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Abstract

This paper examines query subscription merging in a distributed environment where mul-

ticast channels are used to deliver information. It describes methods for reducing the cost

of delivering information by merging overlapping data in the query answers and by using the

multicast channels e�ectively.

1 Introduction

Ongoing advances in communications, including the proliferation of the Internet and intranets, the
development of mobile and wireless networks, and the impending availability of high bandwidth
links to the home, have fueled the development of a wide range of new information-centered applica-
tions. Many of these new applications involve data dissemination, that is, the delivery of data from
a set of producers to a (typically) larger set of consumers. Examples of dissemination-based appli-
cations include information feeds (e.g., stock and sports tickers of news wires), tra�c information
systems, electronic newsletters, and entertainment delivery [FZ96].

Current subscription services make three simplifying assumptions. First, each query is processed
independently. Second, the answers to each query subscription are transmitted separately. And
third, clients are considered \dumb" processes; this is, the subscription service does not require
any post-processing on the answers sent to them. We believe that these assumptions restrict the
usefulness of query subscription service and increase the cost of processing query subscriptions. For
example, consider the extreme case where n clients issued exactly the same query in their query
subscriptions. A standard subscription service will process and transmit the answers to those
queries n times. This is wasteful and could be avoided by merging all those queries into a single
query and processing and transmitting the answer only once.

The cost of processing a set of queries may be reduced even further if we consider merging not
only identical queries but also queries with answers that contain a large amount of overlapping data.
By merging these queries, the server has to process fewer queries and the amount of information
sent may be reduced. 1 On the negative side, the merged answers may contain some data that is

1As we will see later, in some cases, merging queries might result in an increase of the data sent
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irrelevant for some of the clients. As a result, the clients need to apply an extraction query over
the answer to obtain the answer of their original queries. For example, if we have the queries
q1 : �2�A�40R(A) and q2 : �3�A�41R(A), we can merge them into q3 : �2�A�41R(A). The server
can then process this single query and send the result, ans(q3), to the clients that issued q1 and q2.
Then, the client that issued q1 will need to extract the answer of q1 from ans(q3) by applying the
extraction query q1 : �A�40(q3), and the client that issued q2 will need to use a similar extraction
query to eliminate all elements less than 3. By merging q1 and q2 into q3, we have reduced both
the amount of work done by the server to process the query and the amount of information sent
to the clients; however, this has been at the expense of having to post-process the messages at the
clients.

2 Motivating Example

To motivate our presentation we will use the Battle�eld Awareness and Data Dissemination initia-
tive (BADD). The goal of the BADD initiative is to develop an operational system that delivers
to combat troops an accurate, timely, and consistent picture of the battle�eld and provides access
to key transmission mechanisms and worldwide data repositories. Figure 1 outlines the relevant
components of the BADD initiative.

Database

System
Operation Units

Satellite

Information
Sources

Database

Figure 1: The BADD Scenario

In the BADD scenario a database is updated using information sources. A DBMS receives
queries from operation units via satellite and answers those queries. The operation units are limited
capacity computers that can perform simple operations on the data received.

A common request in the BADD environment is information (troop presence, weather, to-
pography, etc.) about a geographical area. For these request, we will need information sources
that associate to each object a geographical location. For example, if the data source is a re-
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lational database, it can have the schema R(longitude; latitude; otherattributes), where the pair
(longitute; latitude) de�nes the placement of the object and otherattributes is the description of
the object. This database can be visualized as in Figure 2(a). The dots in the �gure represent the
objects that have a given longitude and latitude. As stated before, operational units will query this
database for objects inside a geographical area. For simplicity, we will assume that such area is a
rectangle, de�ned by two coordinates (c1; c2) and (c3; c4). The queries over the database will have
the form: �(c1<=latitude<=c3 )^(c2<=longitude<=c4 )R. In Figure 2(b), we represent this query visually.
Although we will use this simple scenario as our running example, we want to stress that our system
can handle more complicated queries and database schemas.
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Figure 2: A Sample BADD Database

In the BADD environment, queries tend to be cluster in a few geographical areas. Obviously, if
two clients issue identical queries, we want to process and transmit the answer of the queries only
once. Beyond that, if the queries are \similar," but not identical, we can decide to merge them
into a single query. For example, in Figure 3, we have 2 queries q1 and q2; these queries are very
similar and it may be advantageous to merge then in to a single query mrg(fq1; q2g). Note that the
answer to the new query will contain objects that were not in the answer of q1, or in the answer
of q2, or both. The operating units that receive the answer of mrg(fq1; q2g) must be able to derive
from it the answers to q1 and q2. In this paper, we explore the problem of merging similar queries
in a multicast environment. First, in Section...
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Figure 3: Query Merging

3 Problem Speci�cation

Our objective is to reduce the cost of answering a set of query subscriptions made by clients to a
server. We attempt to reduce the cost by �nding a (possibly) di�erent set of queries, with lower
processing and transmission costs, from which the clients can derive the answer to their original
queries. In this section, we discuss our conceptual model in detail.

3.1 Conceptual Model

The conceptual model for a query subscription service is shown in Figure 4. In this model, we
have a set of clients, c1; :::; cn, that require information. The information need of ci is described
by a set of subscriptions. Each subscription consists of a query and its timing requirements (e.g.,
how often it should be run). For simplicity, we assume that all subscriptions have identical timing
requirements. Thus, we can view the subscriptions of client ci simply as a set of queries Qi. We
call Q the set of all queries received by the server.

Clients send their sets of queries to a server. The server periodically processes the queries
against a database, and sends answers to the clients. Before processing queries, the server runs a
merge algorithm that combines \similar" queries. The output of the merge process is a collection
M = fMig where each Mi contains the queries that are merged. The queries in each Mi are
merged into a single query, mrg(Mi). We use ans(q) to represent the answer to query q. Thus, the
server generates ans(mrg(Mi)) for each Mi in M. For completeness, we require that [iQi = [iMi.
Similarly, we require that ans(q) � ans(mrg(Mi)) for every q 2Mi. We call the di�erence between
the answer to the merged query sent to a client, ans(mrg(Mi)), and the original query, ans(q), the
irrelevant information for q sent to the client.
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Figure 4: Subscription Service Conceptual Model

To illustrate these concepts, say client c1 submits queries Q1 = fx; yg, and c2 submits Q2 = fzg.
The server may merge them into M1 = fx; zg and M2 = fyg. Then the server runs mrg(M1) and
mrg(M2) against the database and generates A1 = ans(mrg(M1)) and A2 = ans(mrg(M2)). Note
that A1 needs to be sent to both c1 and c2 and that each must apply an extractor to obtain the
desired answer. For example, the extractor, e, that c1 applies to A1 should yield e(A1) = ans(x).
Thus, when the server sends A1 out, it must include a header containing the following information:

� A list of clients that should receive A1.

