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Abstract

Data broadcast is a promising technique to improve the bandwidth utilization and conserve
the power consumption in a mobile computing environment. In many applications, the data items
broadcast are dependent upon one another. However, most prior studies on broadcasting dependent
data are restricted to a single broadcast channel environment, and as a consequence, the results are of
limited applicability to the upcoming mobile environments. In view of this, we relax this restriction
and explore in this paper the problem of broadcasting dependent data in multiple broadcast channels.
By analyzing the model of dependent data broadcasting, we derive several theoretical properties for
the average access time in a multiple channel environment. In light of the theoretical results, we
develop a genetic algorithm to generate broadcast programs. Our experimental results show that the
theoretical results derived are able to guide the search of the genetic algorithm very effectively, thus
leading to broadcast programs of very high quality.

Index Terms: Data broadcast, dependent data, unordered query, mobile information system,
mobile computing
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1 Introduction

In a broadcast-based information system [1][5][17], a sepeiodically broadcasts data to mobile

users according to a pre-generated broadcast progransiogle broadcast channel. To retrieve data
items of interest, the mobile users need to wait for the appearance of the data items on the broadcast
channel instead of explicitly sending data requests to the information system. Due to the above char-
acteristics, data broadcast becomes a promising technique in a mobile computing environment since it

has the following advantages:

e Power conservatianAs mentioned in [16], the power needed for transmission from the mobile
client to the mobile support station is proportional to the fourth power of the distance between
them. Hence, the power is conserved in broadcast-based systems since mobile clients need not

explicitly send data requests to information servers.

¢ High scalability The high scalability is achieved since the system performance is independent

of the number of clients.

e High bandwidth utilizationData items of high interest can be received by multiple mobile clients

by one transmission on the broadcast channel.

One objective of designing proper data allocation in the broadcast disks is to reduce the average
access time of data items. Several related research issues have attracted a considerable amount of atten-
tion, including on-demand broadcast [2][3], data indexing [7][13][17], access frequencies estimation
[11][30], and client cache management [25][28]. Note that there do exist situations where multiple
low-bandwidth physical channels cannot be combined into a single high-bandwidth physical channel
[23][26]. Scenarios that the system can only allocate multiple channels with non-contiguous frequency
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ranges have been pointed out in [23][26], and these channels with non-contiguous frequency ranges
cannot be merged into a single channel. In addition, several network standards, such as FDMA-based
systems, divide the network bandwidth into several physical channels where individual mobile clients
are designed to listen to at most one physical channel at a time. As a result, in such network environ-
ments, multiple physical channels (even with contiguous frequencies) cannot be merged into one single
channel in nature.

Hence, a significant amount of research effort has been elaborated on developing the index mech-
anisms [20][24], data allocation schemes [22][23] and dynamic data and channel allocation [14][18]
in multiple broadcast channels. In addition, the bandwidth allocation for multi-cell environments with
frequency reuse and inference considered was studied in [29].

Most works mentioned above were under the premise that each user requests only one data item
at a time and the requests for all data items are independent. That is, for an arbitrary user, the access
probability that the user requests a data item inithie request igpredeterminedand isindependent
of what have been requested in the first, second, (i — 1)-th requests. However, in many real
applications, some data items a@mantically relate@nd there exists dependency among the requests
of these data items. Broadcast program generation algorithms assuming independent requests might not
be able to effectively optimize the performance of the broadcast programs. This phenomenon attracts
a series of work on solving the problem of dependent data broadcast. A query corresponds to a set of
semantically related data items which are likely to be requested successively by a user, and we use a set
of queries (named a query profile) to model such dependency of all data items. Hence, if several data
items aredependentipon one another (i.e., within the same query), they are likely to be successively

requested by users. According to the constraint of the retrieval sequence of the dependent data items



within the same query, queries of dependent data can be categorized into the following two types :

Ordered queries: In an ordered query, the required data items should be retrieved in a predetermined
order. Consider a Web page with some images as an example. Once the user requests this Web
page by a browser, the browser will request these images automatically in a predetermined order

after receiving this Web page.

Unordered queries: Similar as an ordered query, an unordered query could be one issued by a mobile
user for requesting multiple data items simultaneously. However, unlike in an ordered query,
these requested data items may be retrieved in any order. Consider a broadcast system to dis-
seminate the stock information. A mobile user may submit a query like “Show me the stock
information of all the LCD companies.” As a result, data items in these LCD companies are

gueried together and displayed without being confined to a specific order.

Prior research works of dependent data broadcast can be categorized by the following two proper-
ties: (1) the number of broadcast channels considered (single [6] or multiple channels [15]) and (2) the
constraint of the retrieval sequence of the data items (ordered [6][15] or unordered [8] queries) in each
guery. It is noted that two heuristic algorithms are proposed in [6] to generate broadcast programs in
a single channel for ordered queries. In [6], the queries are assumedattydles meaning that if a
data itemD; is required to be accessed befdpein one query,D; will not be accessed befor®; in
all other queries. The authors in [8] proposed a greedy algorithm to generate broadcast programs for
unordered queries in one broadcast channel. A randomized algorithm is proposed in [4] to consider
the dependency dfvo data items in single broadcast channel. However, there are few works for de-
pendent data broadcasting on multiple channel environments. In [15], two heuristic algorithms were
designed to generate broadcast programs in multiple channels for ordered queries. Similarly to [6],
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the work in [15] also assumes the queries to be acyclic. In addition, the problem of index and data

allocation [10][17][20] can be treated as a special case of broadcasting dependent data with ordered
gueries. Note that for each ordered query, the required data items of this query should be retrieved
according to a predetermined order, and there will be exactly one retrieval order. However, the number
of retrieval orders of an unordered quépyis |Q;|! where|Q;| is the number of required data items of

Q;. This feature makes the broadcasting dependent data for unordered queries more difficult than that
for ordered queries.

Consequently, we address in this paper the problem of broadcast program generation for unordered
gueries with dependent data in multiple broadcast channels. Note that the problem of broadcasting
dependent data in a multiple channel environment is intrinsically difficult in that the factor of data
dependency and the efficient use of multiple channels, though being dealt with separately before, are
in fact entangled, thus making it more complicated to provide an effective solution to this problem.
Specifically, several special cases [8][10][20] of the problem of broadcasting dependent data are shown
to be NP-hard. In view of this, we shall employ the Genetic Algorithm (abbreviated as GA) in this
paper to address the problem of broadcasting dependent data in a multiple channel environment. GA
is a widely-used approach in the literature of soft computing and evolutionary computation to solve
optimization problems. Basically, GAs are iterative procedures that search the problem solutions by
an evolutionary process based on natural selection. GA maintains a population of individual candidate
solutions to specific problems. An individual candidate solution can be represented as a list called a
chromosomeln GA, afitness functiornas to be designed to evaluate the fithess of each chromosome.
The probability that each chromosome will be selected is in proportion to its fitness. The design of the

fithess function is key to the effectiveness of the GA algorithms.



