time when the warehouse is not available to
users, while the user query can be processed in the
day time when the maintenance transactions are not
running. Unfortunately there are two major problems
with this method [16]. As corporations become glob-
alized there is no longer any night time common to all
corporate sites during which it is convenient to make
the warehouse unavailable to users. Since the mainte-
nance transaction must be finished by the next morn-
ing, the time available for view maintenance can be a
limiting factor in the number and size of views that
can be materialized at the warehouse. Therefore, the
incremental view maintenance is a more and more ac-
ceptable method for view refreshment. In [12], they
present an analytical model of view fresh time for vir-
tual, fully materialized, and partial materialized views,
and give some preliminary results. However, their ex-
periments are based on a local network, so, the perfor-
mance behavior of their algorithm does not reflect the
real scenario for this problem in a wide area network.
In [16] they also consider improving the view refresh
time using extra space, i.e., each tuple in a view has
two versions, and each update is attached a timestamp.
Recently [15] study the view refresh problem again by
giving an algorithm based on timestamps, but the al-
gorithm essentially proceeds with periodic updates, not
on-line incremental updates which we will consider.

In this paper we study a specific view — SPJ (select-

project-join) type view maintenance and its refresh time.

This is the first time that we show how to speed-up
a view’s refresh time without compromising its consis-
tency with the source data, provided that some extra
moderate warehouse storage space is available. Due to
limited space, all proof details are omitted in this paper.
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1.2 Our contributions

In this paper we first consider the incremental main-
tenance of SPJ-type materialized views by presenting
a complete consistency algorithm for it. The algorithm
speed-ups the view refresh time, provided that some ex-
tra space in the warehouse is available. We then give
a variant of the proposed algorithm, which takes the
sources’ update frequencies into account. As a result,
the proposed algorithm has a better view refresh time
on average, compared to that given by our first algo-
rithm. We also discuss the relationship between a cer-
tain level consistency of a view and its refresh time. It
is usually difficult, in a multiple source environment,
to propose an incremental maintenance algorithm such
that the view is always kept at a certain level consis-
tency ( e.g. complete consistency) and the view refresh
time is as small as possible. Through incorporating the
parallelism, we finally present an algorithm which, in
most cases, provides a better view refresh time than
our first complete consistency algorithm, but the re-
sulting view is only kept in strong consistency, rather
than complete consistency.

1.3 Paper outline

The rest of the paper is organized as follows. Section 2
introduces the level consistency concepts and the data
warehouse model. Section 3 presents the view con-
sistency issue which has arisen in multiple distributed
sources and briefly reproduces two previously known
complete consistency algorithms (21, 1] for our later
use. Section 4 devises a complete consistency algorithm
which is used to improve the refresh time. A variant of
the algorithm, which takes the source update frequency
into account, is also presented in this section. Section
5 shows how to improve the view refresh time further,
by lowering the view certain level consistency with the
source data. A strong consistency algorithm is given for
this purpose.

2 Preliminaries

2.1 The Data Warehouse Model

A data warehouse is a repository of integrated informa-
tion from distributed, autonomous and possibly hetero-
geneous sources. Here we adopt a typical data ware-
house architecture defined in [18]. Figure 1 illustrates
the basic components of a data warehouse. At each
source a monitor/wrapper collects the data of interest
and sends it to the warehouse. The monitor/wrapper
are responsible for identifying changes, and notifying
the warehouse. If a source provides relational-style trig-
gers, the monitor may simply pass on information. On
the other hand, a monitor for a legacy source may need
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Figure 1: Data warehouse architecture

to compute the difference between successive snapshots
of the source data. At the warehouse, the integrator
receives the source data, performs necessary data inte-
gration and translation, adds any extra desired infor-
mation such as the timestamps for historical analysis,
and requests the warehouse to store the data.

The communication between a source and the data
warehouse is assumed to be reliable FIFQ, i.e., messages
are not lost and are delivered in the order in which they
originally are sent. Additionally, there is no any as-
sumption about the communication among the different
sources. In fact, they may be completely independent,
and may not be able to communicate with each other.
Further, each source action, and the resulting message
sent to the warehouse, is considered as one event, and
events are atomic.