� For each such client c, one or more pairs, (e; q), where e is an extractor and q is a query
identi�er. The extractor e is what client c needs to apply to obtain the answer to its original
query q.

Note that more than one (e; q) pair is needed if multiple c queries are involved in A1. If clients
do not need to know what queries generated answers, then the query identi�ers are not required.
In our example, the information sent with A1 would be c1 : (ex; x) and c2 : (ez ; z). Client c1 then
applies ex(A1) to obtain its answer to query x while c2 applies ez(A1) to obtain its answer.

There are many options for implementing extractors. For example, the server could tag each
individual answer object with the identi�er of the query that generates the object, or with the
identi�er of the client that should receive the object. Then each extractor only needs to look for
the appropriate tags. In some cases, the extractor for a query is the query itself. In particular, this
happens when queries only have selections and projections. A related issue is which component
generates an extractor. Above we assumed that extractors were generated by the server and sent
with answers. However, if the client can deduce its extractors (e.g., if the extractor is the original
query itself), then the server needs not send them.

Note that our basic model does not specify what kind of network is used to send queries to the
server and answers to the clients. In the next section, when we discuss cost, we will introduce a
simple broadcast model. This model is then extended in Section 7.
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3.2 Geographic Queries

To illustrate our conceptual model, we will formalize the geographic query example presented in
Section 2. For simplicity, we consider the database to be a single relation R, that has position
attributes (e.g., \latitude" and \longitude"), as well as other attributes describing that position.

A geographic query has the form �(c1<=latitude<=c3 )^(c2<=longitude<=c4 )R. The database server
receives a set Q of geographic queries and produces a set M of merged geographic queries. An
example of a merge procedure for our geographical scenario was presented in Section 2. Let us
now expand on this and other merge procedures. In Figure 5, we illustrate three di�erent merge
functions that can be used in the geographic query scenario. In the �gure, the solid lines represent
the queries, and the dotted line represents the result of the merge procedure. Figure 5(a) shows
the bounding rectangle merging procedure, the merging procedure introduced in Section 2. This
procedure merges a set of 2-dimensional selection queries into a single 2-dimensional selection
query. The merging is done by �nding the most restrictive geographic query that includes the
original queries. We can visualize this merged query as the smallest rectangle that bounds the
original queries. The bounding rectangle merge procedure is very simple (and therefore fast to
execute). Additionally, it is easy to extract the answers to the original queries from the answers
to the merged query, as we just need to re-apply the original geographical query on the received
answers. However, a disadvantage is that the answer includes objects that will be irrelevant to
some or all of the input queries.

There are other possible merge functions for the geographic query scenario. Figure 5(b) shows
the bounding polygon merging procedure. This procedure also generates a single merged query, but,
the query may have disjunctions. Although, the merge query contains less irrelevant information
than the bounding rectangle merge procedure, irrelevant information is still present (the area of
the polygon outside each query is irrelevant to the query). We can again use the original query
as the extraction function for this merging procedure. Figure 5(c) shows a merge procedure that
completely eliminates irrelevant information. However, �ve \merged" queries are generated. A
client implementing the extraction function for this merging procedure needs to combine the answers
to the �ve merged queries in order to �nd the answer to the original query.

In summary, there are many choices for merge functions that trades o� complexity of query,
complexity of the extractor and amount of irrelevant information added.

In this paper, we have assumed that jmrg(M)j= 1. However, our model can be easily extended
to the case when jmrg(M)j > 1 by taking the union of the answers in mrg(M) and creating a
single answer.

4 The Cost Model

As described in Section 3.1, the server receives a set of queries Q and outputs a set M where each
of its elements is a set of queries to be merged. The query merging problem is to �nd the set M
with the minimum cost. The input for the query merging problem is a cost function cost(), a merge
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Figure 5: Three di�erent merge procedures

procedure mrg(), and a set of queries Q. The output is a collection M such that the total cost,
cost(M), is minimized.

The cost of processing the queries and sending the answers back is represented by the total
resources consumed. The total resources consumed are the sum of all the resources used by the
server, the network, and the clients. The costs involved in our model can be summarized as follows:

� Server cost to run the merging algorithm.

� Server cost to process the merged queries.

� Cost of transmitting the answer of the merged query.

� Client cost of applying the extraction procedure.

In order to compute the amount of resources used, we need to estimate the size of query
answers. Such estimate can be obtained using well-known database system techniques [MCS88].
We use size(q) to denote the estimated size of q's answer. The total size of all the answers (equal
to size(mrg(M1)) + size(mrg(M2)) + ::: + size(mrg(Mm))) will be denoted as size(M). This is
the total amount of data that the server needs to transmit to the clients.

As stated before, clients need to apply an extraction query to each message they receive. We
will denote the size of the irrelevant information for query qi by ui = size(mrg(Mj)) � size(qi),
provided qi 2Mj . We will call U(Q;M) the sum of all ui (U(Q;M) =

P
qi2Q

(ui)). We assume that
the cost of applying the extraction query is proportional to the size of the irrelevant information
contained in the message.

The amount of resources used by each component of the system can be computed as follows:
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� Server cost: In a subscription service, the cost of the merging algorithm itself is insigni�cant
when compared to the cost of running the queries many times. Therefore we will ignore the
cost of executing the merging algorithm.

The other component of the server cost is the time for retrieving the answers from the
database. The data retrieval time depends on the number of queries in the collection M,
and on the size of the answers of the queries mrg(M1), mrg(M2), ..., mrg(Mm). Here we
assume that the cost of processing the queries is a weighted sum of the number of queries and
the query sizes, where k1 and k2 are the proportionality constants.

Costserver = k1 � jMj+ k2 � size(M)

� Network cost:

Our network model is initially based on a broadcast medium; namely, one where all messages
are sent to all clients. In a later section, we will modify our model to allow other kinds of
networks. The network cost will be proportional to two factors. First, the network resources
consumed are proportional (by factor k3) to size of the data being transmitted (size(M)).
Since we expect the size of the header to be very small compared to the size of the data, we
will ignore the size of the header when computing the size of an answer message. Second,
in some cases we may need to establish network connections or \logical channels" for each
Mi set. Messages then just include a logical channel id, and clients can subscribe to one
or more channels. The cost of maintaining logical channels (e.g. table space in the routers,
or operating system connection overhead) is proportional (by a factor k4) to the number of
messages transmitted.

