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Abstract 
  
   This paper assumes that we know the reward value of 
each task in a periodic task set before we select the 
tasks for execution.  We study three static methods to 
select tasks from the task sets: (1)Simplified REW-
Pack [18], (2)Greedy and (3)REW-Pack [18].  We 
compare the reward gained by these three methods.  
We found that our Greedy method often yields a larger 
total reward value than REW-Pack’s.  Besides, the 
Greedy method is more efficient than REW-Pack. 1

1. Introduction
   
   The objective of this paper is to describe techniques 
to select tasks from a task set to obtain as much overall 
total reward value as possible. We study three static 
methods to solve this problem.  The three static 
methods are Simplified REW-Pack[18], Greedy, and 
REW-Pack[18].  We found that our Greedy method is 
more effective than Simplified REW-Pack and REW-
Pack.  

2. Related Work
   
    Many papers study dynamic voltage scaling and we 
focus on overloaded systems.  Some applications such 
as robot control [9,10], speech processing [4], 
databases [3,5] and multimedia [2,7,11] have the 
characteristics that they can stop the execution of an 
application at anytime and obtain a partial or imprecise 
results.  Its quality of service is often a linear or 
concave function of the service time.  Therefore, 
sometimes we can sacrifice quality to meet time 
constraints.  In [1], Aydin et al. construct a framework 
where each real-time task comprises of a mandatory 
and an optional part.  The mandatory part must 
complete before the task’s deadline, while a non-
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decreasing reward function is associated with the 
execution of the optional part, which can be interrupted 
at any time.  They develop an optimal schedule where 
mandatory parts complete in a timely manner and the 
weighted average reward is maximized.
   Besides stopping a task to meet the timing constraints 
and get an imprecise result, some papers assume no 
partial reward. In [6], Koren et al. develop an algorithm 
that meets most of the deadlines but allows some 
instances to miss their deadlines.  
    Most previous papers focus on two constraints: time-
energy or time-reward.  However, in [8], Rusu et al. 
study three constraints together.  They develop an 
optimal scheme that would allow the device to run the 
most critical and valuable applications, without 
depleting the energy source while still meeting   the 
deadline. They assume that the processor has several 
levels of frequencies.  They attempt to activate tasks at 
the lowest frequency as much as possible and then lift 
the processor speed to obtain some time slack and add 
more tasks.  However, their simulation only studies the 
situation where energy limit is very low.
    This paper extends Rusu’s work by using different 
algorithms to solve the problem.  Our algorithm is 
more suitable when the energy limit is higher, there is a 
larger set of processor frequencies, or there is a larger 
number of tasks.  Furthermore, the Greedy method is 
more efficient than REW-Pack.

3. System Model
  We assume a frame-based task model.  There are N
available periodic tasks in the system, all ready at time 
zero.  The task set is denoted by T = {T1,T2,…,TN}.  All 
task periods are identical and all task deadlines are 
equal to their periods.   Each task has its own WCET  
and reward value vi.  The tasks are to be executed on a 
variable voltage processor with the ability to 
dynamically adjust its frequency and voltage on 
application requests.  There are M available 
frequencies: {f1,f2,….,fm}.  For example, Ti = (3,11)
means that the task’s WCET is 3 when the processor is 
running at its highest speed and the reward value is 11 
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if the task completes its execution.  The common 
deadline/period is denoted by D.  Besides, each frame 
has a total energy limit Emax.  A frame consists of a 
subset of tasks which are selected for execution.  The 
execution of the frame is to be repeated.  It is not a 
requirement that all tasks must be scheduled.  
However, a task cannot be selected more than once 
during a frame.
   Processor frequency, represented by f, is almost 
linearly related to the supply voltage:

 f = k 
dd

tdd

V

VV 2)( 
 ,where k is constant, Vdd is the 

voltage supplied, and Vt is the threshold voltage.  For 
simplicity, we assume power consumption P = f3 [4]. 
Each task consumption ei = f3

i*ci/fi = f2
i*ci ,where ci is 

the WCET when the task runs at the maximal speed.  
When decreasing processor speed, we also reduce the 
supply voltage.  
   Thus, the problem is to find the subset S, the speed fi, 
and vi in order to
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    We attempt to retrieve as much reward value as 
possible in a time frame while not violating the total 
time and energy constraints. 

4. Algorithms
   
The flowchart of the Greedy method algorithm is 
presented in Figure 1.

     Figure 1: Flowchart of the Greedy method

   The middle two components are described next in 
detail.

   
Add tasks at maximal speed: We attempt to schedule 

the tasks in descending order of their v/c while not 
violating the timing and energy constraints.  We add 
them at the maximal frequency possible. 

Add unselected tasks at any speed: We attempt to 
add the unselected tasks in descending order of their 
v/c at any speed   while not violating the timing and 
energy constraint.  

 The Greedy algorithm follows. 
        