It is easy to observe that the design complexity of
consistent warehouse algorithms is closely related to the
scope of transactions at the sources. In this model we
classify the update transactions into the following three
categories: (i) Single update transactions where each
update is executed at a single source. Thus, single up-
date transaction comprises its own transaction only and
is reported to the warehouse separately. (ii) Source local
transactions where a sequence of updates are performed
as a single transaction. Therefore the goal is to reflect
all of these actions atomically at the warehouse. Note
that all of these updates happen in a single source. (iii)
Global transactions where the updates involve multiple
sources. We assume that there is a global serialization
order to the global transactions. The goal here is to
reflect the global transactions atomically at the ware-
house. In this paper we assume that the updates being
handled at the warehouse are of types 1 and 2. The
approach described in [21] can be used to extend the
proposed algorithms for type 3 updates.

Let V' be a SPJ-type view derived from n relations
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R, R,,..., R, at corresponding data sources, defined
as follows.

14

(1)

where X is the set of projection attributes and P is the
selection conditions. The updates to the source data
are assumed to be either inserts or deletes of tuples. A
modify operation will be treated as a delete followed by
an insert. We assume that all views in the warehouse are
based on bag semantics, i.e., the multiplicity of a tuple
in a view is maintained in terms of a control field that
maintains the occurrence of that tuple [10]. We finally
assume that each tuple in the materialized view has
an additional count value which indicates in how many
ways the same tuple can be derived from the source
data by the view definition.

nxop(Ri < Ra ... < Ry)

3 Consistency Concept

Let each warehouse state ws represent the content of the
data warehouse. The warehouse state changes when-
ever one of its views is updated. Let wso,ws1,...,wsy
be a sequence of the warehouse states after a series of
updates. Consider a view V at the warehouse which
has been defined by expression (1). Let V(ws;) be
the content of V' at state ws;. A source state ss; is
a vector that contains n components, where each com-
ponent represents the state of a source at a given time.
The ith component, ss;[i] is the state of source ¢ which
represents the content of source i. We further assume
that source updates are executed in serializable fashion
across sources, and gs, is the final state of the sources.
V(ss;) is the result of computing the view V over the
source state ss;. That is, for each relation R at source
i which contributes to V, V(ss;) is evaluated over R at
the state ss;[i).

In [20], they define the following four-level consis-
tency of a warehouse view with its source data. Assume
that V at the warehouse is initially synchronized with
the source data, i.e., V{(wsp) = V(ss0).

1. Convergence For all finite executions, V(wsy) =
V(ssq) where wsy is the final state of the warehouse.
That is, the view is finally consistent with the source
data after the last update and all activities have been
ceased.

2. Weak consistency Convergence holds and, for
all ws;, there exists a source state ss; such that V(ws;) =
V(ss;). Furthermore, for each source z, there exists a
serial schedule B = T3, 75, ..., T} transactions such that
there is a locally serializable schedule at source x that
achieves that state.

3. Strong consistence Convergence holds and there
exists a serial schedule R and a mapping m from the
warehouse states to the sources states with the follow-
ing properties: (i) Serial schedule R is equivalent to the



actual execution of transactions at the source. (ii) For
all ws;, m(ss;) = ss; for some j and V(ws;) = V(ss;)
(iii) if ws; < wsg, them m(ws;) < m(wsg) where <
is a precedence symbol. That is, each warehouse state
reflects a set of valid source states.

4. Completeness The view in the warehouse is
strong consistent with the source data, and for every
ssj, there exists a ws; such that m(ws;) = ss;. That is,
there is a complete order preserving mapping between
the states of the view and the states of the sources.

As said in [21], complete consistency is a nice prop-
erty since it claims that the view is always consistent
with the source data in every state. However, we be-
lieve that this restriction may be too strong in practice.
In some cases, the convergence may be sufficient even if
there is some invalid intermediate states. In most cases,
the strong consistency which corresponds to the batch
updates is desirable.