Costnetwork = k3 � size(M) + k4 � jMj
� Clients' cost:

The Clients' cost has two components. First, the cost of all clients having to apply the
extraction function to the information received is proportional (by k5) to the amount of
irrelevant information received by the client. Second, as messages are broadcast, clients need
to spend resources in checking if a message is directed to them; the cost of these resources is
proportional (by factor k6) to the number of merged queries and the number of clients.

Costclients = k5 � U(Q;M) + k6 � num(Clients) � jMj

Using the three cost components, we can compute the total cost as:

Costtotal = Costserver + Costnetwork + Costclients

Costtotal = k1�jMj+k2�size(M)+k3�size(M)+k4�jMj+k5�U(Q;M)+k6�num(Clients)�jMj
Costtotal = (k1 + k6 � num(Clients) + k4) � jMj+ (k2 + k3) � size(M) + k5 � U(Q;M)

If we assume that the number of clients is constant, we can introduce new constants KM , KT

and KU with the properties KM = (k1 + k6 � num(Clients) + k4), KT = k2 + k3 and KU = k5, so
that

Costtotal = KM � jMj+KT � size(M) +KU �U(Q;M).
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Here we are presenting a general cost model. In particular scenarios, some of these constants
may be zero. In some cases particular constants or costs can be ignored.

5 The Query Merging Problem

In this section, we study the complexity of the query merging problem. First, we study the 2-Query
Merging Problem, which is the special case of the query merging problem when jQj = 2. We are
considering the 2-Query Merging Problems because there are polynomial algorithms that can solve
it. Then, we will consider the n-Query Merging Problem which, as we will see at the end of the
section, is NP-Complete.

5.1 The 2-Query Merging Problem

We de�ne the 2-Query Merging Problem as the query merging problem with jQj = 2. In other
words, using our cost model, we want to decide if it is worthwhile to merge two queries q1 and q2
into a merged query q3.

For compactness, in the following discussion, let us denote size(qi) as Si. Therefore, the cost of
processing and transmitting queries q1 and q2 separately will be KM +KT �S1 and KM +KT �S2
respectively, for a total cost of 2KM + KT (S1 + S2). If we merge the queries into a single query
q3, the total cost will be KM +KT � S3 +KU � U(Q;M), where U(Q;M) = 2 � S3 � S1 � S2. We
derive the U(Q;M) term in the following way: if we send a message with only ans(q1), the client
receives an answer with size S1. If we send a message with ans(q3) instead, the client will receive an
answer of size S3. The di�erence (S3�S1) is the size of the irrelevant results received by the client.
We can use a similar derivation for the other client and conclude that the size of the irrelevant
information for the other client is (S3 � S2). Therefore the total size of irrelevant information is
U(Q;M) = 2 � S3 � S1 � S2.

From these expressions, it is easy to derive a decision rule that tells us exactly when it is
bene�cial to merge two queries (this is, if the second cost we computed is less than the �rst cost).
Therefore, it is bene�cial to merge q1 and q2 if KM+KT � [S1+S2�S3]+KU � [S1+S2�2�S3] > 0.

Unfortunately, the general problem (jQj > 2) is signi�cantly harder, since there are many ways
to combine a set of queries into merged queries. For example, if we have three queries as input, it
could be the case that it is not worthwhile merging any pair of them, but it is worthwhile merging
the three queries into a single query. On the other hand, it could be the case that it is worthwhile
merging one speci�c pair, but not the other pair and not the three queries. In conclusion, we would
have to consider all possible ways to partition the input queries into subsets. For each possible
partition we compute a cost, and then we pick the partition with minimum cost. This approach
leads to an exponential algorithm. In fact, we will show, in the next section, that the query merging
problem is NP-complete.

Let us use our geographical database scenario to show a case when merging three queries is
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optimal, although merging any pair is not. In Figure 6, we show three queries over our geographical
database.
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Figure 6: 3-query Merging Example.

In the following discussion, we will assume that the answer of a query over each square unit in
the diagram has size S and that we are using the bounding rectangle merge procedure. There-
fore, size(q1) = size(q2) = 2S, size(q3) = S, and size(mrg(q1; q3)) = size(mrg(q2; q3)) =
size(mrg(q1; q2)) = size(mrg(q1; q2; q3)) = 4S. Since there are three queries, there are �ve ways to
merge then: we can merge 2 of them (3 combinations), we can merge all of them, or we can keep
them separately. The costs of each of the �ve merging cases are summarized below:

In the Appendix 1, we derive the costs of all the �ve possible ways of merging the queries.
Merging all of the queries is advantageous, although merging any pair is not, when all of the
following equations are satis�ed:

S >
KM

4KU

and S >
KM

5KU �KT

and S <
2KM

7KU �KT

(1)

These equations are satis�able; for instance, if we pick S = 1, KM = 10, KT = 9, and KU = 4
all the equations will be true.

5.2 Complexity of the Query Merging Problem

In this section we will prove that the Query Merging Problem is NP-complete. We will prove it by
showing that an algorithm that solves the Query Merging Problem can also solve the Set Covering
Problem, a well known NP-complete problem.

De�nition of the Minimum Set Covering Problem (MSCP): Given a collection L of subsets of
a �nite set C, a set cover is a subcollection L0 � L such that the union of all subsets in L0 is equal
to C and L0 has minimum size.
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Example of MSCP:Given, L = ff1; 2g; f2; 3g; f1gg and C = f1; 2; 3g, the solutions of the MSCP
are L0 = ff1g; f2; 3gg and L0 = ff1; 2g; f2; 3gg.

In order to solve an instance of the MSCP using the Query Merging Problem, we need to map
the input of the MSCP into the Query Merging Problem as follows:

� The set of queries Q will be equal to C

� The constants in the cost function, Costtotal = KM � jMj+ KT � size(M) + KU � U(Q;M),
will be KM = 0, KU = 0, and KT = 1.

� We de�ne symbols �0; :::�n�1 representing each element of L, and the symbol �n representing
any set not in L. We de�ne the merge function as:

mrg(S) =

(
�i if S is the ith element of L
�n otherwise

Additionally, we will assume that the database manager will be able to process only the symbols
�0; :::�n�1. The function size(q) will be de�ned as 1 if the queries can be processed (q = �0; :::�n�1)
or 1 (q = �n) if not.

Under this assumption is easy to see that cost(M) is transformed into:

cost(M) =

(
1 if 9M 2M such that M 62 L
jMj otherwise

With this input, an algorithm that solves the query merging problem, will �nd a collection
M = fMig such that the union of all Mis is C and cost(M) is minimized. Therefore, M is a
solution of the MSCP as minimizing cost(M) means that the size ofM is minimum and all Mi 2 L.

