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Abstract. This paper presents a model of real-time systems composed of a set
of Constant Bandwidth Servers (CBS) and a reconfiguration mechanism that
allows the redistribution of processor time between tasks at runtime. In our
model, the developer attributes a value to each reconfiguration mode of the CBS
servers and an optimization problem is solved to maximize the overall value of
the system.

1. Introduction
The research in the area of real-time scheduling has produced several approaches capable of dealing with several classes of applications [5]. Some applications, characterized
by high variability of execution times, such as encoding or decoding of media frames,
usually require special scheduling mechanisms so that their time constraints are satisfactorily dealt with. A usual way to schedule the tasks of this kind of application is by using
aperiodic task servers. These servers can be informally defined as virtual tasks whose
execution time is dedicated to execute application tasks. Among the server approaches,
the Constant Bandwidth Server (CBS) [1] has received special attention since it is capable
of providing temporal isolation, which is specifically desirable for applications with high
variability in their execution times. Indeed, according to CBS rules, the fraction of processor time allotted for each server is never surpassed even if its tasks overrun. The CBS
approach is also simple to implement since it is based on the well known EDF policy to
schedule the servers [8].
A CBS server is described in terms of two parameters, a period and a maximum
budget, and a set of rules that are used to restore the budget of the servers so that schedulability and temporal isolation are ensured. Usually, the server parameters are static and
defined during design time. However, in a system with various applications, there can
be events for which processor time needs to be redistributed between the tasks during
runtime. If, for instance, a surveillance system detects motion in the room it monitors, it
might be needed to shift computing power to the video recording system to capture better
images of a possible intruder. Such systems need support for dynamic reconfiguration.
Indeed, the issue of dynamically changing application requirements, due to external sensory data or low-level architecture features has been recently raised [3]. This work clearly
shows that there is the need for flexible scheduling, in which algorithms might change
during runtime to better adapt to environment variations.
This paper describes a model of a system with various concurrent CBS servers,
each with various levels of utilization and benefit values. If the state of the system changes

in a way that alters those values, a reconfiguration interface is used to redistribute processor time between the servers with the objective of maximizing the total benefit. It is
important to point out that in order to provide dynamic reconfiguration, usually one has
to solve two other problems: (i) choosing among several possible modes of operation the
one that is more suitable to the current system requirements; (ii) providing a mode change
strategy once a new mode of operation is chosen. In this paper we focus only on the first
problem, which is usually a fundamental step towards dynamic reconfiguration.
Dynamic reconfiguration has been addressed by other researchers [4, 2, 7, 6, 10]
but most of them do not deal with CBS-based systems. Thus, these and other related
approaches do not offer support to temporal isolation. Recently, a reconfiguration mechanism for CBS-based systems has been proposed [13]. Although this approach provides
temporal isolation, its applicability is restricted to a specific task model for control systems. Further, it does not deal with reconfiguration of server periods.
Unlike most of the above approaches, our goal is to dynamically reconfigure both
server parameters of CBS-based real-time systems. The optimization problem seen in
our formulation has recently been solved by a Genetic Algorithm [11]. However, due to
its slow convergence rate, this solution is more appropriate to define meta-heuristics and
must not be used when the time to reconfigure the system is an issue.
After defining the computational model and formalizing the reconfiguration problem addressed in this paper in section 2, we describe our solution in section 3. This
solution is based on an approximation approach since the computational complexity of
the problem prevents the use of optimal solutions. Results from extensive simulation,
presented in section 4, show the effectiveness of our approach in terms of both its running
time and its achieved approximation rate. Our final comments are given in section 5.