3.1 Consistency maintenance in incremental view
computation

It is well understood that updating a view incremen-
tally in response to the source updates is a common
practice. In the centralized data warehouse, the view, as
well the source data, is stored in the same machine, and
each update transaction is carried out atomically. Thus,
the view is always kept completely consistent with the
source data. There are many efficient algorithms for this
purpose [2, 7, 10, 9]. However, in the distributed envi-
ronment, the situation is totally different; the source
update is sent to the warehouse through messages, thus
a communication overhead is involved in each of these
operations. Also, the updates in the sources are nor-
mally independent even there are concurrent updates
among the sources. As a result, the inconsistency oc-
curs quite often. Below is an example adopted from [1]
to illustrate the inconsistency problem.

Assume that a view V is generated by joining two
relations R; and Ry, and R; and Ry are located in
different databases, i.e., V = R; tq R3. Assume that an
insertion update AR; committed in source 1, then the
updated view should be as follows.

(Rl UAR)) < Ry = (Rl o Rz) U (ARl B4 Rz)

Although the data in R; »< R; are already in the data
warehouse, we need to compute AR; o1 Ry in order
to update V. In doing so, the data warehouse issues a
query @1 = AR; < Ry to source 2. Source 2 sends the
answer A; of @J; back to the warehouse after evaluating
@1. Then, the warehouse incorporates A; to the mate-
rialized view V', and V is updated. This approach works
well as long as two consecutive source updates are far
from each other. Otherwise, the problem becomes more
complicated. Now we assume that a concurrent update
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AR, issued and committed at source 2, and source 2
sends the update to the warehouse. Thus, there are
two warehouse states ws; and wsg, corresponding to
the two updates. Assume that AR; is prior to AR,.
If we want V' to be in complete consistency with the
source data, then V(ws;) = (R1 U AR;) > Ry and
V(wsz) = (R UAR;) < (Ry U ARy) after the two
updates. Now let us see what may happen in the dis-
tributed environment. Assume that the update AR, is
committed at source 2 just before @, is committed. In
other words, Rz now becomes RyUAR;y. Then, the eval-
uating result of @; at source 2 becomes A} = AR; <
(Rz U A.Rz) = (ARl ] Rz) U (AR]_ Pd ARz), i.e., after
the evaluation of @1, V(ws1) = A}. Obviously 4] is an
incorrect answer for the update AR;. The error occurs
because AR; < AR; is included, which is called the
contaminated data. In order to remove the effect of the
update AR, to the update AR,, different approaches
to deal with the contaminated data will lead to different
incremental maintenance algorithms.

3.2 Previous complete consistency algorithms

[20, 21} present a nice solution for the contaminated
data problem. In [20] they first mention the problem
by proposing the ECA algorithm (ECA stands for Eager
Compensation Algorithm). However, their algorithm is
only applicable to the case where there is only a single
remote source. [21] extend their work by proposing a
Strobe algorithm for the multiple source case by adding
more constraints on the view and the source relations.
The basic principle behind both ECA and Strobe is an
eager compensation method which is illustrated below.
Following the previous example, assume that there are
two concurrent updates AR; and AR; and AR, is prior
to ARy. Source 2 evaluates Q; as usual. However, AR»
must be received by the warehouse prior to A; {due to
the FIFO assumption at each source), then, the ware-
house sends its second query @} = AR; > AR, to
source 2 for compensation to remove the effect of AR;.
Thus, after the answer A] of Q! returns to the ware-
house and there is no further updates, V is updated
and V = V U (4; — A}) which is exactly V(ws;). Note
that Strobe only ensures strong consistency but not
complete consistency since it incorporates the effects
of several updates collectively. Also, the view can be
updated only at the moment when there is no further
updates from the sources. They call this moment a qui-
escence state. If there is no such quiescence state, the
view V would never be updated. To remove quiescence
requirement and make the algorithm for complete con-
sistency, [21] present a variant of Strobe, C-Strobe
which handles each update completely before handling
subsequent updates, i.e., an answer to a given update
is evaluated by consulting all the sources. Due to con-
current updates, the answer may contain contaminated



data. Further queries are generated to compensate for
correction, and further contamination may arise due to
concurrent updates during the compensation queries.
They show that, if there are at most u concurrent up-
dates that can arrive between the time a query commit-
ted and its answer to be incorporated to the view, at
most u"~2 queries need to be sent for a single update.

