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well-known algorithms for scheduling periodic tasks,including the rate-monotonic (RM) algorithm, thedeadline-monotonic (DM) algorithm, and the earliest-deadline-�rst (EDF) algorithm [6, 7]. These con-ditions are conservative but not overly pessimistic.For applications that �t the periodic task model, theschedulability conditions can serve as design rules. Byensuring that the chosen task parameters meet theschedulability condition(s) of the scheduling algorithmused in the system, the designer is ensured of the tim-ing correctness of the system.We focus here on a class of applications that donot �t the periodic task model. Although requests forcomputation in these applications are released peri-odically, their computation times vary widely. Thisvariation is sometimes due to the di�erence in theamounts of input data processed in di�erent periods.Also, di�erent requests may execute di�erent condi-tional branches that vary widely in complexity. Forexample, Figure 1 gives the computation-time his-tograms of two such tasks. The maximum compu-tation time of the requests in each task is signi�cantlylarger than the average computation time of the task.If we were to model these tasks according to the peri-odic task model, the utilization of each task (i.e., theratio of maximum computation time to period) maybe larger than one. According to the existing schedu-lability conditions, we cannot guarantee that such atask is schedulable, even though its average utiliza-tion is very small.Hereafter, we call tasks exempli�ed by the tasks inFigure 1 semi-periodic tasks. Requests in such a taskare released periodically, but the computation time ofeach request is a random variable. Like other param-eters of the task, the probability density function ofthe computation times of requests in it is known a pri-ori. As a speci�c example, we consider an actual ap-plication system that contains 30 semi-periodic tasks,including the tasks shown in Figure 1. Detailed tim-ing information about the system can be found in [8].The tasks are assigned and bound to three processorsso that the maximum utilizations of the processors,using the maximum computation times of the tasks,are as equal as possible. The assignments of tasks arelisted in Appendix A. The maximumutilizations of theprocessors are 145%, 147%, and 145%, respectively.
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(b)Figure 1: The Computation-Time Histograms of TwoTasks.However, the processors are very much under-utilizedon the average; the average utilizations of the threeprocessors are 25%, 13%, and 15%, respectively.A natural question arises as to whether it is possi-ble to provide some satisfactory form of schedulabilityguarantee for systems where the maximum utilizationof each processor is more than 100%. This paper ex-tends the existing schedulability-analysis methods forperiodic tasks [3-5,7] to provide probabilistic schedu-lability guarantees for semi-periodic tasks. Using aprobabilistic performance guarantee, the designers canmake the appropriate tradeo�s between using fewerprocessors to execute the tasks versus having a higherdegree of con�dence that all requests will meet theirdeadlines.We describe two methods of providing schedula-bility guarantee for semi-periodic tasks. The �rstmethod assumes that the semi-periodic tasks arescheduled according to a �xed-priority algorithm.This method, called the probabilistic time-demand

analysismethod, is a modi�cation of the exact schedu-lability test [5] for periodic tasks. The modi�cationtakes into account the variations in the computationtimes and is similar to the approach taken in [2]. Itprovides the probability that requests of each task willmeet their deadlines. The second method, called thetransform-taskmethod, transforms each semi-periodictask into a periodic task followed by a sporadic task.The periodic tasks are schedulable according to knownschedulability conditions. Two di�erent algorithmsare used to schedule the periodic and sporadic tasks.The �rst algorithm uses sporadic servers [12] to ex-ecute the sporadic tasks while the periodic tasks arescheduled on a �xed-priority basis. The second al-gorithm uses the EDF algorithm to schedule the pe-riodic tasks and a slack stealing algorithm [1, 14] toschedule the sporadic tasks. The probabilistic time-demand analysis is applicable only to tasks with dead-lines equal to or less than their periods while thetransform-task method does not have this restriction.The remainder of this paper is organized as follows:In Section 2, we introduce the notations needed inlater sections. In Section 3, we present the probabilis-tic time-demand