2. Model and Problem Definition
We consider a system with a single processor composed of n CBS servers S =
{S1 , S2 , . . . , Sn } [1]. Each server Si ∈ S is defined by the tuple (Qi , Ti ), where Qi
represents its maximum budget and Ti represents its period. Each server Si ’s utilization
is at most ui = Qi /Ti and serves a specific set of tasks. In other words, a system constructed in this manner allocates, for each set of tasks attributed to server Si , a constant
bandwidth determined by ui , providing temporal isolation between servers even in overload conditions. The budget of each server Si is depleted as its jobs are executed. To
guarantee that the server obeys its utilization limit, the deadline of Si is postponed by Ti
every time its budget is depleted. At the same time, full budget Qi is restored. When a
new job arrives in an idle CBS, budget restoration and deadline postponement depend on
a condition calculated at run time. For more details refer to [1].
We assume that there is no precedence relation nor shared resources between tasks.
Thus, since every server is scheduled according to EDF, 100% utilization can be attained
when scheduling the servers in S. That is, the system is schedulable if and only if
X
ui ≤ 1
(1)
Si ∈S

In the context of this work, we assume that the application can, at any time, request
a reconfiguration of the parameters of the servers in S. To accomplish this, the application

indicates what processor time percentages should be allocated to each server Si through
a system call reconfig(U1 , v1 , U2 , v2 , . . . , Un , vn ). If the system is able to allocate at
least Ui to the Si server, a benefit value of vi ≥ 0 is attained. The value vi is assumed to be
derived from the knowledge of the system designer and represent one of the parameters
used by the reconfiguration mechanism. Generally, we assume that the benefit function
associated to Si has the following form:
min(ui , Ui )
vi ,
Ui
where ui represents the processor time allocated to Si .
Ai (Ui , ui , vi ) =

(2)

As it can be noted, the execution of reconfig(U1 , v1 , U2 , v2 , . . . , Un , vn ) requires solving an optimization problem, where equation (1) is one of the constraints and
function (2) must be maximized. We assume that, for each server Si , κ(i) values for Ui
exist. In other words, let Ki = {1, 2, . . . , κ(i)} and Uik = Qik /Tik , k ∈ Ki , define the kth
configuration of Si for each of which there is a benefit Aik as given by (2). More formally,
the optimization problem that must be solved by the reconfiguration mechanism is given
as follows:
X X

P : f = Maximize

Aik xik

(3a)

uik xik ≤ 1

(3b)

Si ∈S k∈Ki

Subject to :
X X
Si ∈S k∈Ki

Qik
uik =
Tik
X
xik = 1, Si ∈ S

(3c)
(3d)

k∈Ki

xik ∈ {0, 1}, Si ∈ S, k ∈ Ki

(3e)

The parameter Aik defines the benefit attained by allocating uik units of computational resources to the Si server. The xik variable, defined by equation (3e), indicates
which configuration k ∈ Ki is chosen for the Si server. Exactly one configuration must be
selected, which is reflected in restriction (3d). Restriction (3b) guarantees schedulability
of S according to the EDF policy. With no loss of generality, we assume that uik ≤ uik−1
for every Si ∈ S and k ≥ 2. To model the possibility of cancellation
P of a Si server, it
is sufficient to define Ai1 = 0 and ui1 = 0. We also assume that Si ∈S ui1 < 1, otherwise the servers would not be schedulable or there would not be potential to optimize the
applications.
The classic knapsack problem is trivially reducible to the reconfiguration problem,
therefore P is NP-Hard [12]. Thus, approximation algorithms to solve the problem are
necessary.

3. Approximation Algorithms
An algorithm that returns a solution that approximates the optimum is said to the an approximation algorithm [9]. These algorithms can be useful in the search for a good solu-

tion when computation time is restricted, specially when dealing with NP-Hard problems.
What follows is a generalization of approximation algorithms for the knapsack problem
to the reconfiguration problem defined in the previous section. Both approximation algorithms described follow a greedy heuristic.
3.1. Density Greedy Algorithm
The density greedy algorithm has two distinct steps. First, it allocates the minimum resources possible to each server to ensure the feasibility of the reconfiguration. This resource pre-allocation is made necessary by equation (3d), that requires that each server
receives a share of the system’s resources. Second, it distributes the remaining resources to the servers folowing a non-increasing order of additional relative benefit
Âik = (Aik − Ai1 )/(uik − ui1 ) as a primary ordering key and decreasing order of relative resource demand ûik = (uik − ui1 ) as a secondary ordering key.
By pre-allocating ui1 resource units to each server Si ∈ S, problem P can be
reformulated as:
X X
X
Ai1
(4a)
P : f = Maximize
(Aik − Ai1 )xad
ik +
Si ∈S k∈Ki −{1}

