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We consider the problem of real-time data broadcast scheduling in pervasive systems with soft deadlines and constraints on the order
in which data items should be broadcast to be useful. The broadcast
schedule needs to be generated to provide a certain level of quality of
service. Thus, the real-time scheduler has to eectively trade-o between
its running time and the quality of schedules generated. We use an evolution strategy to solve the problem. The variants tested includes (1+λ)ES, (1, λ)-ES, and a (2 + 1)-ES with a modied Syswerda recombination
operator, as well as a genetic algorithm.
Abstract.
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Introduction

Many pervasive application domains involve clients interested in groups of related data items that can be processed one at a time following some order.
Consider the following example  a trac management system in a large city.
The system gathers current trac information using sensors and disseminates
it to drivers in real time on demand. Drivers use smart GPS navigation units
to request road conditions so that they can be routed and re-routed along the
best possible roads. The GPS unit periodically requests trac information for
the roads that are still remaining in its route plan. The trac service needs to
provide the road conditions in the same order that the roads are in the route
plan. That is, if the current route plan is

hr1 , r2 , r3 , r4 i, where ri is a road identihrc1 , rc2 , rc3 , rc4 i,

er, then the trac service should provide the information as
where

rci

is the road condition for

ri . A scheduling problem occurs in such an ap-

plication when the number of data access requests is larger than the bandwidth
capacity of the server.
Various soft deadlines may also be imposed on the requested data items,
which if not served within a specic time window may result in the data item
having near zero utility when nally received. For example, from the time that
a driver makes a request for trac information on road
itoring service reports back with a gridlock on

ri ,

ri

to the time the mon-

the driver may already have

missed a more convenient exit for an alternate route. Given the resource limitations, it is not always possible that the time constraints of every incoming
request be satised. Thus, a broadcast schedule is sought which can serve clients
with as much utility as possible. The scheduling problem is more dicult in a
real-time setting where generation of a high utility schedule has to respect run
time constraints as well.
In this paper, we rst propose an utility accrual method for data requests
involving constraints on the order of the requested data items. Second, we dene
a modied version of the Syswerda recombination operator for use in methods
with recombination. Finally, the utility function is used by an evolution strategy
based schedule optimizer to evaluate the eectiveness of the schedules. We pay
particular attention to the run time constraint of the scheduler and argue that
simple variants of evolution strategy can be employed to satisfy this requirement.
The remainder of the paper is organized as follows. Section 2 outlines the
related work. Section 3 presents the utility function and a formal statement of
the problem. Section 4 presents the specics of the evolution strategy method.
The experimental setup is presented in Sect. 5. Discussion on the results obtained
are presented in Sect. 6. Finally, Sect. 7 concludes the paper.
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Related Work

Several shortcomings of using a strict deadline based system are discussed by
Ravindran et al. [1]. Jensen et al. point out that real-time systems are usually
associated with a value based model which can be expressed as a function of
time [2]. They introduce the idea of

T ime − U tility F unctions

to capture the

semantics of soft time constraints specifying utility as a function of completion
time. An attempt to understand the benet of utility values in hard deadline
scheduling algorithms is made by Buttazzo et al. [3]. Wu et al. study a task
scheduling problem where utility is considered a function of the start time of the
task [4].
Ordered queries have been studied in the mobile computing paradigm. Chehadeh et al. take into consideration object graphs to cluster related objects close
to one another in the broadcast channel [5]. Hurson et al. propose an extension
for multiple broadcast channels [6]. Huang et al. show that several cases of the
problem of broadcasting related data is NP-hard and propose a genetic algorithm
to address the problem [7].
Our approach to the problem diers in the introduction of an utility metric
to evaluate the goodness of schedules and uses evolution strategy as a fast and
eective method to obtain high utility schedules.

3

Broadcast Scheduling

Data broadcasting is an ecient approach to address data requests, particularly
when similar requests are received from a large user community. Push-based architectures broadcast commonly accessed data at regular intervals. On-demand

architectures allow the clients to send their requests to the server. Certain requests have an added requirement of data items being served in a particular
order. Further, particular emphasis has to be paid to the time criticality and
utility of a served request in an on-demand architecture.