analysis method. Section 4 describesthe transform-task method. Simulation results for thetwo approaches to scheduling the semi-periodic tasksare also provided. Section 5 concludes the paper anddiscusses future work.2 Problem FormulationThe system we consider consists of a set of N inde-pendent, semi-periodic tasks to be scheduled on a sin-gle processor. (For multiprocessor systems, we assumethat the tasks have been assigned to the processors sowe can analyze each processor individually.) The pa-rameters of each semi-periodic task include its periodpi and relative hard deadline di. Let Ti;j denote thej-th request of task Ti. The computation time of Ti;jis ci;j. For a given i, ci;j, for j = 1; 2; � � �, are identi-cally distributed according to the probability densityfunction fi(t). Again, for all tasks Ti, the parameterspi, di, and fi(t) are known before the system beginsexecution. Furthermore, we assume that the compu-tation time ci;j of each request Ti;j becomes knownwhen Ti;j is released. We let ri;j be the release time ofTi;j and di;j = ri;j + di be its absolute hard deadline.The (average) utilization of a task Ti, denoted by ui,is the average fraction of available processor time thatTi uses. ui is equal to E[ci;j]=pi, where E[y] denotesthe expected value of the random variable y. The to-tal average utilization of the system, denoted by U , isequal toPNi=1 ui. Let ĉi denote the maximumcompu-tation time of all requests in Ti. The total maximumutilization of the system is PNi=1 ĉi=pi. We assumethat the total maximum utilization is larger than 1and the total average utilization is less than 1.According to the transform-task method, eachsemi-periodic task Ti is divided into a periodic taskPi and a sporadic task Si. The periodic task Pi hasperiod pi and computation time ci. ci is a parame-ter chosen by the designer; it is in the range (0; ĉi)as shown in Figure 2. The j-th request Pi;j of Pi is2
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xFigure 2: The probability density function of task Ti.released at ri;j, the release time of the j-th request ofTi. If the computation time ci;j of Ti;j is larger thanci, a request of Si arrives and is ready for executionat the time when ci units of Ti;j completes. Hence theprobability Ai that a sporadic request in Si arrives ineach period of Ti is equal to the area of the shadedregion under the probability density function fi(t), asshown in Figure 2. We always choose ci, and henceAi, so that all the periodic tasks Pi; 1 � i � N , areschedulable.3 Probabilistic Time-Demand Analy-sisAgain, one way to schedule semi-periodic tasks is totreat them as if they were periodic tasks and schedulethem on a �xed-priority basis. (In this section, weindex the tasks so that the priority of Ti is higherthan that of Tj if i < j.) Because the schedulabilitytest based on the maximum computation times fails,we seek to �nd the probability that any request Ti;jin Ti will meet its deadline. Our method for �ndingthis probability is a straightforward extension of thetime-demand analysis method used to derive the exactschedulability test [5]. Again, our method assumesthat the relative deadline dk is less than or equal tothe period pk for every task Tk.To determine the probability that a request Ti;j willmeet its deadline, we �rst bound the total amount ofprocessor timewi(t) demanded by all the higher prior-ity tasks and the request Ti;j since the release of Ti;j .At most Rk(t) = dt=pke, k = 1; 2; � � � ; i�1, requests ofany higher priority task Tk can be released in the in-terval [ri;j; ri;j+ t) for any t > 0. Without loss of gen-erality, we call these requests Tk;1; Tk;2; � � � ; Tk;Rk(t).An upper bound of wi(t) in terms of the computation

times of these requests is:wi(t) � ci;j + i�1Xk=1Rk(t)Xl=1 ck;l (1)The request Ti;j can meet its deadline if wi(t) becomesequal to or less than t at some time instant ri;j + tbefore or at the deadline ri;j + di of Ti;j .LetWi(t; x) be the (cumulative) probability distri-bution of wi(t), i.e., the probability of wi(t) � x. Theprobability Mi that Ti;j can meet its deadline is atleast equal to Wi(di; di). A better lower bound of Miis Mi � maxt2E Wi(t; t) (2)where E is the set of time instants containing di, andpk; 2pk; � � � ; bdi=pkcpk, for k = 1; 2; � � � ; i� 1.A practical problem is how to compute the prob-ability distribution of Wi(t; x) from the given prob-ability density functions fk(x), k = 1; 2; � � �; i. Thealgorithm described by the pseudo code in Figure 3uses the bound (1) and assumes the statistical inde-pendence of the computation times of all requests. Ifthe number of terms X in (1) is small (equal to or lessthan 10 in the pseudo code), the probability