[11, 12] consider the incremental maintenance of hy-
brid views by mentioning that the above compensation
can actually be carried out locally without consulting
the sources because the warehouse contains all neces-
sary information. Later (1] apply this idea by present-
ing a linear, complete consistency algorithm SWEEP. In
their method, the warehouse does not send compensa-
tion queries to the sources (e.g. in our previous exam-
ple, instead sending Q1 to source 2, @} will be evaluated
at the warehouse), and the evaluation for the queries
can be done locally. Compared with C-Strobe, SWEEP
is a considerable improvement because it removes some
requirements which are needed in C-Strobe, such as, all
the keys of the relations are stored in V. Most impor-
tant, SWEEP takes O(n) time to respond to each update,
and the number of messages sent to sources is O(n), in
the worst case, is in contrast to the exponential number
of messages needed by C-Strobe in terms of the number
of updates. Here we briefly sketch the SWEEP algorithm
for later use. Assume that the warehouse is evaluat-
ing an incremental query resulting from AR;, it may
receive a concurrent update AR;, j < 1. As previously
discussed, when the query answer arrives from source
R;, it is (Rj U ARj) b Rj+1 b ... b Riq < ARy
instead of R; b R;41 >4... 4 R;_; b4 AR; that we ex-
pected. The contaminated datais AR; >4 Rjy104...
R;_1 < AR;, which can be evaluated at the warehouse
locally since both AR; and Rjyi b4...0<d Riy b AR;
are available at the warehouse. Note that the term
Rjp1 ... 4 Ri1 <4 AR; is the partially evaluated
answer from R;., for the query initiated on account
AR;. The case of a concurrent update AR;, j > 4, is
symmetric. After all sources answered, the final answer
is included to the view. The detail about SWEEP can be
seen from [1].

4 A New Complete Consistency Algorithm

4.1 The view refresh time

Let V' be a materialized view in a warehouse, and for
any two consecutive warehouse states ws; and wsiy1,
assume that ws; is obtained at time ¢y and ws;y; is
obtained at time £;. Then, the refresh time of V from
ws; 1o ws;4yy is ty — tp. During this time interval, V
undergoes a state change from ws; to ws;y1, while the
source states may undergo many source state changes.
If V is complete consistent with the source data, then
by the consistency definition, each warehouse state has
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a corresponding source state. Let ws; be the current
warehouse state corresponding to a source state ssj,
i < j. By our previous discussion, in order to implement
incremental updating V to the state ws;;; due to an
update in some sources, a number of round communica-
tions between the warehouse and the sources is needed.
Assume that the warehouse needs to send N queries
Qi,,Qi,,. .., Qi to the various sources, and to receive
the N answers A4; , A;,,...,4;, from the sources. To
keep V completely consistent with the source data, the
refresh time of V' from ws; to ws;4y is

N
Trefresh = Z(Tto_aource (Qi;) + Tto_houae (Aix ) (2)

I=1
+Th_join (Aiz ) + Ts_join (Qi; ))

where the terms in expression 2 are defined as follows.
Tio_source (@3) is the transmission time to send query
Q;, from the warehouse to source ¢; through the net-
work; Ty nouse(Aj;) is the transmission time from source
i; to the warehouse by returning the query answer;
Th_join(Aj,) is the time for processing the join of 4;
and the concurrent updates received so far, which is
carried out at the warehouse. T join (@) is the time
for processing query @;, at source %;, which is carried
out at source i;.