Algorithm Greedy(a,n)
//a[1:n] contains the n inputs.
{
(1)     solution:= ;// Initialize the solution
(2)     selected[i] := false for i:= 1 to n ; 
(3)     for i := 1 to n do
(4)     {
(5)        x:=Select(a);
(6)        if Feasible(solution, x) then     
(7)        { 
(8)            solution:= Union(solution,x);
(9)            selected[i]  := true;
(10)      }    
(11)   }
(12)   for i: = 1 to n do
(13)   {
(14)     if (selected[i] = false)
(15)     {
(16)         if CouldAdd(a[i] ) then
(17)         { 
(18)            solution:= Union(solution,x);
(19)            selected[i]  := true;
(20)         }    
(21)      }    
(22)   } 
(23)   return solution;
} 
   The function Select selects an input from a[] and 
removes it.  The selected input’s value is assigned to x.  
Feasible is a Boolean-valued function that determines 
whether x can be included in the solution vector.  The 
function Union combines x with the solution and 
updates the objective function.  The function Greedy
describes the essential way that a Greedy algorithm 
will look, once a particular problem is chosen and the 
function Select, Feasible, and Union are implemented.
    In our maximal reward problem, we define these 
functions as follows:

Select:
   We select the task with highest vi/ci.
Feasible:

Initialize

Add tasks at 
maximal speed

Add the unselected 
tasks at any speed

Return solution
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   We consider both time and energy constraints.  We 
first add the task to run at the highest frequency 
possible while satisfying energy constraints and check 
if this task could meet the frame deadline. 
Union:
   If the task is feasible, we add it to our solution set.
CouldAdd:
   We select the task with the highest vi/ci.  Compute the 
minimal speed that could add the task while not 
violating the energy constraint and timing constraints.  
Then, we check if the task will miss its deadline.  If it 
will not miss its deadline, then we add it to our 
solution.

4.1. Example
  
    Assume that we have a task set T = 
{(3,11),(2,6),(3,10)}, frame deadline D = 5 and energy 
constraint Emax = 5. There are two frequencies {0.5,1}.  
We count value/WCET first and use VW to denote the 
set of value/WCET.  VW = {11/3,3,10/3}.  We select T1

first due to its highest value/WCET value. We set T1 at 
speed 1. Its energy cost is 1113 = 3.  T3 cannot be 
added.  We then add T2. The total energy cost is 5. The 
total reward value is 17.

5. Static Analysis

    The worst-case time complexity of the REW-Pack 
algorithm is O(MN log N) [18].   In the Greedy method, 
we need to sort the tasks by v/c first, so the time 
complexity is O(N log N).  Then, we need to calculate 
the corresponding speed it should use.  Therefore, the 
worst case computation time is O(N log N log M).  The 
Greedy method is faster than the REW-Pack.  

6. Simulation Experiments
   
   We use simulations to evaluate our algorithms.  The 
computation time is uniformly distributed between 1 
and 100 clock cycles in the lowest frequencies. The 
value of each task is uniformly distributed between 1 
and 100 units.  We also assume in this paper that the 
shutdown energy cost is 0 and the switching overhead 
can be ignored. We repeat each experiment 100 times
and count the average results of the total reward value.  
We compare three methods: simplified REW-Pack, 
REW-Pack, and Greedy.  We use M to denote the 
number of frequencies.  The total deadline of each time 
frame is D, which is the total time consumption of all 
tasks at their highest frequency.  We denote the energy 
limit by E. The number of tasks is N.
    We compared the two algorithms to a simplified 
version of REW-Pack mentioned in [18].  The 

performance ratio shown in Figure 2 is defined as the 
system value returned by the algorithm (REW-Pack, 
Greedy) divided by the system value of the simplified 
REW-Pack.

M =5. 
N = 25.
We change the ratio of E/D  to observe its impact on 
the performance ratio.

Processor  Frequency = {0.2,0.4,0.6,0.8,1.0}.
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Figure 2.Energy limit and the reward value

6.1. Summary

   From Figures 2 , we can observe that the REW-Pack 
method almost always maintains its performance ratio 
between 1.5 and 2 regardless of the E/D value.  
However, the Greedy methods are always better than 
REW-Pack, especially when we have a larger energy 
limit.  This is because when we have more abundant 
energy, we can schedule more tasks at the maximal 
frequency and compose a better execution task set 
using the Greedy method.  However, REW-Pack 
always adds the task at its lowest frequency; in order to 
meet its deadline, it must drop some tasks from the 
selected task sets.  In this situation, it cannot consider 
all the tasks at the same time and can only obtain a sub-
optimal solution.  When the E/D approaches 1, all the 
tasks can finish its execution at the highest frequency 
and do not violate the time and energy constraints.  We 
also find that the Greedy method has a better 
performance when we have more tasks or more choices 
of processor frequencies.  Due to the limited space, we 
don’t discuss the detail here.     
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7. Conclusions and Future Work

    In this paper, we develop a static method to 
schedule an overloaded, battery-powered system.  We 
compare our methods to a previous method.  We 
compare the performance of these four methods in 
many situations.  Our conclusion is as follows: Greedy 
method often has a better performance than REW-
Pack, especially when the system has more energy 
limit, number of processor frequencies, and number of 
tasks.
   In future work, we plan to develop a combined 
method which is more suitable in more situations.  We 
will also investigate the best scheduling choice for each 
system environment.
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