Explicitly, in this paper we first model the problem of broadcast program generation for unordered
gueries in multiple channels. By analyzing the model of dependent data broadcasting, we derive sev-
eral theoretical properties for the average access time in a multiple channel environment. In light of the
theoretical results, we then formulate the fithess functions for the GA to generate broadcast programs.
Sensitivity analysis on several parameters is conducted. Our experimental results show that with the
analytical results derived, the fitness functions designed are able to guide the search of GA very effec-
tively, thus leading to broadcast programs of very high quality. To the best of our knowledge, there is
no prior work on the broadcast program generation for unordered queries in multiple channels. This
fact distinguishes this paper from others.

The rest of this paper is organized as follows. Section 2 gives the preliminaries of this study. Ana-
lytical models of the problem of dependent data broadcast with unordered queries are given in Section
3. In light of the analysis in Section 3, we devised a GA-based algorithm in Section 4. Performance

evaluation on various parameters is conducted in Section 5. Finally, Section 6 concludes this paper.

2 Preliminaries

2.1 Overview of Genetic Algorithms

The flowchart of GAs is presented in Figure 1. Before designing a GA, one must decide a chromosome
representation (e.g., tree, list...) policy to transform a solution into a chromosome. In addition, a fithess
function is also designed to evaluate how good a chromosome (i.e., a solution) is. Several chromosomes
are generated to form initial population. Initial population can be generated by random generation or

heuristics. In fitness evaluation phase, the fitness values of all chromosomes are evaluated according
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Figure 1: The flowchart of a genetic algorithm

to the fitness function taken. The chromosome with the maximal fitness is then selected as the best
chromosome.

During the selection phase, chromosomes in the current population are selected and recombined to
produce offspring which will comprise the next generation of population. Chromosomes are selected
randomly from the current population using a roulette wheel with slots sized according to fitness.
Consider a generation containing three chromosomes and suppose that the fithess of chromosomes 1,
2, and 3 are 4, 2, and 2, respectively. The percentages of chromosomes 1, 2, and 3 being selected will

be 50%( 5+ ), 25% (;755), and 25%( 5 ), respectively. Thus, chromosomes with higher fitness

have a higher likelihood to be reproduced.

After selection, crossover is applied in the selected chromosomes with probahilityrhis op-
erator takes two randomly chosen parent chromosomes as input and combines them to generate two
children. The crossover operator provides the exploration capacity by exchanging the information from
two parents. Crossover may lead to fall into a local optimum of the fitness function because the gen-
erated children tend to resemble their parents. In order to reduce this phenomenon, mutation operates
with a probability P, and creates new chromosomes by modifying one or more of the gene values
of an existing chromosome. Mutation provides a random search in the solution space and reduces the

probability of falling into a local optimum of the fitness function.
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Figure 2: The architecture of a data broadcast system

Finally, a termination criterion is checked to decide whether to terminate the GA. If yes, the best
chromosome up to now is then returned as the result of the GA. If not, the GA will enter the fitness
evaluation phase to start another iteration. An iteration is called a generation in the GA literature.

Interested readers are referred to [9] for the details of GAs.

2.2 System Architecture

Figure 2 shows an example system architecture of a data broadcast system which broadcasts data items
periodically according to a broadcast program. We assume that each data item is read-only [19]. In the
beginning, since a mobile user will not know the broadcast program of the system, the mobile device
should listen on a broadcast channel to wait for the appearance of the broadcast program. The broadcast
program contains some auxiliary information such as the data identifiers, attributes for each data item,
the data index information and so on. Attributes for each data item are then used to process the query

submitted by the user. The broadcast program is kept in the mobile device until it is expired. When



| Query(Q;) | Pr(Qi) |

Q1 =1{D1,Ds, D3, Dy} | 40% D, D, D,

Q2 = {D1, D3, D4} 20%

Q3 = {D4;D67D1} 20% DG D3 D5

Qs = {D1, Dy, D5} 20%

Figure 3: An example query profile Figure 4. An example broadcast program

the user submits a query to his or her mobile device, the mobile device will process this query with
the aid of stored broadcast program to determine the required data items. The mobile device will then
determine the optimal retrieve order to minimize the access time of the required data items and retrieve

them from broadcast channels according to the determined retrieve order.

2.3 Problem Description

Suppose that the databaBecontains D| data items Dy, D,, - - -, Dip|. From the users’ point of view,
a query is an indivisible request of single or multiple data item(s), and is defined as follows.
Definition 1: An unorderedquery@; = {Dqi(1), Dyi(2), - - - » Dygi(j0,)) } IS @ non-empty subset of all data
items whergQ);| represents that number of required data item@;iand D,y # D,:(,) Whenz # y.
Note thatl < ¢'(j) < |D| forall j,1 < j < |Q;|, and¢’(j) = k represents that theth accessed data
itemin@; is Dy.

The query profile is the aggregation of the access behavior of all users. Formally, we have the

following definition.

Definition 2: A query profile) consists of a set aiQ;, Pr(Q;)) pairs wherg(| indicates the number
of queries inQ. Pr(Q;) represents the probability that a query issued by uses.idt is noted that
S Pr(Q) = 1.
The capture of the query profile is a challenging problem since the data items are dependent upon
one another. If the same database can be accessed from Internet, we can assume that the query behavior
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of Internet users and mobile users are similar in essence, and hence use the query profile of Internet
users to model that of mobile users. Similar to [12], when an uplink channel is provided, the mobile
device can store hot queries of its owner and send its query statistics to the server. When the mobile
device is about to connect to the server, this statistics can be transferred by piggypacks. Clearly, depen-
dent on applications, different methods to capture the query profile of a broadcast-based information
system are conceivable.

Assume that the bandwidth of each channel is divided into slots of equat.sizedata itemD;

| D]

will occupy [T] slots where|D;| is the size ofD;. Letr = [%W and D; occupy slotsD}, D2,

-+, Df. If a mobile device request®;, the system will retrieveD}, D?, ... D! to composeD;.
Therefore, a query containing a multi-slot data iteMsshould be expanded frofn--, D, -- -} into
{---,D}, D2 ---,Dr,---}. Since the expanded queries are still unordered, we assume that the data
items are all of equal size for ease of presentation.