3.1

Broadcast Model

Clients use an uplink channel to a data provider to request various data items
served by the provider. Each request

Rj

Qj

takes the form of a tuple

hDj , Rj i, where

is the response time within which the requesting client expects the rst data

item from the ordered set

Dj ,

hereafter called a data group. The assumption

that processing at the client end can start as soon as the rst data item in the
group is received is implicit in this context. Nonetheless, a client must receive
all requested data items for the processing to complete. The data provider reads
the requests from a queue and invokes a scheduler to determine the order in
which the requests are to be served. It is important to note that new requests
arrive frequently into the queue which makes the task of the scheduler dynamic
in nature. A request is considered to be fully served when the last data item
in the requested data group is retrieved, otherwise it is considered partially

served .
The scheduler is invoked every time a new request is received. At each instance, the scheduler rst determines the requests that will be fully served by the
current broadcast and removes them from the request queue. For the remaining
requests, the data items required to serve them are determined and a schedule
is generated. The scheduler makes a best eort at generating a schedule that
respects the response time requirements of the clients.

3.2

Utility Metric

In order to facilitate soft deadlines, we make the assumption that the utility of
a data item received by a client decreases exponentially if not received within
the expected response time. For request
the data group

Dj = {d1j , d2j , . . . , dNj j },

Qj

arriving at time

let

t1j , t2j , . . . , tNj j

Tj

and involving

be the time when

the respective data items are retrieved by the client. The utility generated by
serving the rst data item is given as,

(
1
uj [t1j ] =
e−α(t1j −Tj −Rj )

, t1j − Tj ≤ Rj
, t1j − Tj > Rj

The utility from the subsequent items is then given as, for
inter-item response time

(1)

i = 2, . . . , Nj

and

RT ,

(
uj [t(i−1)j ]
uj [tij ] =
uj [t(i−1)j ]e−α(tij −t(i−1)j −RT )

, tij − t(i−1)j ≤ RT
, tij − t(i−1)j > RT

(2)

The utility of a data item for a client decays by half as a function of the
response time, i.e.

α = ln 0.5/R, where R = Rj for the rst
R = RT for any subsequent data item.

data item in the

requested group and

If all data items are broadcast in a timely manner, a maximum utility of

1

will be generated by each data item. However, when a data item's broadcast
time exceeds its expected response time, not only will its utility drop, it will also
inuence the maximum utility that can be obtained from subsequent items. We
then say that the utility generated by serving the request is given by the utility
generated at the last item of the data group, or

Uj = uj [tNj j ].

The quality of

service desired in an application domain can be directly specied as a fraction of
the utility derived from serving the requests. For a schedule
the requests

Q1 , Q2 , . . . , QM

S , generated to serve

in the queue, the utility generated by the schedule

is the aggregation of the utilities for the requests in the queue, given as,

US =

M
X

Uk

(3)

k=1
3.3

Problem Statement

D = {D1 , D2 , . . . , DN } is a set of N ordered sets (or data groups),
Dj = {d1j , d2j , . . . , dNj j } with Nj being the cardinality of Dj and j =
1, . . . , N . All data items dij are assumed to be unique and are of equal size dsize .
A request queue at any instance is a dynamic queue Q with entries Qj of the
form hDj , Rj i, Dj ∈ D and Rj ≥ 0. At an instance tcurr , let Q1 , Q2 , . . . , QM
be the entries in Q. We dene the notation W ait[Qj ] to denote the data item
that the request Qj is currently waiting for. Further, we dene Rem[Qj ] as the
ordered subset of data items that has been requested in Qj but not yet received,
i.e. Rem[Qj ] ⊆ Dj . A schedule is a total ordering of the elements in the multi-set
S
Rem[Qj ].
A data source
where

j=1,...,M
The time instance at which a particular data item from the schedule starts
to be broadcast is dependent on the bandwidth of the broadcast channel. A
broadcast channel of bandwidth