densityfunction wi(t; x) of wi(t) is computed by convolvingthe probability density functions of the random vari-ables in the sum. Although this method is computa-tionally expensive, we only have to do a few convolu-tions since X is small. When the number X becomeslarge, the central limit theorem applies. The proba-bility distribution of wi(t) can be approximated by anormal distribution whose mean and variance are thesums of the means and variances of all the randomvariables in the sum, respectively.In our 3-processor example mentioned earlier, thetotal maximumutilization of the processors are 145%,147%, and 145%, respectively. To apply the proba-bilistic time-demand analysis on the system, we let therelative deadline of every task be equal to its period.We used the empirical computation-time histogramsof the 30 tasks as estimates of their probability den-sity functions. Assuming that the computation timesof all requests are statistically independent, we foundthat all but two of the tasks meet their deadlines withprobability one. The probabilities of meeting dead-lines for the other two tasks are 0.9964 and 0.9928,respectively. We will return in Section 4 to discussthe accuracy of this prediction.Unfortunately, the computation times of individualrequests are not statistically independent. In the sys-tem studied here, the computation times of requestsin each task are correlated with that of requests inmany other tasks, although in most cases only weakly.The algorithm in Figure 3 underestimates the varia-tion of wi(t). As a consequence, the probability ofmeeting deadlines thus computed may be overly op-timistic. Given the covariance of computation timesof di�erent requests, we can compute the probabilitydistribution Wi(t; x) more accurately. However, thecomputation is more expensive, especially when the3



Input : Task set T = fTi : 1 � i � Ng and the probabil-ity density functions fi(x) i = 1; 2; � � � ;N .Output : The probability Mi that each task Ti will meetits deadline, computed according to (2).Algorithm :De�ne MAX TERMS 10For each Ti; 1 � i � N DoMi = 0For each Tk; 1 � k < i DoMi;k = 0For each j; 1 � j � bdi=pjc Dot = j � pkX =Pi�1l=1 dt=pleIf X <MAX TERMS ThenCompute wi(t; x) by convolving theprobability density functions ofthe terms in (1)Compute Wi(t;x) from wi(t; x)ElseCompute Wi(t;x) by approximating itby a normal distribution NMi;k = maxfMi;k ;Wi(t; t)gEndForMi = maxfMi;Mi;kgEndForEndForFigure 3: Pseudo Code of the Probabilistic Time De-mand Analysis.number of terms is small and even the meta-form ofthe central limit theorem [3] cannot be applied.The bound given by (1) implicitly assumes that therequest Ti;j being analyzed is released at a critical in-stant [9]. Consequently, the sum in the right-handside of (1) gives an upper bound of the processor-timedemand of Ti;j and all higher priority tasks only whenthe deadline and maximumcomputation time of everytask are less than its period. Otherwise, some higherpriority requests that are released earlier than Ti;j maynot have completed at ri;j and also demand processortime during the interval [ri;j; ri;j+di). We can accountfor this extra time demand and improve the reliabilityof the probabilistic time-demand analysis by using thefollowing upper bound:wi(t) � ci + i�1Xk=1Rk(t)Xl=1 ck;l+ i�1Xk=1 1Xl=1(1�Mk)lck;�l (3)where ck;�l denotes the computation time of the re-quest of Tk that was released l periods before ri;j.When every task has a high probability of meetingits deadlines (i.e., Mk � 1), this bound is acceptably

tight.4 Task TransformationWe now present the transform-task method, whichcan be used to provide an absolute guarantee for re-quests with short computation times and a probabilis-tic guarantee for the other requests. As stated in Sec-tion 2, we transform each semi-periodic task Ti into aperiodic task Pi followed by a sporadic task Si.Characteristics of the Transformed TasksThe periodic task Pi of a semi-periodic task Ti hasthe same period pi as Ti. The maximum computationtime of Pi is ci. ci is used as the computation time ofPi when we analyze the schedulability of allN periodictasks. The relative deadline of Pi is equal to �idi forsome �i in the range (0; 1). �i and ci are chosen sothat all requests in Pi for all i = 1; 2; � � � ; N , surelymeet their deadlines.Again, a request Si;j in the sporadic task Si of Tiarrives in the j-th period only if the computation timeof the request Ti;j is larger than ci. This sporadicrequest arrives when the corresponding request Pi;jin Pi completes. Its computation time is distributedaccording to the probability density functiongi(x) = � 0 for x < 0fi(x+ ci)=Ai for x � 0 (4)The probability of arrival Ai of