This proves that the query merging algorithm is NP-Complete with an arbitrary assignment of
the KM , KT and KU proportionality constants, as well as an arbitrary size() function. However,
there be might be values of the proportionality constants for which the problem is polynomial.
Speci�cally, if KT = KU = 0, then the problem has a trivial solution: merge all queries into a
single one.

6 Algorithms for the Query Merging Problem

In this section we introduce exhaustive and heuristic algorithms for the query merging problem.
We will compare the performance of these algorithms in Section 9.2.
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6.1 Exhaustive Algorithm

An exhaustive approach for solving the query merging problem is presented in Figure 7.

First, we form the superset of Q, S(Q), which contains all possible sets formed by combining
elements of Q. Note that S(Q) contains all potential merges of the queries in Q. Then, we generate
the superset of S(Q), S(S(Q)). The set S(S(Q)) is a superset of all the possible solutions to the
query merging problem. An element of S(S(Q)) is a solution only if it provides a total cover of
Q. That is, the element includes all the queries in Q. After eliminating all the elements that are
not solutions, the �nal step of the algorithm is to use the cost model to evaluate the remaining
elements of S(S(Q)). The solution with the lowest cost is the optimal solution. This algorithm is
outlined in Figure 7.

1: Generate S(Q), the superset of the set Q.

2: Generate S(S(Q)), the superset of S(Q).

3: Create the set of solutions, A, with the elements of
S(S(Q)) that form a total cover of Q.

4: Evaluate the cost of each element of A using the cost
model and select the element with the minimum cost.

5: The element with the minimum cost is the optimal solu-
tion.

Figure 7: The Exhaustive Algorithm

The exhaustive algorithm solves the problem, but it has a doubly exponential complexity on
the number of queries. Step 1 generates a set S(Q) with 2jQj elements. Then, step 2 generates a

total of 22
jQj

elements. Therefore the algorithm will have a cost of O(22
jQj
) which is impractical for

all but the smallest Q.

6.1.1 More E�cient Exhaustive Algorithms: The Partition Algorithm

The exhaustive algorithm presented in the previous sections is doubly exponential. However, there
exists a better algorithm for exhaustively solving the query merging problem when the cost model
ensures the single-allocation property: each qi in the solution is in one and only one element of M.
The single-allocation property means that if we want to process a set of queries fq1; q2; q3; q4g, we
do not need to consider merged queries such as M = ffq1; q2; q3g; fq1; q4gg where a qi (in this case
q1) is in more than one element of M.
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The cost model presented in Section 4 ensures the single-allocation property. We will show this
by arguing that given a candidate solution M that does not have the single-allocation property,
we can always build a new set M0 that follows the single-allocation property and has the same or
lower cost. The candidate solution M0 is simply formed by eliminating all but one of the duplicate
queries in M. Obviously, the new candidate solution, is a valid solution of the problem (if the
original solution was also a valid solution); and, it has the same or lower cost because eliminating
a duplicate qi, reduces or maintain the values of all the factors in our cost model. Speci�cally, jM0j
can not increased as we are not adding new members to M; size(M0) is the same or lower as there
is less data to transmit, and U(Q;M) is also same or lower as each set potentially has less useless
data.

We called the exhaustive algorithm that exploits the single-allocation property, the partition
algorithm. Intuitively, the Partition Algorithm generates each possible candidate solution. The
algorithm uses a search tree as an auxiliary data structure to ensure that each candidate solution
is generated only once. In Figure 8, we present an example of the Partition Algorithm with input
Q = fq1; q2; q3g. We build the tree by considering one query at a time. At the end of each iteration,
the leaves of the tree will contain all possible partitions of the queries considered up to that point.
In the �gure, in Step 0, the tree only has a single node with an empty list. In Step 1, we consider all
partitions that can be created with q1. In this case, the only possible partitions is fq1g. In Step 2,
we consider adding q2 to the current partition. There are only two partitions, one that has q1 and
q2 as separate queries and another, that merges them together. Similarly, in Step 3, we generate
the partitions that include q3. After all partitions are generated, in Step 4, we compute the cost of
each one, and select the partition with the minimum cost (which is the optimal solution).

Step 0 Step 2Step 1 Step 3

[{q1}]

[{q1,q2}]
[{q1,q2},{q3}]

[{q1.q2,q3}]

[{q1},{q2},{q3}]

[{q1},{q2,q3}]

[{q1,q3},{q2}]

[{q1},{q2}]

Step 4

[ ]

Cost = 20

Cost = 30

Cost = 60

Cost = 10

Cost = 40

Optimal partition

Figure 8: An Example of the Partition Algorithm

Formally, the algorithm associates to each node N of the search tree a list of partition of the
queries N:L = [M1;M2; :::;Mm]. The lists of partitions associated to the nodes at level h contain
all possible partitions for the queries q1, q2, ..., qh. At each step of the algorithm, for each node,
we create as many children as elements are in the list of partitions plus one. Each of the children
has the parent partition, but with the new element considered in that step, added to one of its
partitions. The additional child, adds the new element as a separate partition. The algorithm is
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presented in Figure 9.

Input : Q = fq1; q2; :::; qmg.
Output : Optimal solution for the query merging problem.

Create root node N with N:L = []. h := 1.

For h = 1 to jQj
For each node N at level h � 1 with N:L = [M1;M2; :::;MjN:Lj]

Create children N0, N1, ..., NjN:Lj with Ni:L = N:L

Append fqhg to N0:L

For each child Ni, i � 1 add qh to the ith element of Ni:L

For each leaf node N evaluate the costs of N:L

The leaf with the minimum cost is the optimal solution.

Figure 9: Partition Algorithm

The number of cases that the partition algorithm needs to consider is equivalent to the number
of ways in which n labeled balls can be put in n indistinguishable boxes. This number is known
as the Bell Number which for large values of n is O(nn) [??]. Although this may seem as a small
improvement over the exhaustive algorithm of the previous section; it signi�cantly extends the
values of n for which we can use an exhaustive algorithm. For example, if the partition algorithm
takes 1 millisecond to �nd the optimal solution for n = 6, the exhaustive algorithm would take 30
centuries.

6.2 Heuristic Algorithms

6.2.1 Pair Merging Algorithm

The Pair Merging Algorithm takes a greedy approach to solve the query merging problem. The
foundation of this algorithm are two simplifying assumptions. First, we assume that the cost model
has the single-allocation property. Second, and more important, we assume that local decisions
(i.e. deciding which pairs of queries to merge) will lead to the correct global solution. Note that
the second assumption is, in general, incorrect (we showed in Section 5.1 that it does not hold).
However, the assumption allows us to e�ciently obtain solutions that, in practice, are very close to
the real \optimal" solution (we will present performance results in Section 9.2). The complexity of
the Pair Merging Algorithm is O(jQj2).