tready

b

can transmit

b

data unit per time unit. If

tcurr and the end time
di1 j1 < di2 j2 < . . . < diP jP , the
data item dik jk can be retrieved by an interested client at time instance tik jk =
tready + [(k − 1)dsize /b]. All requests Qj in Q with W ait[Qj ] = dik jk are then
partially served, i.e. tik j for such requests is set to tik jk , and Rem[Qj ] is changed
to Rem[Qj ] − {dik jk }. The request is fully served when Rem[Qj ] = φ.
is the ready time of the channel (maximum of

of current broadcast), then for the schedule

At each scheduling instance, the problem then is to nd a schedule with
maximum utility given by (3).
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Solution Methodology

Evolution Strategies (ES) [8] are typically expressed by the
In the

(µ + λ)-ES, µ

µ and λ parameters.

best of the combined parent and ospring generations are

retained using truncation selection. In the

λ

(µ, λ)-ES

variant, the

µ

best of the

ospring replace the parents. We restrict our focus to simple stochastic local

search variants by setting

µ = 1.

We also experiment with a

(2 + 1)-ES

with

recombination and a simple genetic algorithm (GA).
A schedule can be represented by a permutation of the data items currently
in the

Rem[·] sets of requests. Since the same data item may be present multiple

times in this permutation, a request identier is attached to every data item. For

Q1 , Q2 , . . . , QM currently in the request queue, the data items in
Rem[Qj ] of a request are identied by the tuples hj, dik j i, where dik j ∈ Rem[Qj ].
the requests

The rst component of a tuple identies the request for which it exists in the
permutation, and the second component identies the data item number. The
request identier is only used in the permutation and is not part of the broadcast
for the data item. Hence, if a request is waiting on a data item, say

dik1 j1 ,

then

upon broadcast it will be retrieved by the request irrespective of the request
identier attached to the data item in the tuple,

j1

in this case.

The simplest ES methods employ a mutation operator only, which implies a
low overhead on the running time of the scheduler in a dynamic setting. Shift
mutation selects two random positions in a permutation and the element at the
rst chosen position is removed and inserted at the second chosen position. The
second random position is chosen in a way such that the ordering constraints for
the data item in the tuple is preserved.
Recombination for the

(2+1)-ES and the GA is achieved by a modied version

of the Syswerda order-based crossover operator [9]. Syswerda's operator chooses
random positions on a parent for exchange with the other. However, doing so
can disrupt the ordering constraints of the permutation on the ospring (Fig.
1). The modied operator, called the constrained-Syswerda operator, eliminates
this problem by restricting the choice of positions to a random contiguous block
instead. One can prove this modication always yields feasible schedules.

Valid Parent 1
Valid Parent 2
Cross Positions
Invalid Offspring

: a b c d
: a d e b
: *
*
: a b e d

e f g h i j
c h i f g j
*
c f g h i j

A counter example for the Syswerda order-based crossover operator. Ordering
constraints are {a, b, c}, {d, e, f, g} and {h, i, j}; constraint {d, e, f, g} is violated in the
ospring.
Fig. 1.
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Experimental Setup

Due to the non-availability of a standard test dataset in the domain, the data
used in our experiments is generated using well known distributions that are
known to capture the dynamics of a public data access system [10]. The dataset

10000 requests generated using a Poisson distribution with an arrival
3 requests per second. Each request consists of an arrival time, data group

contains
rate of

number, and an expected response time for the rst data item in the group. We
consider

100

dierent data groups, the number of data items in each drawn

from an exponential distribution with rate parameter
broadcast channel is set at

10. The bandwidth for the

200KB/s.

The data groups requested are assumed to follow the commonly used Zipf
distribution [10] with the characterizing exponent of

0.8. Under this assumption,

the rst data group becomes the most requested one, while the last one is the
least requested. Broadcast schedules can be heavily aected by the size of the
most requested data group. Thus, we consider two dierent assignments:
 most requested data group has the smallest number of data items, and

IN C
DEC

 most requested data group is the largest in size [11, 12]. Each data item is of
size

50KB .