a sporadic request inthe j-th period of Ti is equal to the probability thatci;j > ci. The relative deadline of sporadic requests inSi is (1 � �i)di. We can only provide a probabilisticguarantee to sporadic requests. With a slight abuse ofthe term, we also refer to the \period" of the sporadictask Si as pi.In our subsequent discussion, we assume that �iand Ai are equal to � and A, respectively, for alli = 1; 2; � � � ; N except when stated otherwise. Thisassumption is made here solely for the sake of simpli-fying our presentation. In practice, we may want tochoose di�erent Ai and �i for di�erent semi-periodictasks depending on their importance. For example,one strategy is: the more important a task, the smallerthe probability Ai that any request in it might havea sporadic portion (whose completion by its deadlineis not absolutely guaranteed). Similarly, we can alsochoose di�ering �i's, which gives us another dimensionof tradeo�. It is impractical to tune the 2N parame-ters �i's and Ai's manually. However, with the helpof a design tool, such as the PERTS schedulability an-alyzer [10], the designer can adjust these parametersone or several at a time and use the tool to �nd agood tradeo�. The use of PERTS for this purpose isdescribed in [8].Using RM and Sporadic ServersOne way to schedule the transformed tasks is toschedule the periodic tasks on a �xed-priority basisand use one or more sporadic servers to schedule thesporadic requests. The sporadic server scheme [12] isa bandwidth preserving scheme that has good perfor-mance. According to this scheme, a sporadic servermay serve one or more client sporadic tasks. For each4



server, there is a FIFO queue containing all the re-leased requests of the client sporadic tasks that areserved by the server. The request at the head of thisqueue executes whenever the server is scheduled bythe operating system.We have examined the performance of the sporadicserver scheme when used together with the RM algo-rithm to schedule the periodic tasks and sporadic taskstransformed from the 30 semi-periodic tasks in our 3-processor example. Tables B1 and B2 in AppendixB summarize the average response times obtained bysimulating the system using PERTS when the clientsporadic tasks are served by the sporadic servers de-scribed in Appendix A. (The lengths of the 99% con�-dence intervals are negligibly small.) The probabilityof sporadic task arrival A was tried for A = 30% andA = 20% for all tasks. In this experiment, the deadlineof each periodic task is equal to the period of the cor-responding semi-periodic task. The parameters of thesporadic servers were chosen by the PERTS schedula-bility analyzer so that all the periodic tasks and theservers (treated as periodic tasks) are schedulable ac-cording to the RM algorithm. In particular, the periodof each server is slightly smaller than the shortest pe-riod of all its client tasks. Therefore the server has ahigher priority than the corresponding periodic tasksof all of its clients. During simulation, the tool reportsthat a sporadic request misses its deadline wheneverthe request does not complete within one period ofthe sporadic server serving it. This choice of relativedeadlines of sporadic tasks implies di�erent �i's fordi�erent tasks. We will show later in this section thatby making the relative deadlines of the sporadic tasksdependent on the periods of the sporadic servers serv-ing them, it becomes easier to analytically computethe probability of any sporadic task missing its dead-lines.The data summarized in Appendix B shows thattasks 2 and 16 miss their deadlines. The probabili-ties of these occurrences are 0.0095 and 0.0204 whenA = 30% and are 0.0076 and 0.0139 when A = 20%.Compared with the corresponding probabilities ob-tained from the probabilistic time-demand analysismethod described in Section 3 (which are 0.0036 and0.0072, respectively), these probabilities are larger de-spite the fact that the relative deadlines are larger.We suspect that the more optimistic conclusion de-rived from the probabilistic time-demand analysis isdue to the errors introduced by (a) the assumptionof statistical independence of computation times and(b) the negligence of the extra time demanded by theyet to be completed higher priority requests that arereleased earlier than the request being analyzed, i.e.,the last term on the right-hand side of (3).Analytical ModelWe now present an analytical model based on whichwe can compute an upper bound of the probabil-ity that a sporadic task served by a sporadic serverwill miss its deadline. This model makes the follow-ing assumptions about the parameters of the sporadicservers and the clients served by each server.