Example 1: Consider a databage containing six data items. Figure 3 shows an example query profile

containing four queries. The que€ will read data itemdD,, Dg and D;. Note that the read of data

items need not follow this ordePr((Q)3;) = 20% shows that 20% of the queries submitted by users is

the queryQs.

Let n represent the number of channels dnbde the length of the broadcast program. A broadcast

program is defined below.

Definition 3: A broadcast progran® is aplacementf all data items inD into ann by L array where
L=|2.

n

Here, we assume thab| = L x n without loss of generality. To facilitate the further discussion,
we define a functioplacement : {1,2,---,|D|} — {1,2,---, L} to be an onto function which maps
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each data item into its placement in the broadcast program. Figure 4 shows an example of broadcast
program on two broadcast channels. In this example, the valp&iafment(4) is equal to 2 which
indicates that the broadcast order of the data ifenin the broadcast program is 2.

Two metrics,access timandtuning time are introduced in [17] to evaluate the performance of
broadcast programs. The access time is the time elapsed from the moment a client issues a query to the
moment all the relevant data are read. The tuning time is the amount of time spent by the client listening
on the broadcast channels, which is a measurement of the power consumption. In this paper, we take the
access time as the measurement of the performance of broadcast programs. Hence, broadcast program
generation for unordered queries in multiple channels can be formulated as follows.

Definition 4: Given the number of broadcast channels, the databased a query profile), the

problem of broadcast program generation for unordered queries in multiple channels is to determine a

broadcast progran? which minimizes the average access time of the query prQfile

Denote the average access time of a qUgrasT a...ss(@;) and the average access time of a query

file Q asTacess(Q). The average access time of the query prafilean be formulated as

1Q
TAccess(Q) = Z [TAccess<Qi> X PT(Q%)} . (l)

3 Analytical Models

3.1 Decomposition of Average Access Time

The access time of an arbitrary quey can be decomposed into two portionstartup timeand
retrieval time When a mobile user submits a qué&py, the mobile device should wait until the system
starts to broadcast any required data iter@ofThis time interval is called startup time. Retrieval time
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the mth broadcast cycle the (m+1)-th broadcast cycle | the (m+2)-th broadcast cycle
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A mobile user The mobile user
issues a query finishes the query

Figure 5: An example scenario of a query

is defined as the time intervals between the moment that the mobile device starts to read data items

from broadcast channels and that the mobile device finiGhes
Denote the size of each data itemsaand the bandwidth of each broadcast channéd? ag/e have

the following example.

Example 2: Consider the scenario shown in Figure 5. This example assumes that the mobile user
submits@); shown in Figure 3. After the user submips, the mobile device will manipulate the stored
broadcast program and obtains the optimal request order #0.be+ D, — Dg. It is noted that

D¢ — D, — D1 is also an optimal request order. And the choice of the mobile device will not affect
the access time ap;. In this example, the startup time @f; is s; = 1 x & and the retrieval time is

sy = 4 x %. Finally, the access time @}; is equal to the summation of startup time and retrieval time

(i.e.,5 x 3).

Denote the average startup time and the average retrieval time of a @ues/ s, +.,(Q;) and
Tretr.(Q;), respectively. By the above definitions, the average access time of a query is equal to the
summation of the average startup time and the average retrieval time of the query. Hence, we have the
following equation.

Taceess(Qi) = Tstartup(Qi) + Tretr.(Qs) (2)
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3.2 Derivation of Average Access Time

By Equation (1), the average access time of a query profile is a weighted summation of the average
access of all queries. Then, the average access time of each query should be calculated first in order to
obtain the average access time of a query profile. However, it is in general difficult to directly derive
the average access time of a query since some data items of the query may have the same placement
(i.e., with the same value of functigriacement) in a broadcast program.

To address this difficulty, we propose the procedure query refinement to refine eaclygbefgre
the calculation ofls.....(Q;) on a broadcast program. For a quépy, the refined query); and an
integercycleNo will be obtained after query refinement. In the rest of this subsection, the details
of query refinement will be described first, and the procedure to calcilate(@;) from Q' and
cycleNo will then be given.

Given a broadcast program, all required data item@ cdire hashed into a hash taldleaccording
to their placements. That is, the functipfucement is taken as the hash function &f. Due to the
domain of the functioplacement, H consists ofL buckets. LetH [;] represent the contents of theh
bucket of 7, and|H ]| be the number of the data items/if{;]. The set); is initialized to be an empty
set. Letmax be “the maximum among all [;]|”. Then, for each buckell [k] where| H [k]| is equal to
mazx, we randomly selecine data item from [j] and insert the selected data item i}o Moreover,
the value ofcycleNo is set to benaz — 1. Finally, Q; andcycle No are returned as the results of the

guery refinement of);. The algorithmic form of query refinement is as below.

Function QueryRefinemerdy(, P)

Input: A query@; and a broadcast prografm

Output: The refined query); and the number of necessarily complete cyelgge No.
1: Hash all required data items &f; into H according to their placements.
2: max — maxi<j<g {[H[f][};
3: cycleNo = max — 1,
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D Q; — &
: for (k=1toL)do
if (|H[k]| = max) then

Randomly selectne data item from/ [k], and insert the selected data item inlg

if
end for

- return Q;, cycleNo);

»

O VXN & U

Example 3: Consider the broadcast program in Figure 4. Suppose&ihat {D,, Dg, D1}. We first
hash the placements 6f,, Dg andD; into H. H[1] = {D,, Dg¢} and|H[1]| = 2 sinceplacement(1) =
placement(6) = 1. Similarly, |H[2]| = 1 and|H[3]| = 0. The value ofmax is 2 since|H[1]| =

max {|H[1]|, |H[2]], |H[3]|}, and thereforeycle No = max — 1 = 1. By the loop in line 5-9, we have
Q; = {D1} or Q; = {Ds}.

By the definitions and procedure query refinement mentioned above, we have the following lemmas.
Interested readers are referred to the Appendix for the proofs of all lemmas. Nofthat(Q;) is
independent of the selection of data items fréffy| in line 7 of the procedure QueryRefinement.

Lemma 1: Given a queny;, a broadcast program and the results of the refineme® @fe., Q; and

cycleNo), the average access time of a quéry(i.e., T'access(Q;)) can be formulated as

TAccess(Qi) = TAccess(Q;) + CycleNo X L x %

In Lemma 1,s and L are system parameters which can be obtained easily. As a consequence, the
average access time of a quérycan be obtained by the results of query refinemeidp,cind Lemma
1. That is to say, after query refinementy.....(Q;) can be obtained by 4.....(Q;) andcycleNo.