To simplify our discussion, we assume that the trans-
mission time between the warehouse and the sources is
symmetric and fixed, denoted by {. We also assume that
the query processing time at either the warehouse or the
sources is negligible. We argue that there are at least
three reasons to make this second assumption. Firstly,
the processing time only takes a very small proportion
of the entire refresh time, compare to the transmission
time in a wide area network. Secondly, the process-
ing time varies, depending on the sizes of sources and
the view. Finally, we assume that the amount of incre-
mental maintenance of a materialized data is relatively
small, so the corresponding query processing time is
relatively small too. After the above simplifications,
expression 2 can be rewritten as

Trefreah = 2Nz:

which depends on N - the number of queries sent by
the warehouse.

4.2 The refresh time of previous algorithms

We now analyze the view refresh time of the two pre-
viously known complete consistency algorithms, based
on the above model.

First, let us look at the SWEEP algorithm due to [1].
In order to proceed with the incremental maintenance
to V, the warehouse needs to communicate with all



other sources except the update source to get further in-
formation. The compensation process to remove the ef-
fect of subsequent concurrent source updates to the cur-
rent update is carried out in the warehouse. Thus, by
the SWEEP algorithm, the view refresh time is (2n — 2){,
because the warehouse needs to send N = n — 1 queries
and to receive the answers of the N queries from the
sources, which takes (2n — 2)¢ time in total.

Then, let us analyze the view refresh time of the
C-Strobe algorithm due to [21]. Based on the similar
reasoning as above, the view refresh time of C-Strobe
is max{2u™~?, (2n — 2)¢} where y is the number of
concurrent updates. Clearly C-Strobe requires sending
N = "2t queries to the sources in the worst case.

4.3 A complete consistency algarithm based on equal
partitioning

In this section we present an algorithm which not only
reduces a view refresh time but also maintain the com-
plete consistency of the view, provided that some ex-
tra warehouse space is available. Qur approach can be
described as follows. Let V be a materialized view de-
rived from n relations corresponding to n sources. As-
sume that p is a given integer. We first partition the
n source relations into K = [n/p] disjoint groups, and
each group consists of p relations except the last group
which contains n — p|n/p| relations. We call such a
partition as equal partition. Without loss of generality,
assume that the first p relations form the first group,
the second p relations form the second group, and the
last n — p{n/p] relations form the Kth group.

By the definition of V,V = nxop(Ry < Ra pa ... 14
R,), where X is the projection attribute set, and P
is the selection condition which is the conjunction of
disjunctive clauses. Now, we define an auxiliary view
Vi, for each group k, 1 < k < K, as follows. When & is
in {1,2,...,K — 1}, Vi is defined as

Vi = mx (k)0 Py (Rp(e—1)41 5 Rp(k—1)42 >4 - .. 24 Rpp),

where X (k) is an attribute set in which an attribute
is in either X or P and all these attributes only come
from relations B,(x_1)41 to Rpk, and P(k) is a maximal
subset of clauses of P in which the attributes of each
clause are only from Rp(;_1)41 t0 Rpe. The last group
K, Vi is defined as follows.

Vi = mx(x)0p(k)(Rp(x —1)41 ™ Bp(x—1)42 > ... X Ry,)

Thus, V can be rewritten in semantically equivalent
form, in terms of the auxiliary views defined as above,
V=7Tx0'p(V1 l><1Vg ... ) VK—l DQVK).

Our main idea is based on the following two points.

e view V and auxiliary views V; are materialized for
any k, 1<k <K.
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¢ The warehouse is capable to decide to which auxil-
iary view an update belongs and to which auxiliary
view a query answer (from sources) belongs.

Having the above setting, let us consider the incremen-
tal maintenance of V due to an update AR; in source
i, assuming that R; is in group k. We proceed with the
view maintenance of Vi, using the SWEEP algorithm. As
a result, an updated view Vi = V;, U AV} is obtained.
Having AV, we can proceed the update of V' locally
without consulting the sources. Let V™¢* be the V af-
ter the update, then V™% =V U AV, where

AV =rmxop(Vix Vot oo Vg i AV a1 V).