Expected response times for the rst data item are assigned from a normal
distribution with mean

60s

and standard deviation

20s.

The particular settings

of these parameters in our experiment results in expected response times to be
generated in the range of

[0, 120]s

with a probability of

0.997.

A zero value gen-

erated using this distribution implies that the request is expected to be served
immediately. Any negative value is replaced by zero. Response times for intermediate data items is set at

1s.

(1 + λ)-ES and (1, λ)-ES, we xed the maximum
15000. The run time of a scheduling instance is
around 0.01s (on a 2×2.66 GHz Xeon running Fedora Core 8 with 2GB memory)
with this setting. The number of function evaluations is xed at 5000 for the
(2 + 1)-ES. The parameters for the GA is set as follows: population size = 100,
number of function evaluations = 15000, crossover probability = 0.8, mutation
probability = 0.05, and 2-tournament selection.
For dierent variants of the

number of function evaluations to
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Empirical Results

We present the results obtained from dierent variants of the ES on the two
dierent data group assignments 

20

IN C

and

DEC . The results are averaged for

runs for each variant. Figure 2 shows the percentage global utility obtained

by running

(1 + λ)-ES

a maximum utility of

with dierent

1.

λ

values. Recall that each request can have

The percentage global utility is thus computed from

the fraction of this maximum utility generated in the requests in the data set.

(1 + 1)-ES yields an acceptably high (> 90%)
200KB/s, up to 4 data items can be
transmitted in a single time unit. In the case of an IN C type assignment, this can
serve at least 4 dierent requests for the frequently requested data groups. Note
that the IN C assignment has the most requested data group as the smallest in

For the

IN C

type assignment, a

utility level. Given the bandwidth limit of

size, which is one data item in our experimental data set.
The

DEC type assignment has 20 data items in the most frequently requested

data group. Further, the Zipf distribution makes the larger data groups more

Fig. 2. Percentage global utility for the dierent λ values in the ES. For the IN C
assignment, a high utility level is obtainable with λ = 1. For the DEC assignment,
increasing the sampling rate λ and the number of generations results in improvement
of the global utility.

often requested than the smaller ones. The

200KB/s

bandwidth poses a hard

bottleneck in this situation. Quite often, dierent requests for the same data

W ait[·] value of those requests to
(1 + 1)-ES fails to provide the same level of performance as
it does for the IN C assignment. Increasing the sampling rate λ to 3, 5 and 10
show improvements up to 80% utility levels. Although increasing the number of
generations to 2000 improved the utility level up to 86%, the number of function
evaluations (2000 × 10 = 20000) exceeded the maximum set limit of 15000.

group arrive at dierent times prohibiting the
be the same. The

Mean dierence between time of request arrival and time of rst data item
broadcast for data groups of dierent sizes in the DEC assignment.
Fig. 3.

The primary dierence between the schedule utilities generated by
ES for

1000

generations and

(1 + 10)-ES

for

2000

(1 + 1)-

generations is attributable to

the latency that the scheduler puts in between the time of arrival of a request
and the time when the rst data item for the request is broadcast. Figure 3

shows the mean values of this latency for data groups of dierent sizes. The

(1 + 10)-ES maintains a higher mean latency for the larger data groups, whereas
the (1 + 1)-ES maintains a higher value for the smaller data groups. Given that
most requests are for the larger data groups in the DEC assignment, postponing
the rst data item broadcast for such requests provides gaps in the schedule to
serve pending (or partially served) requests. Recall that the expected response
time is the highest for the rst data item (between

0 and 120s). Once a client has
RT = 1s. Hence,

received the rst data item, the expected response time drops to

by delaying the rst data item broadcast for the most requested data groups,
the

(1 + 10)-ES

maintains a better exibility in serving pending requests.