In addition, the refined quer®; has the following property.

Lemma 2: Consider a broadcast program, a quéryand the refined quer§; of ;. Let D, andD,

represent two randomly selected data items f(@mThen, we havelacement (x) # placement (y).
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According to Lemma 2, the placements of all data items of the refined gqdeaye distinct. This
property makes the derivation ®f,.....(Q;) possible. The derivation aF4.....(Q;) is as follows.
Without loss of generality, we assume that the user submits a query in-thebroadcast cycle.
We also assume that the offset between the start poinmt-tif broadcast cycle and the moment of the
mobile user submits a query (i.8g) follows a uniform distribution ovef0, L). According to Equation

(2), we have the following equation.

!/

TAccess(Qb = TStartup(Q;) + TRetT.(Qi) (3)

Let a seriesi(5), 1 < j < |Q;, represent theortedplacements of all required data items@f, and
b be |Q;]. Since the placements of all data items of the refined q@grare distinct (by Lemma 2),

Tstartup(Q;) @andTre,. (Q;) can be formulated by the following lemmas.

Lemma 3: Tsmmp(Q;) can be formulated as

TStartup (Qz) =

, s {bl [aGi +1) — a()]”
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Then, the average access timefcan be obtained by Lemmas 3, 4 and Equation (3).
We now summarize the derivation of the average access time of a query profile. According to

Equation (1), the average access time of a query profile {i€..:s(Q)) is a weighted summation of
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the average access time of each queryi.e., T'access(Qi)). To calculatel s...ss(Q), we first refine

Q; by query refinement. The results of refiniay are a refined query;, and an integerycleNo.
According to Equation (3), the average access tim@ df.e., T1....(Q;)) is equal to the summation of
the startup time and the retrieve time@;fwhich can be derived by Lemmas 3 and 4. V\Zimcess(Q')
andcycleNo, Taccess(Qi) can be obtained by Lemma 1. Finally, after obtaining...s(@;) for each
query Q;, Taceess(Q) can be calculated by Equation (1). The algorithmic form of the procedure to

obtainT 4...ss(@) is given in Section 4.1.

4 Design of Genetic Algorithm

4.1 Chromosome Representation and Fitness Evaluation

By the definitions in Section 2, a broadcast program can be transformed into a list as shown in Figure
6. Partially mapped crossover (abbreviated as PMX) [9] is a widely-used crossover method when the
chromosomes are encoded as lists, and is taken as the crossover operator. Here, we use swap operator
as the mutation operator. Fitness is the measurement of the quality of the chromosomes, and the GA
is designed to search the chromosome with the highest fitness (i.e, maximize the fitness). Since the
goal of dependent data broadcast is to minimize the average access time of the given query profile, the
fitness function is defined dSitness(P) = 7— .

According to Equation (1)7 access(Q) is @ weighted summation of ally...ss(@;). In addition,
T access(Q;) for each query); can be calculated on the basis of the theoretical results derived in Section

3. Hence,T4..ss(()) can be obtained by Equation (1) after the calculatioW gf...s(Q;) for each

query@;. The algorithmic forms of the calculations B ...;s(Q;) andT s ..ss(()) are as below. After
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Figure 6: The mapping of a broadcast program and its corresponding chromosome

T access(Q) is calculated, the fithness value of each chromosome can be obtained based on the definition

of fitness function.

Procedure CalAccessTing(P)

Input : A query profile() and a broadcast prografm

Output: T ..ss(Q) over the broadcast prograim

: TAccess(Q) —0

: fori=1to|Q|do

Trccess(Q) < Taccess(Q) + CalAccessTimeO fQuery(Q;, P) x Pr(Q;)

end for
return sccess(Q)

Function CalAccessTimeOfQue§yf, P)

Input: A query@; and a broadcast programm

Output: Tccess(Q;) on the broadcast program

. (Q;, cycleN o)«QueryRefinementy;, P) /* Refine the query); */

: Calculateffswmp(@;) andTRetT_(Q;) in accordance with the results of Lemma 3 and 4
: TAccess(Q;’> — TStartup(Q;) + TRetr.(Q;)

returnT yeeess (Q;) + cycleNo x L x + I* According to Lemma 1 */

aRrw e

A WON P

4.2 Complexity Analysis

In this paper, we terminate the GA after a specified number of generatigng.(It is intuitive that the

optimal solution can be obtained by exhaustive search. However, when exhaustive search is employed,
the time complexity is in proportion to the size of search sgaee O(|D|!)) which makes exhaustive
search infeasible. On the other hand, for a given populatiomsizgeaftern ., generations, the size of

the search space of the proposed GA is reducét tg,, x nc., ). Itis noted that the time complexity is

dominated by the number of objective function evaluations. Since the time complexity of the objective
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] Parameters \ Values \

The size of population{p,,,) 4

The probability of crossoveri) 0.5

The probability of mutationif,,) 0.5

The size of each data item)( 8K bytes
The bandwidth of each broadcast chandg) ( 80K bytes/sec

Table 1. System Parameters in the example

functionisO(|Q| x|D|), the overall time complexity of the proposed GAU$n p, X ngen X | Q] X | D).

Next, we analyze the space complexity of the GA. There are two main data structures in the GA.
One is used to store the whole query profile, and therefore, the size of this data stru€yi@|is
AvgQLen), whereAvg(Q) Len represents the average query length. The other data structure is used to
store the chromosomes. Since thererasg, chromosomes and the length of one chromosome is equal
to L xn = |D|, the size of this data structure(&n p,, x | D|). As a result, the overall space complexity

of the proposed GA i§(|Q| x AvgQLen + npy, X |DJ).

4.3 An lllustrative Example

Figure 7 shows an example to illustrate the execution of the proposed algorithm. The query profile is
shown in Figure 3 and the system parameters of this example are given in Table 1. Note that only the
process of the first generation of the proposed GA is described in Figure 7, since GA is iterative and
the process of each iteration (i.e., generation) is similar to one another.