The Pair Merging Algorithm maintains a set of sets of queries. Initially, each set contains each
single query. Then for all pairs of sets the algorithm computes the change in the total cost when
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merging the two sets. The pair that produces the largest decrease in cost is chosen and the sets are
replaced by their union. The algorithm continues picking and merging sets until no merging of any
pair decreases the total cost. The decrease in total cost after merging sets can be by computed as
using a generalization of the formula given in Section 5.1 for solving the 2-query merging problem.

Speci�cally, let us de�ne Ma and Mb as the sets containing the queries fqa1 ; qa2 ; :::; qapg and
fqb1 ; qb2 ; :::; qbrg respectively; and Mm as the set formed by the union of these two sets (Mm =
fqa1 ; qa2 ; :::; qap; qb1 ; qb2 ; :::; qbrg).

The size of the answer of query qi is given by Si = size(qi). Sa and Sb are the total sizes of
all the answers to the queries in sets Ma, Mb respectively. Ra, Rb and Rm are the total sizes of
the answers of the queries which are obtained by merging all the queries in sets Ma, Mb and Mm

respectively.

Sa = Sa1 + Sa2 + :::+ Sap

Sb = Sb1 + Sb2 + :::+ Sbr

Ra = size(mrg(fqa1; qa2 ; :::; qapg))
Rb = size(mrg(fqb1; qb2 ; :::; qbrg))
Rm = size(mrg(fqa1; qa2; :::; qap; qb1 ; qb2 ; :::; qbrg))
Costold is the total cost of processing the sets without merging them and Costnew is the total

cost if we merge them.

Costold = KM + KT � Ra +KU � f(Ra � Sa1) + (Ra � Sa2) + :::+ (Ra � Sap)g+ KM + KT �
Rb +KU � f(Rb � Sb1) + (Rb � Sb2) + :::+ (Rb � Sbr )g

Costold = 2 �KM +KT � (Ra + Rb) +KU � (p �Ra + r �Rb � Sa � Sb)

Costnew = KM +KT �Rm +KU � ((Rm� Sa1) + (Rm� Sa2) + :::+ (Rm� Sap) + (Rm� Sb1) +
(Rm � Sb2) + :::+ (Rm � Sbr)g

Costnew = KM +KT �Rm +KU � f(p+ r)Rm � Sa � Sbg
Costold � Costnew = KM +KT � (Ra +Rb � Rm) +KU � fp �Ra + r �Rb � (p+ r)Rmg
In conclusion, the algorithm will merge the two sets with the highest positive value of Costold�

Costnew .

Note, that we can obtain the expression for solving the 2-query merging problem given in
Section 5.1 by making Ra = S1, Rb = S2, Rm = S3, and the number of queries in each set equal to
one (p = r = 1).

The Pair Merging algorithm, as presented, needs to compute the cost of doing all possible merges
in every step. However, in each step, only two of the sets (the ones that we decide to merge) have
changed. The other sets remain the same so we can use all the computation involving them in the
next step. Speci�cally, in step k of the algorithm, there are (jQj � k + 1) � (jQj � k)=2 possible
pairs; of those, only k � 1 are new pairs. The rest were all candidate pairs that were considered
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in the previous iteration. Note, that the fact that those candidates were not chosen in a previous
iteration, does not preclude them to be chosen later (as long as they have a positive bene�t). To
avoid computing the costs again for those sets, in each step, we save all computed costs in a Pro�t
Table. Before computing the cost of merging a set, we check in the Pro�t Table to see if the cost
was already computed; if it was, we take it from the table; if it was not, we compute it and add it
to the table. At the end of each step, after selecting the pair of sets to be merged, we remove all
entries of the Pro�t Table that are related with those sets.

1: M = ffqigg (put each qi into a separate set Mi).

2: Initialize Pro�t Table by computing the change in total
cost for all pairs of queries.

3: While there are positive entries in the pro�t table

Find, using the pro�t table, the pair of sets Ma and Mb

that decreases the total cost most.

M =M�Ma; M =M�Mb

M =M[ fMa [Mbg
Update the pro�t table with the new possible pairs.

4: Return M.

Figure 10: Pair Merging Algorithm

6.2.2 Directed Search Algorithm

The weakness of the Pair Merging Algorithm is that it can be trapped into a local minimum of the
cost function and miss the global minimum. The Directed Search Algorithm tries to reduce this
weakness by running the Pair Merging algorithm several times with a di�erent initial state. At the
end the algorithm outputs the lowest of all the \minimums" found. Additionally, instead of always
merging pairs, we allow extracting one query from a set.

Intuitively, in each step, the algorithm consider all possible pairs constructed by merging two
sets or separating them.

The Directed Search Algorithm is presented in Figure 11.

The complexity of this algorithm is O(jQj2 � T ), where T is the number of times we run the
algorithm. If T is a constant, then the complexity is O(jQj2 � T ).
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1: For i = 1 to T :

2: Start with a random state.

3: do:

4: For each pair of sets in M compute the cost of combining
them.

5: For each query q of each set S in M compute the costs of
S � fqg.

6: Perform the operation that minimizes the cost the most.

7: Repeat until no bene�cial operation is possible.

Figure 11: Directed Search Algorithm
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6.3 Clustering Algorithm

The Clustering Algorithm takes a \divide and conquer" approach to the query merging problem.
The foundation of the algorithm is the de�nition of a "distance" metrics between queries. If the
distance between two queries is \far" enough, we can safely ignore all combinations of merged
queries that contain those queries. A graphical intuition of this approach is presented in Figure 12.

far

Figure 12: Clustering Algorithm Scenario

Given 2 queries, qi and qj , the decision of merging them together (with whatever other queries
they have already been merged) will have the following impact in the cost model:

� KM � jMj: In the best case, by merging these two queries together, jMj will drop to 1.

� KT � size(M) In the best case (namely when q1 is equal to q2), the change in size(M) will be
0.

� KU � U(Q;M) In the best case, U(Q;M), will only increase by 2 � size(mrg(fq1; q2g)) �
size(fq1g)� size(fq2g).

Therefore, two queries can only be at the same time in the same merged set when:

KM +KU � 2 � size(mrg(fq1; q2g))� size(fq1g)� size(fq2g) > 0.

