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Abstract. Recently there has been considerable inter-
est in delivering information to distributed mobile clients
via wireless broadcast. Information transmitted periodi-
cally over wireless media can be regarded as a virtual disk,
which we call an airdisk, analogous to a standard magnetic
disk. Airdisks offer an efficient mechanism for delivering
personalized information services to mobile clients with
portable or laptop computers by broadcasting data and
allowing clients to filter out the items of interest to them.

We study the problem of scheduling the order in which
data items are broadcast so as to minimize the access
time of the clients, focusing on the case where the server
inserts an index at the start of the broadcast period. We
observe that the problem is analogous to that of deter-
mining how data should be laid out on the disk, and show
that the problem is in general NP-complete. We develop a
branch-and-bound procedure for solving the problem op-
timally, and then develop a fast, simple heuristic. The re-
sults of our simulation experiments show that the heuristic
runs substantially faster than the branch-and-bound pro-
cedure, and yet produces schedules that are only slightly
longer.

1 Introduction

The delivery of information over wireless media is
I'a,piu.l_y becoming an important and expanding applicat-
ion area. We consider the delivery of personal information
services via periodic wireless broadcast described as fol-
lows. An information services provider generates data.
A fixed, (logically) centralized information server period-
ically broadcasts the data to a large number of mobile
clients via a wireless medium. As an example, the server
receives updates of current stock prices from the stock ex-
change, updates its database, and periodically broadcasts
the updated information to the clients. The information
may also be road traffic information, e.g., similar to the
personalized information provided by the SCOUT traffic
information system [14]. The clients receive the broad-
casts and filter out the information which is not desired.
(Note that a client is a device, while the ultimate human
recipient of the data is called the user.) This approach
1s particularly well-suited for applications, such as traffic
information [14], where it is expected that there will be
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substantial commonality in the items of interest to users,
and the wireless communication bandwidth is at a pre-
mium. Note that a mobile client device need not nec-
essarily be continuously “tuned in” at full power while
waiting for items of interest; by shppmg into a doze mode
while waiting, substantial savings in power consumption
can be achieved.

We can model the periodic broadcast of data as a vir-
tual disk, which we call an airdisk [9, 10]. This is similar to
the notion of broadcast disks developed by Acharya et al
[1]. (In the rest of this paper, the term “disk” or “airdisk”
is used to refer to a virtual disk.) In the rest of this sec-
tion we describe the system model. In the next section we
describe the indexed data layout problem: how to mini-
mize the average time experienced by clients for reading
data items of interest from the broadcast when the broad-
cast includes an index; we show that solving this problem
optimally is NP-complete. In sec. 3 we describe a branch-
and-bound algorithm for the indexed data layout problem.
In sec. 4 we present a fast suboptimal heuristic for its so-
lution, as well as simulation results on the performance
of the branch-and-bound algorithm and the heuristic. In
sec. b we discuss our results and related work.

1.1 System model

In the airdisk model, a (logically) centralized server
broadcasts data (writes on the disk) and many clients
can receive the broadcast (read the disk) and also send
messages to the server to modify the content of the next
broadcast (i.e., write the disk).

Fach broadcast period (see Fig. 1) consists of a pream-
ble used for synchronization followed by a period flag in-
dicating the start of the data in the period. In general,
the period flag This is followed by an index which gives
the sequence of data items broadcast in this period. Each
data item has an item header at the start (identifying the
item and, e.g., its length) and a trailer indicating its end.
Depending upon the scheme used for sending the data, the
preamble, index, headers and trailers may be of zero or
more bits. The item headers and trailers are not required
if all items are of the same length, and that length is fixed
and known to the clients. An index is not required if the
data items are fixed and sent in a fixed sequence known
to the clients.

We define the mean rotational latency as the average
time that a client which starts reading the airdisk at an
arbitrary point of time has to wait for the start of the
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Figure 1: A general periodic wireless broadcast

next rotation (broadcast period); an expression for this
quantity can be derived [9, 10].

2 Dynamic data layout

We have previously considered the situation in which
communication is simplex and the clients simply filter the
data broadcast by the server [9, 10]. In this paper we
consider the situation where the server has some informa-

ing the sequence of the items on the disk. Since client in-
terest information is known in advance, a disk layout can
be chosen to reduce the mean item reach and hence the
mean access time.