In the beginning, since the initial population is empty, four chromosomes (i;e.C5, C5 and
C,) are randomly generated as shown in Figure 7a. Then, the fitness values of all chromosomes are
calculated in fitness evaluation phase. Consider the fithess evaluatipgnaf C;. After query re-
finement, we have), = {D;, D,} andcycleNo = 1. In accordance with Lemma 1 and Equation

(3), Tsmmp(Q’l) andTg..,.(Q}) should be calculated before the calculatiodgf,...(Q;). By Lemma
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| ID | Representation | Fitness| Selection Prob
Cy | {D1, Ds, Dy, Dy, D3, D5} | 1.86 25.41%
Cy | {D4, Do, Ds, D1, D5, D3} | 1.82 24.863%
Cy | {Ds, Dy, Dy, Dy, Dg, Dy} | 1.82 24.863%
Cy | {D4, Dy, Ds, D3, Dg, Do} | 1.82 24.863%

(a) Initial population

| ID | Representation | Fitness| Selection Prob
Cy | {Dy, Dy, Dg, Da, D3, D5} | 1.86 25.272%
Cy | {D4, Do, Ds, D1, D5, D3} | 1.82 24.728%
Cy | {D1, Do, Ds, Da, D3, D5} | 1.86 25.272%
Cy | {Ds, Dy, Dy, Dy, Dg, Dy} | 1.82 24.728%

(b) The result of selection

| ID | Representation | Fitness| Selection Prob
Cs | {D4, Do, Ds, D1, D3, D5} | 1.86 25.272%
Cs | {D1, Do, Ds, Da, D5, D3} | 1.82 24.728%
Cy | {D1, Do, Ds, Dy, D3, D5} | 1.86 25.272%
Cy | {Ds, Dy, Dy, Dy, Dg, Dy} | 1.82 24.728%

(c) The result of crossover

| ID | Representation | Fitness| Selection Prob
Cs | {D4, Do, D, D1, D3, D5} | 1.86 24.668%
Cy | {Ds, D1, Dy, Dy, Dy, D3} | 1.86 24.668%
Cy | {D1, Ds, Ds, Dy, D3, D5} | 1.86 24.668%
Cs | {D2, Dy, Ds, Dy, D5, Dy} | 1.96 25.996%

(d) The result of mutation

Figure 7: The first generation of the proposed GA

Figure 8: The result broadcast program of the example
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3, we can obtailsiamu,(Q)) = sz x [S55 + B35 = L. Similarly, we haveTy, (@) =

’

g X [B-24D)xQ2-14+D+Q2-1)xB-2+1+1)] = & and Tauess(Q)) =

Tstartup(Q1) + Tretr.(Q1) = 15455 = 5. Finally, we haVel s cess (Q1) = 2 +1x3x 5 = 37 = 0.6167.

By similar approach, we havBi ccss(Q2) = Tuccess(@Q3) = 55 = 0.55 aNdTuceess(Q1) = 55 =

0.35. On the basis of Lemma 1, the average access time of the query profile I8l 4ccess(Q) =

0.4 x 0.6167 + 0.2 x 0.55 4+ 0.2 x 0.55 4+ 0.2 x 0.35 = 0.53668. The fitness value of’; is equal to

m = 1.86. Similarly, the fitness values @f;, C'; andC are as shown in Figure 7a.
In selection phase, the selection probabilitybfis equal tor g5 s = 25-41%. Similarly,

the selection probabilities of other chromosomes are as shown in Figure 7a. Then the chromosome se-
lection executes four (i.e., the valuerof,,) times, and in each execution of chromosome selectipn,
C,,C3 and (), are selected with probabilities 25.41%, 24.863%, 24.863% and 24.863%, respectively.
Note that one chromosome can be selected multiple times. The result of selection in this example is
shown in Figure 7b.

In crossover phase, on the average, 50% of chromosomes are selected to crossoyer sifce
We assume that’; and(C; are selected to crossover. After the execution of crossover operator (PMX
in this example), two offspring af'; andC; (i.e., C; andC;) are generated and the result of crossover
is described in Figure 7c. Interested readers are referred to [9] for the details of PMX. In mutation
phase, we assume th&t and Cs are selected to mutate, and the result of mutation is shown in
Figure 7d. Finally, the chromosome with largest fitness value is recorded as the best chromosome.
In this iteration, the best chromosomel§ = {D, D3, D¢, D1, D5, D,}. A better chromosome
{D, D5, Dy, D¢, D4, D3} can be obtained by successive iterations. This chromosome is then trans-

formed into the broadcast program as shown in Figure 8.
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Parameters \ Values \

The number of generations .,) 200

The size of population{p,,,) 20

The probability of crossoveri) 0.5

The probability of mutationy,) 0.5

The size of each data item)( 8K bytes
The bandwidth of each broadcast chandg) ( 80K bytes/sec
The number of data item$I0|) 1000

The number of queries@|) 500

The average query length 15

The Zipf parameter 0.4

Table 2: System Parameters

5 Performance Evaluation

5.1 The System Model

We implement our GA-based algorithm with GAlib [27]. In addition, we also implement a query profile
generator based on the approach mentioned in [21]. The query profile generator contains the following
adjustable parameters: (1) the size of databg3g,((2) the number of querie$q|), (3) the average
length of queries and (4) the fanout of each data item. The dependency among data items is modeled as a
dependency graph. The fanout of each data item represents the degree of the corresponding vertex in the
dependency graph. The probability of the qu@ryissued by users is assumed tafbeQ);) = Z;Qll);)e
whered is the parameter of the Zipf [31] distribution. Table 2 shows the system parameters in our
experiments. The simulator and query profile generator are coded in C++.

In addition to the proposed GA, named as scheme GA, we also implement schehf22)/F
GREEDY and OPT for comparison purposes. Schemé 4 an effective algorithm which can ef-
ficiently generate a broadcast program in multiple channels. As shown in [22], the resultd‘of VF

are very close to the optimal ones if there is no dependency among data items. Scheme OPT is an

exhaustive search algorithm which is able to obtain the optimal broadcast programs.
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Scheme GREEDY is a greedy algorithm which generates a broadcast program for unordered queries.
The rationale of scheme GREEDY is to place the data items within the same query closely since these
data items are likely to be requested together. Scheme GREEDY takes the chromosome proposed
in Section 4.1 as the representation of a broadcast program. The details of scheme GREEDY are as
follows. First, all queries in the query profile are sorted according to their access probabilities in de-
scending order. In addition, the resulting chromosome is initialized as empty and all data items are
marked as UNPLACED states. Scheme GREEDY then considers each query according to the sorted
order. In the consideration of a query, Sy data items in PLACED states are removed fr@gsince
their placements are determined (i.e., they have been placed). Then, the remaining datagteans in
appended to the chromosome. In addition, these data items are marked as PLACED states. Scheme
GREEDY considers the queries in the query profile in turn until all data items are in PLACED states.
Finally, scheme GREEDY transforms the resulting chromosome into the corresponding broadcast pro-
gram and takes this broadcast program as the result.