Thus, AV can be obtained by local evaluation because
each V; is materialized in the warehouse, 1 < j < K
and j # k. Note that, during evaluating Vj, all the
other auxiliary views are locked, in order to keep V in
complete consistency with the source data, otherwise
the data in other auxiliary views that will be used later
for the maintenance of V' may be contaminated. It is
not hard to show that the above proposed algorithm
guarantees the complete consistency.

Theorem 1 There is an algorithm which maintains the
complete consistency of the view in the warehouse and
makes the view’s refresh time shorter, provided that some
additional warehouse storage space is avatlable, which is
used for storing auziliary views.

Now we analyze the view refresh time of the pre-
sented algorithm. It is easy to see that the refresh time
of V is Tyiew updatew = 2(p — 1)1_,L + twy where twy
is the local update time used to update V in the ware-
house by joining AV; and all the other V; with 7 # k,
which is a function of joining [n/p]| auxiliary views.
From Tyicw_update.w, We can see that the choice of the
parameter p is very important. If p is chosen too small,
although in this case the communication time between
the warehouse and the sources can be reduced dramati-
cally, the number of auxiliary views stored in the ware-
house [n/p] will increase, which means more space for
the auxiliary views required. Also, the overhead of up-
dating V in the warehouse tyy will increase because
more joining relations are involved. Otherwise, there
is no any substantial improvement of the view refresh
time despite extra warehouse space spent. Compared
with the SWEEP algorithm, our algorithm reduces the
view refresh time by a factor of 2. The expense for
this improvement is obviously the consumption of extra
warehouse storage space.

4.4 A partitioning algorithm based on the source
update frequencies

‘We now consider how to speed-up view maintenance
with the assumption that not every source has the same



update frequency. Let f; be the update frequency of
source data R;, 1 < i < n. Without loss of general-
ity, we assume f; > fi1, i.e., the frequency sequence
fi:f2,---, fn 1s a descending sequence. Based on the
update frequencies, we partition the n relations dynam-
ically into K groups such that the sum of update fre-
quencies of each group are roughly equal. This is de-
scribed as follows.

Procedure F Parti(n, K);
k :=1; /* The current group. */
i := 0; /* the index of a relation */
Fi =: 0; /* the sum of update frequencies in group k */
Gy :=0; /* the kth group */
test := true; /* a Boolean variable */
while test do
i =1
repeat
i:=1i+1; Gy := Gy U{R;};
Fy:=F + f3;
until (Fx > M) or (i = n);
G, consists of tables indexed from ¢’ + 1 to ¢;
if i <n then
ki=k+1; F:=0; G, :=;
else test:= false;
endif;
endwhile.

For each group & obtained by algorithm F Parti, an
auxiliary view Vi for V is derived and materialized in
the warehouse. We apply the algorithm developed in
the previous section for incremental updating V; if there
is a source update coming from one member in group
k. Using the update result AV, of Vi and the contents
of the other auxiliary views, the update to V is then
carried out in the warehouse.

Assume that there are K groups generated by algo-
rithm F Parti, G1,@G3,...,Gk. Denote by |G|, the
number of relations in G, 1 < k < K. Then,

Lemma 1 Assume that G is generated by F Parti,
then |G| < |Grs1| forany b with 1 <k < K - 2.

Lemma 1 implies that if a source has a higher up-
date frequency, the number of relations in the group
of that source participated is small. By our previous
discussion, we know that the refresh time of a view de-
pends on its auxiliary view refresh time, while the latter
is determined by the number of relations in the group
that forms the auxiliary view. Therefore, the refresh
time of an auxiliary view in a higher update frequency
group is smaller, compared with the refresh time of an
auxiliary view in a lower update frequency group. This
will finally lead to a better refresh time of a view de-
rived from those auxiliary views. We state this by the
following lemma.
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Lemma 2 For any two updates U; and U;, let U; and
U; come from groups k and k', and let t; and t; be the
view refresh times respectively due to these two updates.
Ifk < k' < K, then, t; < tj, which means, an update in
a higher update frequency group will have shorter view
refresh time.