If we can compute the intersection of two queries, we can have a more restricted condition.
Speci�cally, if we de�ne \\" in the usual way (this is q3 = q1 \ q2 if and only if ans(q3) =
ans(q1) \ ans(q2)), then the decision of merging them together will change, in the best case, the
second factor to 2 � size(mrg(fq1; q2g))� size(fq1g)� size(fq2g+ size(fq1 \ q2g).
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Therefore, in this case the condition is:

KM + (KT +KU) � 2 � size(mrg(fq1; q2g))� size(fq1g)� size(fq2g) +KT � size(fq1 \ q2g) > 0

7 Query Merging in a Multiple Channel Broadcast Environment

7.1 Overview

In this section, we will explore a richer model of the network. In this new model, we have a trans-
mission mechanism that disseminates data through a �xed number of physical multicast channels.
This mechanism can be a satellite with a �xed number of broadcast channels as described in the
BADD scenario. In this extended model, we are given the same initial set of queries as before. We
have a �xed set of channels Ch1, Ch2..., Chc to disseminate the answers to queries. The answers
are broadcast on one of the channels, and clients who need that information are told to listen to
that channel. A client can listen to one or more of these channels. In this case, along with the data
sent through the channels, we can add to the header client identi�ers that are supposed to get the
information, or alternatively the clients can check all the data that goes through the channel and
�lter it. The second approach requires additional computation overhead at the client site. However,
in a dynamic scenario where the queries are added and removed from the system, the client can
cache the incoming data and check if the information already exists before requesting data.

7.2 Problem Description

In the model described earlier, we assumed that the answers of the queries were sent to speci�c sets
of clients and that the network broadcast all messages. In this new model, we consider the network
as a sets of multicast channels. We de�ne a multicast channel network, as one where messages can
be sent to (and only to) a speci�c set of clients. We will assume that clients can listen to only one
channel and the answers to the queries are sent through a limited number of multicast channels.
In addition to the query merging problem, we now have to allocate channels to clients. We cannot
consider these two problems separately as shown in the following example:

Say we have the queries q1, q2, ..., q5 with the corresponding clients associated with them:

c1 : q1,q2

c2 : q3,q4

c3 : q5

Suppose after running the merging algorithm, the queries are distributed into a collection M =
fM1;M2;M3g as follows:

M1 =fq1; q5g
M2 =fq2; q3g
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M3 =fq4g
Each destination has to receive the answers of the queries requested. Let us consider a system

with two channels. Say we allocate M1 and M2 to Channel 1 and M2 and M3 to channel 2. Client
1 can listen to channel 1, client 2 can listen to channel 2 and client 3 can listen to channel 1.

M1, M2 ! Ch1 ! c1, c3

M2, M3 ! Ch2 ! c2

However, the answers of the queries q3 in channel 1 and q2 in channel 2 is not required by
the corresponding clients. Thus we can reduce the size of data transmitted by using the following
allocation of queries to channels:

M1, q2 ! Ch1 ! c1, c3

q3, M3 ! Ch2 ! c2

This example shows that we can not consider the query merging and channel allocation problems
separately for an e�cient information delivery using multiple channels.

8 Algorithms for Channel Allocation

In this section, we will introduce two kinds of algorithms; the exhaustive algorithm, and the heuristic
algorithm. The exhaustive algorithm checks all possible cases and is guaranteed to �nd the optimal
solution. However, for a large number of clients and channels, the complexity of this algorithm
makes it impractical to use. The heuristic algorithm reduces the number of cases considered.
Although the solution found is a good one, it may not be the optimum.

8.1 Exhaustive Algorithm for Channel Allocation

The exhaustive solution of this problem is to generate all possible allocations of clients to channels.
Given clients C = fc1; c2; :::; cpg, we try to generate all cases by generating a search tree. The
leaves of this tree gives us all possible allocations.

We associate to each node N of this tree a list of sets of clients N:L = [C1; C2; :::; Cm] where Ci

is the set of clients which are allocated to channel Chi. The sets of clients associated to the nodes
at level h contain all possible combinations for the clients c1, c2, ..., ch allocated to the channels.

The algorithm is presented in Figure 13.

The cost of answering the queries sent by clients Ci through channel Chi can be computed
using our cost model and applying the Pair Merging Algorithm (described in section 5.3.1) to all
the queries sent by the clients Ci. The total cost at leaf N is computed by summing up each
individual cost associated with the sets of clients N:L. The leaf with the minimum cost gives the
allocation that is the optimal solution.
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Input : C = fc1; c2; :::; cpg, NumberOfMulticastChannels

Output : Optimal solution for the query merging problem.

1: Create root node N with N:L = []. h := 1.

2: For each node N at level h � 1 with N:L =
[C1; C2; :::; CjN:Lj]

2.1 If jN:Lj < NumberOfMulticastChannels, create
child N0 with N0:L = N:L and append ch to N:L.

2.2 Create children N1, ..., NjN:Lj with Ni:L = N:L

2.3 For each child Ni, i � 1 add fchg to the ith element
of Ni:L

3: h = h + 1. If h � jCj go to step 2.

4: For each leaf nodeN evaluate the cost for the distribution
N:L.

5: The leaf with the minimum cost is the optimal solution.

Figure 13: The Exhaustive Algorithm for Channel Allocation
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8.2 Heuristic Algorithms for Channel Allocation

The goal of this algorithm is to �nd a distribution of the users to channels that will minimize the
total cost associated with the processing and transmission of the queries. This algorithm starts
with an initial distribution of clients to channels. Then it reallocates the clients by moving them
between channels in the direction of decreasing total cost. The algorithm uses the hill climbing
technique in which we move through the search space in the direction which reduces the cost. It
does not guarantee to �nd the optimal solution since it can get stuck at a local minimum in the
search space.

First, we need to come up with the initial distribution of clients to channels. We can increase
the probability of �nding an optimal solution and can decrease the computation time by putting
clients that have more overlapping query answers in the same channel.

Let QC = fq1; q2; :::; qng be a set of queries sent by clients C = fc1; c2; :::; cpg and M =
fM1;M2; :::;Mmg be the collection computed using the Pair Merging Algorithm. The cost of
answering the queries sent by the clients C using a single channel can be calculated as follows:

CostC = KM � jMj+KT � size(M) +KU �
P

i�m

P
qj2Mi

(size(Mi)� size(qj))

The reduction in cost, denoted by Cost� by putting the clients ca and cb in the same channel
is:

Cost� = Costfcag + Costfcbg � Costfca;cbg. We denote the current channel for assigning next
client by CCh and a list consisting of [ca; cb; Cost�] triples by L.

The algorithm is as follows:

CCh := 1. Calculate the Cost� for all pairs ca and cb. Store the triple
[ca; cb; Cost�] in L.