We use the query profile shown in Figure 3 to illustrate the execution of scheme GREEDY. Initially,
all data items are in UNPLACED states and the resulting chromosome is set to be empty. The order that
scheme GREEDY considers these querigg;isQ)., Q3 andQ,. Note that the order af),, @3 andQ,
are randomly determined siné&(Q);) = Pr(Qs) = Pr(Q4). When considering), sinceD;, D,

D3 and D, are in UNPLACED states, scheme GREEDY appends them into the resulting chromosome
and marks them as PLACED states. Hence, the resulting chromosome after the considei@tion of
is {D1, Do, D3, D,}. Then, scheme GREEDY consideps. Nothing happens since all data items

in @, are in PLACED states. When considerifg, scheme GREEDY appends to the resulting

chromosome. Then, the resulting chromosome becdibesD,, D3, Dy, Dg}. Similarly, the resulting
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chromosome i§ D1, Do, D3, Dy, D¢, D5} after the consideration @f,. Finally, the resulting broadcast
program can be obtained by transforming the resulting chromosome by the steps shown in Figure 6.
For performance comparison, the performance gain of scheme A over scheme B is defined as

Avg. Access Time of scheme B Avg. Access Time of scheme A
Avg. Access Time of scheme B '

In addition, we use performance degradation as the performance metric when comparing scheme A and

scheme OPT. The performance degradation of scheme A over scheme OPT is defined as

Avg. Access Time of scheme A Avg. Access Time of scheme OPT
Avg. Access Time of scheme OPT ’

5.2 Experimental Results

5.2.1 The Evolution of Scheme GA

As mentioned in Section 4, scheme GA is an iterative process. The quality of obtained result and
execution time is dependent on the valuengf,,. Obviously, the obtained result is of better quality
whenng,, is larger. However, a large.., implies long execution time. Hence, it is important to
determine a proper value af., to strike a balance between the execution time and the quality of
result. In this experiment, we investigate the evolution process of scheme GA by varying the value
of ngen. Figure 9 shows the effect of different valuesigf,,, ranging from 0 to 500 on the average
access times of the resulting broadcast programs. The corresponding execution times of all schemes are
presented in Figure 10. Note that.,, = 0 represents the case of randomly generatipg solutions.

As shown in Figure 9, since scheme OPT, GREEDY and \@Fe independent of.,,, the average

access times of the result broadcast programs of these schemes are not affegigd bye observe
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that the results of VI are much worse than that of other schemes, and hence, the result§ efr¥/F
omitted henceforth. Although the results of ¥fare close to the optimal ones when the data items are
independent of one another, scheme®™Vdfoes not perform well due to the lack of the consideration

of data dependency. This result shows the necessity of the consideration of data dependency. We also
observe that scheme GREEDY outperforms schemé& .VFhis can be explained by the reason that
scheme GREEDY considers the data dependency by placing the required data items of the queries with
higher access probabilities as closely as possible.

The average access times of the broadcast programs of scheme GA decrease as thewvglue of
increases. In addition, the results obtained by scheme GA become closer to the optimal ones when the
value ofng,, is larger. However, the speed of convergence becomes slownyhgts larger than 200.
Therefore, we set., to be 200 in the following experiments. We observe that whgy, is small,
scheme GREEDY outperforms scheme GA. However, when is large enough (larger than 80 in this
experiment), the results of scheme GA are better than that of scheme GREEDY. The performance gain

of scheme GA over GREEDY increases from 17% to 31.4% when increases from 100 to 500.
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As shown in Figure 10, the execution time of scheme GA increases linearly as the valyg, of
increases, which fully agrees with the time complexity analysis in Section 4.2. Since schéme VF
and GREEDY are simple heuristics, they execute much faster than scheme GA. In addition, since the
execution time of scheme OPT is much longer than that of other schemes, the execution time of scheme

OPT is omitted in this and the following experiments.

5.2.2 The Effect of the Number of Channels

This experiment investigates the effect of the number of channels in the average access times and the
execution times of all schemes. Figures 11 and 12 show the average access times and execution times
of scheme GA, GREEDY and OPT with the number of broadcast channels:jixaried. The value
of n ranges from 2 to 10.

Consider the results shown in Figure 11. The average access times of all schemes decrease as the
number of channels increases. This result agrees with our intuition in that the increase of the network
bandwidth causes the average access time to decrease. However, the improvement on the average access

time decreases as the number of channels increases. As a result, the determination of the number of
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broadcast channels should consider the balance between performance improvement and the number
of channels used. The number of broadcast channels suggested by our experiment is around 6. The
performance gain of scheme GA over scheme GREEDY increases from 13.33% to 25.67% when the
number of channels increases from 2 to 10. This result shows that scheme GA outperforms scheme
GREEDY especially when the number of channels is large.

As shown in Figure 12, the execution time of scheme GREEDY is not affected by the number of
channels. However, the execution time of scheme GA decreases as the number of channels increases.
This result is caused by query refinement. By Definition 3, a large valudgraplies a short broadcast
program (i.e., a small value @f). According to function QueryRefinement, the number of the required
data items of each refined quegy is always smaller than or equal fo The decrease df will incur

short refined queries and therefore decrease the time to cal@lglg,tgp(cg;) andT g, (Q;).

5.2.3 Comparison of Single and Multiple Channel Environments

We next investigate the effect of the number of channels by fixing the total available bandwidth. We

set the total bandwidth to be 800K bytes/sec, and the number of channels is set to be from 1 to 10. The
average access times of all schemes with the number of channels varied are given in Figure 13.

As observed, the average access times of all schemes increase as the number of channels increases.

This result agrees with the intuition that in a single environment, all bandwidth can be best utilized

to minimize the average access time. The utilization of bandwidth degrades in a multiple channel
environment since a mobile client can only listen on one channel at a time. Multiple channels also
increase the difficulty to minimize the average access time. Hence, the performance degradation of

scheme GA over scheme OPT increases from 0.96% to 8.02% as the number of channels increases
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from 1 to 10. Under the same condition, it is interesting to see that the performance degradation of
scheme GREEDY over scheme OPT increases from 5.64% to 48.88%. This is explained by the reason
that scheme GREEDY only tries to place data items with the same query as closely as possible and
does not consider the effect of multiple channels. As a result, the performance degradation of scheme

GREEDY over scheme OPT becomes more severe when the number of channels increases.