We cast the problem of minimizingitem reach in graph-
theoretic terms as follows. Let each data item be repre-
sented by a vertex of a graph, and let the vertices be
numbered consecutively. We will introduce a hyperedge
for representing the items of interest to each client. Re-
call that a hyperedge is simply an edge that can connect
more than two vertices; i.e., a hyperedge i1s an arbitrary
subset of the set of vertices, instead of only a pair of ver-
tices. Self-loops (i.e., hyperedges which connect only one
vertex) are allowed. Thus, for each client we introduce
one hyperedge which connects the vertices corresponding
to the data items the client is interested in. As an exam-
ple, in Fig. 2 (a), we show a graph corresponding to a

tion about the data items which clients are interested in,
and dynamically can change the data layout in response
to client read patterns. (We have discussed schemes for
obtaining this client interest information in [9]; for the
moment, suppose this information is available.) In that
case, 1t may be possible to improve the performance of
the airdisk system by exploiting this client interest infor-
mation [8, 4]. We examine how to do so by scheduling the
order of individual items in the periodic broadcast. Sched-
uling the periodic broadcast is analogous to the problem
of laying out the data on the airdisk. We have previously
[9, 10] considered the case in which there is no index on
the airdisk (as assumed in [4]); in this paper we consider
the situation where there is an index (as assumed in [8].)
Note that in the first situation client energy consumption
may be high since the client has to read the airdisk all the
time, while in the second situation more wireless band-
width is consumed for the index.

2.1 Indexed data layout

Suppose the airdisk has an index which specifies the
sequence of data items in each rotation, and for simplic-
ity, assume that all the data items are of the same length.
A client then accesses the data items of interest by first
reading the index and then reading only each data item of
interest. A client starts reading the disk at an arbitrary
instant of time, and a client’s access is not considered
completed unless 1t has read all the items it 1s interested
in. The access time for a client will be the sum of four
components: (1) the rotational latency for the index, i.e.,
waiting for the index of the next rotation to appear, (2)
the data transfer time to read the index, (3) the item
reach, 1.e., the time until the last item the client is inter-
ested in appears, and (4) the data transfer time to read
the last item. (Note that a client always waits for the
index before any data transfer, and that the data trans-
fer time for items other than the last one is overlapped
with the item reach.) We are interested in minimizing the
mean access time over all clients; we call this the Indexed
Data Layout (IDL) problem.

The mean rotational latency and data transfer times
are fixed once the set of items in a given rotation is de-
cided. However, the item reach can still be varied by vary-

broadcast period with five data items, numbered 1 to 5,
which are modeled as five vertices numbered 1 to 5. There
are eleven clients, shown by eleven edges; in this example
each client is interested in only two items and so there
are no hyperedges. Parallel edges, such as the two edges
connecting vertices 1 and 2, correspond to clients which
are interested in the same data items. The length of a
hyperedge is the difference between its lowest and highest
numbered vertex. For example, in Fig. 2 (a), the length
of the edge connecting vertices 1 and 4 is 3.

We can show that the indexed data layout problem is
in general NP-complete i.e., computationally intractable.

Theorem 2.1 The problem of minimizing the mean ac-
cess time, over all clients, for the indexed data layout pr-
oblem is NP-complete, even if each client is interested in
only two items.

The proof is omitted for brevity (see [6].) However,
note that minimizing mean access time reduces to mini-
mizing mean item reach; the latter problem can be rewrit-
ten as follows. Given a graph G = (V, £) with vertex
set V and edges F, find a one-to-one function f : V —

{1,2,...,|V|} such that

so= »_ max(f(u), f(v)) (1)

(uv) € E

1s minimized.

Note that for the special case where every client is only
interested in one item on every rotation, the indexed data
layout problem can be solved trivially by ordering the
items in descending order of popularity, i.e., items with
the most client interest first.

3 An optimal algorithm for data layout

We will continue further discussion of the indexed data
layout problem, and its solution, in terms of its graphical
formulation in sec. 2.1. It is clear that the execution time
for solving IDL by the naive algorithm, i.e., exhaustive
enumeration, will be prohibitively large for all but a small
number of items, n. We develop an optimal algorithm
for this problem using the well-known branch-and-bound



approach [12]. The better the lower bound used in the
B&B algorithm, the more branches of the enumeration
tree will be eliminated. In the following we present a
lower bound on the mean item reach. We will use the
following observations.

Det. For a permutation f of the vertices of (G, where
J is a one-to-one function f : V — {1,2,... [V}, the left
degree of a vertex under f is the number of edges it has
connected to vertices which are placed earlier in f, i.e.,
the left degree of vertex v is

ld(v) = [{(u,v) : (w,v) € EA f(u) < f(v)}]

Observation. For a given vertex permutation f of the
vertices of graph G = (V, ),

sp= ), max(f(u), f(v)) = > f(wldv) (2)

(uv) € E v EV

This observation can be explained operationally as fol-
lows. The first equation above calculates s, by considering
each edge, and finding the position of its right endpoint,
while the second does so counting the number of edges
which are terminated at each vertex, and multiplying by
the position of that vertex.