For the experimental data set, a simple

(1 + 1)-ES for 1000 generations is
(< 75%). For the case when

sucient when the QoS requirement is not too high

the utility requirement is higher, a higher sampling rate is desired. However, note
that results obtained from running the dierent variants for

2000

generations

(more function evaluations) do not always yield a high dierence in the utility
levels as compared to those from running the same variants for

1000 generations.

This is observed in both the comma and plus variants of the ES.

(a) Schedule utility progress during the 5000th scheduling instance with DEC .
Utilities are also plotted for 100 points sampled around the parent of every generation.
(b) Percentage global utility for (2 + 1)-ES and a genetic algorithm.

Fig. 4.

Figure 4a shows the changes in the objective function (schedule utility given
by (3)) value during the scheduling instance when the
scheduler is working with
shows the utilities of

100

DEC

and

λ = 5.

5000th request arrives. The

Further, at each iteration, the plot

randomly sampled points (using shift mutation) near

the current parent. Note that the rise in the utility of the schedule is faster during
the rst

250

generations and then slows down considerably. In other words, as

better schedules are obtained, improvements are harder to nd. This in turn
makes the progress slower. Moreover, the randomly sampled points around the
parent of the current generation show very small dierences in the utility values.
This makes it dicult for the ES to maintain a steady increase in the schedule
utility.

Figure 4b shows the percentage global utility generated by the

(2 + 1)-ES

and the GA. Performance of both methods is on a par with the stochastic search

DEC dis(1 + 3)-ES. Further, the GA does a maximal
utilization of the allowed function evaluations of 15000. The (2 + 1)-ES achieves
an utility of 83%, equivalent to that of the (1 + 5)-ES with 2000 generations.

variants for the

IN C

size distribution. The GA's performance on the

tribution is easily overpowered by a

An important factor to consider here is the number of function evaluations used
in the two methods 

5000

in

(2 + 1)-ES

compared to

Although this performance is marginally better (about

10000 in the (1 + 5)-ES.
3%) than the (1 + 5)-ES

1000 generations, we stress that even obtaining such marginal improvements
DEC distribution.
The enhanced performance of (2 + 1)-ES is attributable to the additional ex-

with

is dicult with the

ploration brought forth by the recombination operator. Local search methods do
not display enough exploratory capabilities when stuck in a plateau of the search
space. Recombination allows for a more diverse sampling in such cases, thereby
resulting in a faster exploration through plateaus. The GA is expected to benet
from this as well. The cause of its poor performance is not well understood.
Scheduling time is an important factor to consider in any dynamic scheduler.
However, it should be noted that the amount of time a scheduler has to generate
a schedule need not be always xed. In this study, the scheduler is triggered only
when a new request arrives. The scheduler otherwise remains idle, including the
time when a broadcast is ongoing. In a real scenario, it may be benecial to
trigger the scheduler more often  for example when a new broadcast starts 
and allow for more exploration of the search space.
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Conclusions

Pervasive computing applications often need to broadcast grouped data objects
such that the elements in the group satisfy a user specied ordering constraint.
In addition, objects not served within a specic window may end up having near
zero utility. We introduce a method of utility accrual for grouped data objects
and use it to evaluate the eectiveness of a schedule. We argue that evolution
strategy is a viable methodology to maximize the utility of broadcasts given the
run time constraints of the application. We investigate three dierent methods
 a simple stochastic local search using

(1 + λ)-ES

and

(1, λ)-ES,

a

(2 + 1)-ES

with a modied Syswerda recombination operator, and a genetic algorithm. Our
experiments suggest that the generation of an optimal schedule when the most
requested group has the highest number of data items is a dicult problem
to solve, often requiring a longer duration of search. However, recombination
based ES appears to be particularly eective. The

(2 + 1)-ES

with the proposed

recombination operator demonstrates the potential to generate better schedules
without engaging in too many function evaluations, thereby providing a fair
trade-o between the run time and utility objectives of a scheduler.
The problem considered in this paper assumes that data items are unique
across dierent data groups. However, there exists other problems in pervasive

environments where the data groups can have common data items. In future, we
plan to investigate if the scheduling strategy identied here works equally well
in such problem domains.
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