5.2.4 The Effect of Average Fanout of Data Items

This experiment evaluates the effect of the average fanout of data items. Figure 14 shows the average
access times of all schemes with the value of average fanout varied. The value of average fanout is set
to be from 5 to 30. As shown in Figure 14, the average fanout of data items only slightly affects the
results of all schemes. The average access time of scheme OPT ranges from 9.8 to 10.2. In addition,
scheme GA outperforms scheme GREEDY in this experiment. The performance gain of scheme GA

over scheme GREEDY ranges from 16.62% to 26.41%.
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5.2.5 The Effect of Average Query Length

In this experiment, we investigate the effect of the average query length. Figure 15 shows the average
access times of all schemes with the value of average query length varied. The value of average query
length is set from 5 to 30. It is intuitive that the average access time increases as the value of average
guery length increases. We observe that the performance degradation of scheme GA over scheme OPT
increases from 8.24% to 13.67% when the value of average query length increases from 5 to 15. In
addition, the performance degradation of scheme GA over scheme OPT keeps in the range between
11.5% and 13.5% when the average query length is larger than 15. On the other hand, the performance
degradation of scheme GREEDY over scheme OPT increases from 15.11% to 41.95%. In addition,
the performance degradation of scheme GREEDY over scheme OPT keeps in the range between 34%
and 43.5% when the average query length is larger than 15. It can be explained that the optimization
constraints are relaxed when the value of query length is small. Hence, all schemes perform well with a
small value of average query length. In addition, scheme GA outperforms scheme GREEDY especially

when the value of average query length is large. Since scheme GREEDY is a simple heuristic, the
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performance of scheme GREEDY degrades severer than that of scheme GA when the optimization

constraints are strict (i.e., the value of average query length is large).

5.2.6 The Effect of the Skewness of Queries

In this experiment, we consider the effect of the skewness of the access probabilities of queries. The
skewness is controlled by the valuetfThe larger the value df, the more skewed the access proba-
bilities of the queries are. The value @fs set to be from 0 to 1.2. Note thét= 0 indicates that the
access probabilities of all queries are uniform (ife:(Q;) = Pr(Q;) for all  andy).

Figure 16 shows the average access times of all scheme8 vatied. We observe that the average
access times of all schemes decrease as the valfiencfeases. It is because that when the access
probabilities are not skewed, minimizing the average access time is not effective since more queries
are involved. When the access probabilities of queries are skewed, optimizing hot queries is able to
minimize the average access time well. Hence, scheme GREEDY performs better when the access
probabilities are highly skewed since scheme GREEDY favors queries with high access probabilities.
As a result, the performance gain of scheme GA over scheme GREEDY decreases from 27.79% to

13.73% as the value éfincreases from 0 to 1.2.

5.2.7 Summary

Based on the above experimental results, the characteristics of scheme GA and GREEDY are summa-

rized in this subsection according to the following respects.

e Result effectivenes3he relative performance of schemes depends on the value.of If nge,

is large enough (i.e., given sufficient time to execute), scheme GA is more effective than scheme
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GREEDY. However, if the time to execute is not sufficient (g, iS too small), scheme

GREEDY outperforms scheme GA.

e Execution speedScheme GREEDY is faster than scheme GA due to the simplicity of scheme

GREEDY.

e Performance stabilityif ng., IS large enough (i.e., given sufficient time to execute), the results
of scheme GA are always close to the optimal ones. On the other hand, the performance of
the results of scheme GREEDY depends on several factors. For example, as pointed out above,
scheme GREEDY does not perform well when the access probabilities of queries are not skewed.

Hence, the performance of scheme GA is more stable than that of scheme GREEDY.

e ConvergenceSince genetic algorithms are convergent processes, the results of scheme GA be-
come better when the allowed time to execute is longer. On the contrary, the results of scheme

GREEDY are not affected by the allowed time to execute.

5.3 Adaptation Ability of Scheme GA

We next investigate the adaptation ability of scheme GA against the change of the query profile.
To adapt the change of the query profile, an adaptive version of scheme GA (referred to as scheme
Adaptive-GA) is proposed. In scheme Adaptive-GA, scheme GA is activated periodically, and we call
each activation a run. In each run, scheme GA is executed for a predetermined time interval. The
resulting population of the current run is taken as the initial population of the next run.

According to the observations in Section 5.2.7, the relative merits of scheme GREEDY and GA are

in fact complementary rather than competitive. Therefore, we propose a scheme named Augmented-
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GA to take advantage of the respective merits of both schemes. In essence, scheme Augmented-GA is
a revised version of scheme Adaptive-GA. In each run of scheme Augmented-GA, scheme GREEDY
is executed and the result of scheme GREEDY is inserted into the population of the current run.

To compare the adaptation ability of scheme Adaptive-GA and Augmented-GA on the change of
the query profile, we execute scheme GREEDY and scheme OPT in each run. We assume the time
interval between runs to be one hour. The allowed time to execute scheme GA for each run is set to six
seconds. In the first run, the valueis set to be 0.6. The value 6éfis changed to 1.2 after a period
which is, without loss of generality, eight hours. The order of the access probabilities of all queries is
also changed. The value 6fs changed to 0.2 after more eight hours. The experiment executes for 24
hours. The average access times of scheme GREEDY, OPT, Adaptive-GA and Augmented-GA with
time varied are shown in Figure 17.

In the first run, since the allowed time to execute scheme GA is short, scheme GREEDY outper-
forms scheme Adaptive-GA. Since the result of scheme GREEDY is inserted into the population of
scheme Augmented-GA, the result of scheme Augmented-GA is at least as good as that of scheme

GREEDY. In the successive runs (from the second run to the eighth run), due to the convergence prop-
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erty of GAs, the results of schemes Adaptive-GA and Augmented-GA become better and better. We
observe that scheme Adaptive-GA outperforms scheme GREEDY after the fifth run. Due the insertion
of the result of scheme GREEDY, the convergence speed of scheme Augmented-GA is faster than that
of scheme Adaptive-GA. Hence, scheme Augmented-GA outperforms scheme Adaptive-GA. The re-
sults of schemes GREEDY and OPT remain stable in the first eight runs since the query profile is not
changed.

The first change of the query profile occurs in the ninth run. As the results shown in Section 5.2.6,
the increase of skewness will increase the average access time. Hence, the average access times of
schemes GREEDY and OPT decrease after the ninth run. Scheme Adaptive-GA is able to adapt the
change of the query profile. However, since the allowed time to execute scheme GA is short, scheme
Adaptive-GA in the ninth run is outperformed by scheme GREEDY. The results of schemes Adaptive-
GA and Augmented-GA improve in the subsequent runs until the second change of the query profile.
Since the second change of the query profile occurs in the 17th run, the scenario between the 17th run
and the 25th run is similar to that between the ninth run and the 16th run.