It is clear from Eq. 2 that to minimize s; a permutation
f which places vertices in descending order of left degree
is desired. We use this to motivate the following lower

bound.

Lemma 3.1 Suppose that ¢ out of n vertices have been
placed, i.e., the first © positions of the permutation have
been decided. Let F; C E denote the edges which are com-
pleted, i.e, have both endpoints placed, after i < n vertices
have been placed. Then a lower bound on the objective
function so of Eq. 1 for the remaining vertices is given by

Ly = Y j#*max(0,min(|E| - |E;|,d(S(j — )))) (3)
j=it+1

where d(S(k)) is the degree of the kth vertex in the list
S created by sorting the remaining vertices in order of
descending degree.

The proof is omitted for brevity; see [6].

4 A fast heuristic for data layout

Although the B&B algorithm is much faster than ex-
haustive enumeration, (as we verified experimentally for
values up to n = 8 [6]), it is likely to be too slow for many
practical applications. It may be the case that B&B could
be made faster by designing a more sophisticated lower
bound. An alternative approach is to design a heuris-
tic which, while not guaranteeing optimality, gives results
close to optimal for a much smaller execution time than
B&B. We design two such heuristics below, and for the
second, more sophisticated one, present results of simula-
tion experiments showing that, for the situations studied,
it does indeed behave as desired.

degrees: 7 2 3 5 5

ieft-degrees: 2 2 2 S
(a) Original graph G, s =43

==K

degrees: 7
left-degrees: 1 S 3 2
(b) A layout by MAX, s =39

o

degrees: 5
left-degrees: O 3 3 3 2
(¢} An optimal layout, s = 37

Figure 2: Example of (a) an input graph G, whose order-
ing is improved by MAX as shown in (b), but which is
greater than the cost of (¢) an optimal layout.

To motivate the first heuristic, consider again the spe-
cial case we mentioned in sec. 2, namely, where every
client is only interested in one item. In that case the data
items should simply be ordered in descending order of de-
gree.

Def. The MAX heuristic consists of ordering the ver-
tices (data items) by descending degree.

Clearly, MAX will not produce an optimal layout when
(some) clients may be interested in more than one item;
an example is shown in Fig. 2. Here the five vertices,
which are ordered in some random permutation as shown
in Fig. 2 (a), are ordered by descending degree in Fig.
2 (b), with ties broken arbitrarily. While the random
permutation has an objective function value of 43, the
layout by MAX improves it to 39. However, it can be
shown that the optimal layout is the one shown in Fig. 2
(¢), which has an objective function value of 37.

However, the virtue of MAX is that for a graph with n
vertices and m edges it takes O(m) time to calculate the
vertex degrees, and O(nlogn) to sort, giving a total time
of only O(m + nlogn).

A better heuristic would be to modify the ordering ob-
tained from MAX by an iterative improvement. From our
observation in Eq. 2, to minimize s5 a permutation which
places vertices in descending order of left degree is desired.

Def. The MAX-LD heuristic consists of two steps. The
first step is to obtain an initial ordering by sorting the
vertices by descending degree, i.e., using MAX. In the
second step, the following operation is repeated for 7 =
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and the MAX-LD heuristic for graphs with unit-weight
edges and edge density 0.5. Note log scale on y-axis.

1,...,n—1: if the left degree of vertex ¢4 1 exceeds that of
vertex ¢, the positions of the two vertices are interchanged.

MAX-LD will also not always produce an optimal or-
dering. For example, considering the instance G' shown
in Fig. 2, MAX-LD will obtain the vertex ordering (1, 5,
4, 3, 2). We leave it to the reader to verify that this or-
dering has a cost of 38, which, while better than the cost
obtained by MAX, is still not optimal.

The MAX-LD heuristic will take O(m + nlogn) time
to run MAX, followed by O(m + n) time to perform the
left-degree check, for a total of O(m + nlogn).

4.1 Experimental results

We show preliminary experimental results from a set of
experiments which compare the performance of MAX-LD
with B&B. The MAX-LD algorithm was implemented as a
C program. The experiments were all performed by com-
piling the programs (with optimization level 4 enabled)
and executing on a Sun Sparc 1 station.

Expt. 1. The experiment was performed for several
values of the number of vertices n. For each value of n,
25 random graphs with edges of unit weight were gen-
erated (i.e., no parallel edges were allowed.) The edge
density was 0.5, 1.e., the number of edges is half the maxi-
mum possible number of edges. For each graph, the CPU
time for executing the heuristic was computed, as was the
CPU time for executing B&B; these values were averaged
over the 25 random graphs. In addition, for each input
graph, the cost s3(M AX — LD) of the ordering obtained
by MAX-LD was found, as was the optimal cost sa2(B&B)

found by B&B, and the ratio 82(MAXSZ(LBI2§;2(B&B) was

computed; this ratio was always averaged over the 25 ran-
dom graphs.