Si ∈S

Subject to :
X

X

(uik − ui1 )xad
ik ≤ 1 −

Si ∈S k∈Ki −{1}

X

X

ui1

(4b)

Si ∈S

xad
ik ≤ 1, Si ∈ S

(4c)

xad
ik ∈ {0, 1}, Si ∈ S, k ∈ Ki − {1}

(4d)

k∈Ki −{1}

Note that a one-to-one relation exists between the solutions of formulation
(3a)–(3e) and
P
formulation (4a)–(4d). Particularly, for each server Si ∈ S, if k∈Ki −{1} xad
ik = 0 then
P
ad
xi1 = 1 e xik = 0 for every k ∈ Ki − {1}. Otherwise, if k∈Ki −{1} xik = 1, then xi1 = 0
and xik = xad
ik for every k ∈ Ki − {1}.
Let Ω = {(i, k) : Si ∈ S, k ∈ Ki }. Then, for a subset of pairs ω ⊆ Ω, let
S(ω) = {Si : (i, k) ∈ ω} be the set of servers present in ω.
1:

2:
3:
4:
5:
6:
7:
8:
9:

DGA(S, {A}, {u})
Order the pairs of Ω − {(i, 1)
:
Si
∈
S} in the sequence
h(i1 , k1 ), . . . , (i|Ω|−|S| , k|Ω|−|S| )i so that Âip kp > Âiq kq or Âip kp = Âiq kq and
ûip kp ≥ ûiq kq for every p < q
ω←∅ P
b ← 1 − Si ∈S ui1
t←1
while t ≤ |Ω| − |S| ∧ |ω| < |S| do
if Sit 6∈ S(ω) and (uit kt − uit 1 ) ≤ b then
ω ← ω ∪ {(it , kt )}
b ← b − (uit kt − uit 1 )
end if

10:
11:
12:
13:
14:
15:

t←t+1
end while
for Si ∈ S − S(ω) do
ω ← ω ∪ {(i, 1)}
end for
return ω

3.2. Modified Density Greedy Algorithm
The modified density greedy algorithm (M -DGA) returns the reconfiguration produced
by DGA, ω, unless the reconfiguration of a server Si0 in an execution level k 0 , (i0 , k 0 ),
induces an objective function with a larger value than that produced by the density greedy
algorithm. In this case, M -DGA returns ω 0 = {(i, 1) : Si ∈ S, i 6= i0 } ∪ {(i0 , k 0 )}.
M-DGA(S, {A}, {u})
P
1: (i , k 0 ) ← arg max {Aik − Ai1 : uik − ui1 ≤ 1 −
St ∈S ut1 }
0

(i,k)∈Ω:k>1

2:
3:
4:
5:
6:
7:
8:

0

ω ← {(i, 1) : Si ∈ S, i 6= i0 } ∪ {(i0 , k 0 )}
ω ← DGA(S, {A}, {u})
if f (ω 0 ) > f (ω) then
return ω 0
else
return ω
end if

The quality of an approximation algorithm is usually stated as the performance
ratio regarding the optimum solution as formalized below.
Theorem 1. Let I be an instance of the reconfiguration problem P . The performance of
the modified density greedy algorithm, denoted by M -DGA(I), and the optimum performance, denoted by OP T (I), are related by the following expression:
P
OP T (I) + Si ∈S Ai1
(5)
M -DGA(I) ≥
2
Proof: Let ω ? be the solution produced by M -DGA, where ω ? = ω if f (ω) ≥ f (ω 0 ) and
ω ? = ω 0 otherwise. Let (iω , kω ) = arg max {(Aik − Ai1 )/(uik − ui1 ) : (i, 1) ∈ ω}.
(i,k)∈Ω:k>1