This experiment result shows that scheme Augmented-GA can successfully take advantages of the
respective merits of scheme GREEDY and scheme GA to achieve better performance than pure GA-
based schemes. In fact, with scheme Augmented-GA, one can either decrease the period of each run or

increase the execution time to speed up adaptation and convergence.

6 Conclusion

Data broadcast is an important data dissemination technique on mobile computing environments. Gen-

erating broadcast programs to effectively reduce the average waiting time is an important issue of data
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broadcast. We explored in this paper the problem of broadcasting dependent data in multiple broadcast
channels for unordered queries. By analyzing the model of dependent data broadcasting, we derived
several theoretical properties for the average access time in a multiple channel environment. In light of
the theoretical results, we developed scheme GA to generate broadcast programs for unordered queries.
To evaluate the effectiveness of scheme GA, we developed scheme OPT which is able to generate the
optimal broadcast programs by exhaustive search. In addition, we also designed scheme GREEDY to
efficiently generate broadcast programs for unordered queries in a greedy mannetr.

To measure the performance of scheme GA, several experiments were then conducted. Our exper-
imental results showed that the theoretical results derived are able to guide the search of the genetic
algorithm very effectively, thus leading to broadcast programs of very high quality. Specifically, the
performance of the broadcast programs generated by scheme GA is close to that generated by scheme
OPT (i.e., the performance of the optimal broadcast programs). After summarizing the experimental
results, we observed that the relative merits of scheme GA and scheme GREEDY are in fact comple-
mentary rather than competitive. As a result, we developed scheme Augmented-GA to take advantage
of the respective merits of both schemes. Experimental results showed that scheme Augmented-GA

can achieve better performance than pure GA-based schemes.
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Appendix: Proofs of All Lemmas

Proof of Lemma 1Consider the procedure QueryRefinement in Section 3.2. Sin¢eNo is defined

as “the maximum of al| H ;]

"—1, the maximal number of data items in &ll[j] for 1 < j < L is
cycleNo + 1. Since the mobile device can only listen to at most one broadcast channel at a time, the
mobile device can retrieve at most one data iten#ij] in onefull broadcast cycle (i.e., the mobile
device listens on the broadcast channelsifor %). Therefore, to read all required data itemshf

the mobile device should listen on the broadcast channels atlgésiN o full broadcast cycles.
Suppose that the mobile user subnditsin the m-th broadcast cycle, and the distance between the

starting point ofin-th broadcast cycle and the moment that the mobile user sutynitsbex. Assume

thatx follows a uniform distribution ovef0, L). After listening on the broadcast channelsdgele No

full broadcast cycles, the mobile device should then retrieve data ite@isirthe (m + cycleNo+1)-

st broadcast cycle. Denote the access time when the mobile user sahmit®ffsetz ast(Q, ).

T access(Q;) can be formulated as

TAccess(Qi) = % X [AL t(QZ’;(;)dl"| X % = % X [/OL (CycleNO x L+ t(Q;,.T)) d[]ﬁ] X %

= TACCESS(Q;) + cycleNo x L x % Q.E.D.
Proof of Lemma 2According to the procedure QueryRefinement in Section 3.2, all data items of equal

placements are hashed into the same bucket. Due to the loop in line 5-9, for each butkat most
one data item will be selected and inserted i@o Therefore, for two randomly selected data items
from Q;, sayD, andD,, we haveplacement(x) # placement(y). Q.E.D.
Proof of Lemma 3:Consider the proof of Lemma 2. Let the serigg), 1 < j < |Q;| represent the
sortedplacements of all data items required Qy in ascending order andrepresentQ;|. Without
loss of generality, we reorder all required data item&pfo be{Dy1), Dy, - - -, D) } according to
the placements of all data items in ascending order. Note that the placem@ptois a(j). Due to
the result of Lemma 2, all elements in the serigp) are distinct with one another.

As shown in Figure 18, the broadcast program can be dividedhintd parts by the start time of
Dyjy, k = 1,2,---,b. Consider the same scenario in the proof of Lemma 1. To minimize the access
time, the mobile device will read);,,,) as the first retrieved data item whedies on partp, 1 < p < b.

In addition, the mobile device will reaB ;) in (m + 1)-st broadcast cycle whenlies on part(b + 1).
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‘ the m-th broadcast cycle ‘ ‘ the m-th broadcast cycle the (m+1)-th broadcast cycle
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Figure 18: The illustration of the proof of  Figyre 19: The illustration of the proof of
Lemma 3 Lemma 4

Recall that the time interval between the start time ofrtiréh broadcast cycle and the moment of the
appearance ab; is (placement(j) —1) x 5 = (a(j) —1)) x . Sincez follows a uniform distribution

over (0, L), the average startup time 6f, on the broadcast program can be formulated as below.

/ 1 (-1 a(2)-1
Tstartup(Q;) = 7 x / [ (1)—1-— x} dr + (1)1 [a(2) —1- :L'} dx

a(b)—1 L s
+/ ab —1—az}da¢+ {L—x—i—a(l)—l}dw X —
a(b—1)— 1 z=a(b)—1 B

s bzl{auu)—a(iﬂgJL‘“(””“(”F QED.

LxB ; 2 2
=1

Proof of Lemma 4:Consider the same scenario in the proof of Lemma 3. jl(¢} represent the
probability that the mobile device reads, ;) as the first retrieved data item. FbK j < b, p(j) is the
probability thatz lies on partj. In addition,p(1) is the probability that: lies on partl andb + 1. p(j)
can be formulated ag(j) = 2=+ whenj = 1 andp(j) = “2=20-1 when; # 1.

Now consider Figure 19. Since the placement®gf) j = 1,2, -- -, bare distinct and in an ascend-
ing order, the mobile device will sequentially retrielg ;y, Dy(;+1), - - -, Di) in them-th broadcast
cycle and then retriev®y,1), Dy (), - - -, Dy(j—1) in the (m 4 1)-th broadcast cycle. Let(j) represent
the retrieval time of)" when the mobile device reads, ;) as the first retrieved data item(;) can be
formulated as(j) = (a(b) —a(1) +1) x 3 whenj = 1andr(j) = (L —a(j) +a(j —1)+1) x 5
whenj # 1. Then,Txe..(Q') can be formulated aBg... (Q') = X0_; p(j) x (j)

— o @ - a) + a) x (0~ o) + 1) + Z[ )= alj = 1) x (L—a(i) +alj - )+ D] .

Q.E.D.
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