In Fig. 3, the mean CPU time for B&B is compared
with that for MAX-LD, for values of n = 5,8,10,11. It
is clear that MAX-LD takes much less time than B&B in
this case. Fig. 4 shows that the penalty paid by MAX-LD
in terms of the increased cost s5 1s only a few percent on
average for this experiment.

The comparison of the cost penalty paid by MAX-LD

s9 when the heuristic MAX-LD is used, compared to the
optimal solution. (Graphs with unit-weight edges and
edge density 0.5.)

Meun CPU time {milliseconds)

L ' ' L
o 20 30 40 50 60 70 80 90 %0
Nuiuber of vertices, n

Figure 5: Mean CPU time for MAX-LD heuristic for
graphs with unit-weight edges and edge density 0.5.

cannot be extended for large n in general, because the ex-
ecution time to calculate the optimal solution, even using
B&B, becomes prohibitive. We can, however, measure the
running time of MAX-LD.

Expt. 2. The experiment consisted of running the
MAX-LD heuristic in the same manner as for Expt. 1
above, but continuing it for n = 15,20, 50, 100. (The B&B
was not run.)

Fig. 5 shows the mean CPU time for the heuristic for
various values of n. It can be shown that the measured
mean CPU time grows roughly as O(n?). Recall that the
edge density of the input graphs is 0.5., i.e., the expected
number of edges is 0.5 * n(n — 1)/2 = O(n?); thus the
measured values for execution time are consistent with
the theoretical analysis.

5 Discussion and related work

We have extended the simulation experiments shown
above to consider the case that the edges are weighted
(i.e., there are parallel edges in the graph). The results are
qualitatively similar to those shown here, and are omit-
ted for brevity. We are currently also experimenting with



different (sparser) edge densities and hyperedges. In gen-
eral we expect that a simple heuristic like MAX-LD will
provide excellent results. We are considering additional
heuristics which may provide slightly better results, as
well as a more sophisticated lower bound which can be
used to improve the performance of B&B and hence al-
low experimentation with larger graphs. We are currently
also investigating an implementation of the airdisk model
in an experimental wireless LAN environment.

In other directions related to this work, we have con-
sidered the problem of obtaining information about data
access patterns in a wireless mobile environment, and dis-
cussed several alternative solutions [9]. Another issue with
airdisks is that as the quantity of data to be broadcast
increases, the delays involved in accessing data increase.
We use the airdisk model to borrow the solution to this
problem used for magnetic disks, 1.e., to improve perfo-
rmance via parallelism while maintaining availability via
redundancy, as in the Redundant Arrays of Inexpensive

[5] T. F. Bowen et al. The Datacycle architecture.
Comm. ACM, pages T1-81, Dec. 1992.

[6] V. Gondhalekar, R. Jain, and J. Werth. Schedul-
ing on airdisks: FEfficient access to personalized in-
formation services via periodic wireless data broad-
cast. Technical Report CS-TR-96-25, Univ. Texas at
Austin, Dept. of Comp. Sci., Oct 1996.

[7] J. Hennessy and D. Patterson. Computer Architec-
ture: A Quantitative Approach. Morgan Kaufmann,
San Mateo, CA, 1990.

[8] T. Imielinski, S. Viswanathan, and B.R. Badrinath.
Energy efficient indexing on air. In Proc. SIGMOD,
pages 25-36, 1994.

[9] Ravi Jain and John Werth. Airdisks and Air-
RAID: Modeling and scheduling periodic wireless
data broadcast. DIMACS Tech. Report 95-11, Rut-

Disks (RAID) approach [13, 7] which is in successful and
widespread use. We call this design the AirRAID, and we
have described it briefly in [9].

The ideas of periodic data broadcast were previously
introduced by the Datacycle project at Bellcore [5] and
by Tmielinski et al [8]. There has been a surge of related
work on periodic wireless broadcast recently. As men-
tioned previously, the airdisk model [9] is similar to the
notion of broadcast disks studied by Acharya et al [1].
In [1] the authors address two issues, the first being re-
lated to how to select the frequency with which data items
are broadcast in a broadcast period, and the second issue
dealing with how an individual client should best manage
its cache. Other work on broadcast disks [2, 3] has fo-
cused on policies by which clients may prefetch data. In
[11] the authors present single and multi-level signature
schemes, as well as schemes for caching the signatures at
the mobile clients. Finally, recent work by [15] has consid-
ered data broadcast scheduling, although not specifically
for the indexed data layout problem as discussed here.
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