While L is not empty

Pick the triple [ca; cb; Cost�] in L with maximum Cost� value. Allocate
clients ca and cb to channel CCh. Delete all the triples that have either
ca or cb from L.

CCh = CCh+ 1(modc).

While there is a client ci that is not assigned to any channel

Put ci in channel CCh.

CCh := CCh+ 1(modc)

Figure 14: The Algorithm for Initializing Distribution
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After �nding the initial distribution, we decrease the total cost further by iteratively making
changes. The algorithm proceeds as follows:

Two lists are associated with each channel Chi. List Li keeps track of the clients that listen
to Chi, and list Ii keeps track of the queries whose answers are sent through Chi. The queries in
each channel are merged using the Pair Merging Algorithm and the answers are sent through that
channel.

� For each channel, we run the merging algorithm with the queries of the clients using that
channel given as input. Using the collection M = fM1;M2; :::;Mmg given for this channel,
we calculate the cost associated with this channel.

CostChi = KM � jMj+KT � size(M) +KU � U
We store the costs associated with each channel in a table T .

� For each client ci and channel Chj , we consider the decrease of cost by moving that client ci
to channel Chj . Suppose the client ci is in channel Chk (k 6= j). In order to �nd the reduction
in cost, we calculate the new costs associated with the channels Chk and Chj . We subtract
these costs from the previous costs of these channels stored in T . We choose the client and
the channel that caused the most reduction in cost, If there is such a client,we move client ci
to channel Chj , update the lists Lk, Ik, Lj , Ij and T . Then we repeat this step.

� For each channel Chi, we allocate the channels by assigning the clients in Li to channel Chi.

9 Performance Evaluation

In order to test the e�ciency of the algorithms developed, an application program has been im-
plemented. The application simulates an environment in which the queries are given on a two-
dimensional database (see Figure 15. The database elements consist of two attributes and the
queries received by the server are range queries over the database. The application consists of three
main modules. The �rst module provides input to the system. It generates a set of clients which
send queries to the system. The second module runs the query merging algorithm for a given set
of queries and parameters as input for considering only one channel for transmission. The �nal
module �nds the distribution of users to channels that will minimize the overall cost.

9.1 Generating Input

In most environments, it is quite likely that the input given by clients generates a pattern which
creates groups of queries that are located near each other. Some portions of the database are likely
to be more dense than others. For instance if the database speci�es the atmospheric conditions,
the portions of the database denoting the regions with higher population is more likely to get query
requests. Similarly, in a battle�eld situation, the queries in regions which have more combat troops
will be much denser. Therefore, rather than generating random input queries, a clustering e�ect
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Figure 15: Screen Shot of the Simulator

has been added to the input generating module, in which some queries tend to create small crowds.
The input generated is a hybrid of random and clustering queries.

The input is generated depending on three variables namely cf , sf and df . The clustering e�ect
is given by the parameter cf . cf is the ratio of the number of queries generated using clustering
to the number of queries in total. sf is the ratio of number of queries in a cluster to the number
of queries generated using clustering. df is the density of the clusters. For each cluster, a random
origin is generated on the two-dimensional database and the queries associated with that cluster
are distributed using normal distribution around the origin.

f(r) = 1p
2�df

e
� r2

2df2

r is the distance of the query to the origin. This function gives the ratio of queries at a particular
distance from the origin to the total number of queries.

Another parameter in generating input is the size of the queries. The minimum and maximum
ranges for both attributes are given. The size of each query is selected randomly between these
ranges.

9.2 Experiments

In this section we study the performance of the Query Merging Algorithm and Channel Allocation
Algorithm. The performance was tested with the simulator describe previously. Sample queries
were generated and both the exhaustive and heuristic algorithms were used to evaluate the results.
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The main parameters of our model are follows:

� Query Generating Variables: cf , sf and df .

� Cost Variables: KM , KT , KU , KD.

� Database Variables: Range of the attributes of the database.

� Query Variables: Number of queries received by server, the minimum and maximum query
sizes.

� Channel Allocation Variables: Number of users and number of multicast channels.

Obviously the exhaustive algorithms give the optimal solution for a given set of queries. There-
fore we can not expect to �nd the solutions our the algorithms described to be superior to the
optimal solution. In order to evaluate the e�ciency of our algorithms, we wish to address the
following questions:

� What is the probability that the algorithms �nd the optimal solution?

� If the algorithms do not �nd the optimal solution, how far are the solutions to the optimal
ones?

For a given set of queries let us say that the initial cost of answering them without merging
is Costinitial. The exhaustive algorithm considers all possible answers and picks up the one with
the minimum cost. The heuristic algorithm �nds a solution whose cost is not more than the initial
cost and not less than the optimal cost. We denote these costs by Costoptimum and Costheuristic
respectively. We measure the distance of the heuristic solution to the optimal solution as follows:
Performanceheuristic =

Costheuristic�Costoptimum

Costinitial�Costoptimum

This formula gives the relative cost of the heuristic algorithm compared to the initial and
optimal solutions. For instance a value of 0:0% indicates the solution is optimum and a value
100:0% indicates the cost is the same as the initial cost which means there is no merging.

9.3 Performance of Query Merging

The Pair Merging Algorithm for Query Merging gives us the queries that should be merged based
on our cost model. The parameters have a signi�cant a�ect of the solution generated. For some
queries, the pair merging algorithm does not �nd the optimal solution for certain values of cost
constants as described in Section 4.3. In order not to get too optimistic results, we ran the simulator
for di�erent sets of parameters. We observed for some sets of parameters (cf , sf , df , KM , KT ,
KU , KD) the solution was further from the optimum. We picked these parameters as constants.
The remaining parameters (database size, query size, number of queries) were ranged over a �xed
interval.
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The number of possible combinations to merge n queries is equal to B(n), which is the nth Bell
number. For large values of n, B(n) � nn For example, for n = 12, B(n) = 4; 213; 597, for n = 15,
B(n) = 1; 382; 958; 545, for n = 30, B(n) � 1023. These values indicate that it is futile to obtain
optimal solutions to the query merging problem with exhaustive search. Therefore the number of
queries were selected to be equal or fewer than 12 which makes the computation feasible.