Clearly,
OP T (I) ≤ f (ω) +

X
Aiω kω − Aiω 1
(1 −
uik )
uiω kω − uiω 1
(i,k)∈ω

There are two possible cases. If ω ? = ω, then:
X
X
OP T (I) ≤ 2f (ω) −
Ai1 = 2M -DGA(I) −
Ai1
Si ∈S

Si ∈S

P

=⇒ M -DGA(I) ≥

OP T (I) +
2

Si ∈S

Ai1

Otherwise, if ω ? = ω 0 , then:
OP T (I) ≤ 2f (ω 0 ) −

X

X

Ai1 = 2M -DGA(I) −

Si ∈S

Si ∈S

P

=⇒ M -DGA(I) ≥

Ai1

OP T (I) +
2

Si ∈S

Ai1

Thus demonstrating the relation (5) between OP T (I) and M -DGA(I).
Corollary 1. The modified density greedy algorithm has relative performance
RM −DGA = 2.
Proof: From the theorem above, we have that:
OP T (I)
OP T (I)
P
≤
≤2
M -DGA(I)
(OP T (I) + Si ∈S Ai1 )/2

(6)

Demonstrating that RM −DGA = 2. 

4. Performance Analysis
The methods described above and a problem instance generator were implemented to
evaluate their practical application. A dynamic programming (DP) algorithm was implemented to produce optimal results against which the approximate solutions were compared. All algorithms were implemented in C++ and executed on Linux on an Intel
Core2Duo 2.20GHz CPU with 2GB of RAM.
A set of problems of varying cardinality and number of configurations was
generated to assess the performance of the methods, namely 25 ≤ |S| ≤ 250 and
3 ≤ κ(i) ≤ 10. Configurations were generated using a uniform distribution for both
utilization and benefit values. The mean solution time of five problems of the same size
is considered here to minimize time measuring errors.
Figure 1 shows the execution times of both methods, DGA and M -DGA. A comparison with the exact method showed that these have an execution time approximately
twenty thousand times shorter.
Figures 2 and 3 show the quality of the solution returned by the approximation
methods in absolute and relative forms, respectively. The heuristic used in M -DGA
was not activated in the generated instances, therefore the results of the two methods
were identical. The optimal solution showed in figure 2 was calculated using dynamic
programming, while the lower bound for the approximation and the upper bound of the
optimal solver were calculated using inequality (5) of Theorem 1.
Similarly, figure 3 shows that, in practice, the solutions returned by the approximation methods are closer to the optimum (represented by the function f (x) = 1) than
the theoretic lower bound, calculated with inequality (6).

5. Conclusion
This paper presented a model of real-time systems composed of a set of Constant Bandwidth Servers, and a reconfiguration system that allows the redistribution of processor
time between tasks at runtime. In our model, the designer attributes a value to each reconfiguration mode of the servers. When trying to maximize the overall value of the

Figure 1. Solver execution time.

Figure 2. Absolute performance of the approximation algorithms.

system and maintain utilization under the schedulable limit, an NP-Hard optimization
problem is encountered. Two approximation algorithms for solving this problem were
presented. Their running time and their solution quality were compared to those of an optimal solver. This showed that while their solutions approximate the optimum by a considerably smaller margin than the theoretical bounds, their execution time is approximately
twenty thousand times shorter than an exact solver based on dynamic programming.
The integration of the reconfiguration mechanism described here with a mode
change strategy can be considered for future research. Less restrictive task models, which
include resource sharing and/or precedence relations among tasks, should also be investigated. The results presented in this paper may well serve as a foundation for these and
other possible developments in the field of scheduling for modern and adaptive real-time
systems.

Figure 3. Relative performance of the approximation algorithms.
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