By Lemma 2, we derive that the view refresh time
is various rather than fixed, depending on from which
group the updates come. Therefore, the average view
refresh time T, fresh in terms of n source updates is as
follows.

Trefresh = Z fiti/n (3)

i=1

where 0 < f; < land >0, fi = 1 and ¢; is the view
refresh time to response an update from source 1.

5 A Strong Consistency Algorithm

In this section we discuss the relationship between the
view’s freshness and the view’s comsistency with the
sources. We consider improving the view refresh time
by sacrificing the view’s complete consistency through
several approaches such as: increasing the parallelism,
and adding the key attributes of source relations to the
view and the auxiliary views.

5.1 Speed-up view refresh time through parallelism

Recall that the source relations from which the materi-
alized view V is derived are grouped by some measure,
e.g., based on either the equal partition or based on the
source update frequency partition. Also, a correspond-
ing auxiliary view for each group is materialized in the
warehouse.

We now consider the incremental maintenance of V'
by showing how to improve the refresh time of V with
the expense of lowering its consistency level. We show
that the parallelism can be used to speed-up Vs refresh
time.

The algorithm proceeds in two phases. In the first
phase, each auxiliary view proceeds its incremental main-
tenance independently, using the SWEEP algorithm. In
the second phase, the update to V is carried out in
the data warehouse, based on the update information
supplied by the auxiliary views. We explain why this
approach can improve the refresh time of V further.

Assume that there are r consecutive updates in dif-
ferent sources (corresponding r consecutive source states).
If the r updates come from the relations in the same
group, then there is no any difference from our previ-
ous algorithm, that is, V is always completely consis-
tent with the source data at each warehouse state, the
view is refreshed to the up-to-date state after 2(p— 1)ir



time. Otherwise, the r source updates come from the
relations in r different groups. By the above approach,
in response to these r updates, each auxiliary view pro-
ceeds its update independently. Then, updating V takes
2(p—1)t time only (assuming that each group contains p
relations). Compared with the 2(p—1)Zr time algorithm
in the previous section, this new approach improves the
view refresh time by a factor of between 1 to r.

According to the level consistency definition, the
proposed algorithm does not provide complete consis-
tency, because for some source states (from the source
state of the first source update to the source state of
the (r — 1)-th source update), there do not exist the
corresponding warehouse states. But we can see that
the warehouse state will be consistent with the source
state after the warehouse finished the processing of the
r source updates. Therefore, the proposed algorithm
provides a strong consistency. We have proven this by
the following theorem.

Theorem 2 The proposed algorithm provides a strong
consistency.

5.2 1Improving view refresh time by adding sources’
keys

We briefly outline another possible approach to improve
view refresh time. [19, 4] demonstrate that the incre-
mental maintenance time of a view can be reduced dra-
matically if the key attributes of the source relations
are incorporated into the view definition. Note that the
cost for this benefit is that more space is needed in the
warehouse. Now we make use of this concept for our
case.

Assume that the relations are grouped, based on
their update frequencies. Each group then forms an
auxiliary view, which is used for the incremental main-
tenance of the view locally. We treat those groups with
higher update frequencies as special groups. For those
auxiliary views which correspond to special groups, we
index the tuples and/or incorporating the identifiers
and/or the keys of the tuples of source relations from
which they are derived to the views. Thus, the refresh
times for those auxiliary views will be reduced, and this
will finally lead to the view maintenance time reduction.

In practice, in order to maintain different level con-
sistency and satisfy different refresh time requirements,
we may mix some or all the techniques introduced so
far in the design of efficient algorithms for incremental
view maintenance.

6 Conclusions

In this paper we have considered the view refresh time
and the view consistency issue. We have shown that it is
possible to reduce the view refresh time and maintain

the view completely consistent with the source data,
using additional warehouse space. Also, if consistency
level of a view is allowed to be lowered, then its refresh
time can be further improved. This reflects a trade-off
between the view refresh time and the view consistency.
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