For two queries, there are two options, merging these two queries and not merging them.
Therefore we omitted this trivial case as the Pair Merging Algorithm is guaranteed to �nd the best
solution for 2 queries. Figure 16 shows the probability that the pair merging algorithm �nds the
optimal solution. On the average this probability is 97%. Figure 17 shows the distance of the pair
merging solution to the optimal solution. On the average this value is 0:6343%.
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Figure 16: Probability of �nding optimal solution for the Pair Merging Algorithm

9.4 Performance of Channel Allocation

The Heuristic algorithm for channel allocation gives us the distribution of the users to channels.
In this model we have additional parameters such as the number of channels and the number of
clients. It is very di�cult to answer these questions in absolute terms as there are many parameters
to consider. Therefore, we considered representative scenarios to evaluate the performance. In
the channel allocation algorithm, the merging process is applied to each channel separately. The
number of possible combinations of allocating u users to ch channels and merging the n queries
in this channel then becomes chu �B(n=u) = O(chu � nn) assuming that each user sends an equal
number of queries. The exhaustive algorithm and the heuristic algorithm �nds a distribution by
computing the costs associated with each channel. We can apply the pair merging algorithm to the
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Figure 17: Distance to optimal solution for the Pair Merging Algorithm

queries in each channel which will give us the complexity of O(chu � n2). This will not e�ect the
overall performance result of the channel allocation algorithm since changing the merge function
does not e�ect the allocation algorithm. Thus using the pair merging function for merging will lead
to less computation time. Hence we can increase the number of queries.

The Heuristic algorithm for channel allocation uses the hill climbing approach. We evaluated
the performance of this algorithm with 2 di�erent starting points (initial distributions). The �rst
one is uses the algorithm described in section 8.2. The second one picks up a random distribution as
the initial distribution. However, we can improve the result by applying the algorithm with di�erent
starting points and picking up the solution that gives the lowest cost. Figure 18 summarizes the
probability of �nding the optimal solution depending on the initial starting point. If the initial
distribution is random, the probability is 85:5% and if the initial distribution takes into account
minimizing starting cost, the probability is 81:8%. As we can see, starting at a random node in the
search space decreases the chance of getting stuck at a local minima. If we use both approaches
and pick the better solution, we can get a slightly better result which is 88:6%. We also measured
the performance of this algorithm using the same distance metric. As Figure 4 shows, the average
distance of the solution to the optimal one which is 0:1697% on the average.

10 Related Work

� Julie Basu
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� Predicate Locking

� Conjunctive Queries

� SATIN Project: Data Engineering Bulletin [DP96b]

� Badd Project Related Conferences. The papers from these two conferences are very general,
but they are good citation when de�ning the "BADD" problem. MILCOM conference hold at
Monterey, CA, USA 2-5 Nov. 1997. Sponsored by IEEE and AFCEA (Armed Forces Commu-
nication & Electronic Association) [BB97][LBD+97][SB97][Lu97a][DSLL97]. BADD Confer-
ence (SPIE) Digitization of the Battle�eld II Orlando, FL, USA 22-24 April 1997. Sponsored
by SPIE (The International Society for Optical Engineering) [Lu97b][SDSV97][LS97][DMS97].

� Cellular Telephony/Telecommunication research. Low level approach to the problem. They
don't deal with subscription or repeated queries (except one paper, where "queries" are re-
quest for a data page). Some interesting algorithms in the area of channel allocation. However,
they don't attempt to do query merging. [HLL98][CM97][LHL97].

� Data Dissemination Research: A very active group in Maryland (Franklin and Zdonik). First
with research in \brodacast disks," then, in a more general data dissemination framework.
The OOPSLA paper is a good introduction to the topic [FZ98][FZ97][AFZ97][AAFZ95][FZ96].

� Good snapshot of 1996 state of the art: Data Engineering Bulletin, Volume 19, Number 3,
September 1996 Special Issue on Data Dissemination [DP96b][DP96a][Bes96].

� Stanford References: SIFT [YGM95].

� Data Dissemination Companies: Now that I understand this area better, I'm surprised how
weak current companies are (maybe with the exception of TIBCO). Most of their \push"
technology is nothing more than a \automatic pull," which is translated in millions of unicast
connections (which are obviously impossible to scale). This is a consequence of the weakness
of IP and (in a lesser extent HTTP). De�netely a good business opportunity here. Compa-
nies include TIBCO (http://www.tibco.com) [Cha98], Pointcast (http://www.pointcast.com)
[RD98], Backweb (http://www.backweb.com),Marimba (http://www.marimba.com), Airme-
dia (http://www.airmedia.com).

� Other references: [MCS88], [CR88] [SS72] [TTS+98]

11 Future Work

� non uniform object space.

� dynamic scenario:

� queries are continuous, and return new objects added to database. I think the analysis
should be the same, except that instead of talking about objects returned by queries, we talk
of objects per second disseminated.
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� We already have a set of queries that have been merged, and a new query arrives. Can we
incrementally compute a new partition, without starting from scratch?

� di�erent dissemination mechanism This one is explained below, and introduces some issues
that are orthogonal to query merging.

� cashing of queries in the client

� splitting a query between 2 clients:

Example: given this three queries: 0 < x < 3, 0 < x < 4, x < 2. A possible way to merge
them is to make q01: 0 < x < 4 and q02 x < 4, to compute q3, we need to use both q01 and
q02. This complicates the problem and shows a more complicated relation between the set
covering and the predicate �nding problem.

12 Conclusions

Appendix 1

� Not merging any query:

Cost = 3KM +KT (2S + 2S + S)

Cost = 3KM + 5KTS

� Merging q1 and q2 :

Cost = KM +KTsize(q3)+KM +KT size(mrg(q1; q2))+KU(2size(mrg(q1; q2))� (size(q1)+
size(q2)))

Cost = 2KM + 5KTS + 4KUS

� Merging q1 and q3 (Same as merging q2 and q3):

Cost = KM +KTsize(q2)+KM +KT size(mrg(q1; q3))+KU(2size(mrg(q1; q3))� (size(q1)+
size(q3)))

Cost = 2KM + 4KTS + 5KUS

� Merging all queries:

Cost = KM + KT size(mrg(q1; q2; q3)) + KU (3size(mrg(q1; q2; q3)) � (size(q1) + size(q2) +
size(q3)))

Cost = KM + 4KTS + 7KUS

In conclusion, merging q1, q2 and q3 is more advantageous than merging any pair if:
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3KM + 5KTS < 2KM + 5KTS + 4KUS

3KM + 5KTS < 2KM + 4KTS + 5KUS

3KM + 5KTS > KM + 4KTS + 7KUS

As a result if the following equations are satis�ed, it will be optimal to merge all three elements
but it's not bene�cial to merge any pair.

S >
KM

4KU

S >
KM

5KU �KT

S <
2KM

7KU �KT

These equations are satis�able; for instance, if we pick S = 1, KM = 10, KT = 9, and KU = 4
all the equations will be true.
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