1. The sporadic tasks are clustered according tothe periods of their corresponding semi-periodictasks. A cluster of sporadic tasks with period pis served by a server of the same period p.2. The sporadic requests are served on a FIFO basisby the server.3. Each server, together with all other servers whoseparameters are chosen in the same manner and allthe periodic tasks, is schedulable according to theexact schedulability test [5].In practice, the periods of the semi-periodic tasksmay be distinct, as in the case of our example applica-tion system. Because the total maximum utilizationof the processor is larger than one, we cannot have asporadic server for each sporadic task. In this case,we cluster tasks with similar periods together and useone sporadic server for each cluster. The period of theserver should be the minimum of the periods of thetasks.We consider each server that has period p and nclients. Let Di and Ci denote the relative deadlineand maximum computation time of sporadic task Si,respectively. Let C = maxfCi : 1 � i � ng and K =minfdDi=pe : 1 � i � ng. The execution time budgetof the server is chosen to be C=K. In other words, asporadic request Si;j that arrives when the queue of itsserver is empty can surely complete within K serverperiods, i.e., Di units of time. A sporadic request issaid to miss its deadline if it is not completed withinK server periods after its arrival. The probability ofmissed deadlines computed based on this de�nition isan upper bound of the actual probability of misseddeadlines.Let hx denote the probability that a request Si;j ina sporadic task Si requires x server periods to com-plete. Let bm denote the probability that the backlogin the server queue when Si;j arrives requires m peri-ods to complete. The probability that a sporadic taskSi will miss its deadline is given byPr[Si misses its deadline] = KXx=1hx 1Xm=K�x+1 bm: (5)We let qy denote the probability that the numberof server periods � required to complete all the spo-radic tasks arriving during one server period is equalto y. H(z) and Q(z) are the generating functions offhxg and fqyg, respectively. When the computationtimes of di�erent semi-periodic tasks are statisticallyindependent, we have Q(z) = (H(z))n: In the simplestcase, K = 1. (This is the choice made in Appendix A.)H(z) = 1�A+Az. For other choices of K, H(z) canbe derived easily from the probability density functionfi(x) of each task Ti.To �nd bm, we note that for m � 1,bm = nKXy=0 qybm�y+1 (6)5



From the de�nition of bm, bm = 0 for m < 0. Hencewe only need to take care of the boundary conditionwhen m = 0 as follows:(1� q0 � q1)b0 = q0b1 (7)From Eqs.(6) and (7), we �nd that the generatingfunction B(z) =P1m=0 bmzm is given byB(z) = (1�E[�])(1� z)Q(z) � z (8)when E[�] < 1, i.e., the expected number of serverperiods required to complete all the sporadic requestsarriving in any period is less than 1. The stationarydistribution fbmg does not exist when E[�] � 1.For all choices of K, (1 � b0) gives the probabilitythat a sporadic request arrives to a non-empty serverqueue. Consequently, A(1� b0) gives an upper boundfor the probability that any sporadic task misses itsdeadline. We can, of course, get a tighter upper boundby evaluating the value of the sum in Eq. (5). Inthe special case of K = 1, q0 = (1 � A)n, E(�) =nA (< 1), and b0 = (1 � nA)=(1� A)n. (If di�erenttasks have di�erent probability of arrival Ai, b0 = (1�Pni=1Ai)=Qni=1(1 �Ai).)This method, like the probabilistic time-demandanalysis method, assumes the statistical independenceof the computation times of di�erent semi-periodictasks. Consequently, the upper bound thus derivedmay also be overly optimistic when the computationtimes are not statistically independent. One way toimprove the analytical model is to make hx, the prob-ability of a sporadic request requiring x server peri-ods to complete, dependent on the amount of backlogat the time of its arrival. An example is to make hxlarger for larger x when the backlog is large. The prac-tical challenge of this approach is how to characterizethis dependency so that the model is as accurate aspossible while remaining tractable at the same time.We are examining the detailed execution traces of thetasks in our example in order to validate several pos-sible dependency relations between hx and the serverbacklog.Using EDF and Slack StealerWe can also schedule the semi-periodic tasks ac-cording to the EDF algorithm. This algorithm, be-ing optimal, allows the tasks to meet their deadlineswhenever it is possible to do so. However, the EDF al-gorithm is known to be unstable during transient over-loads. For this reason, rather than applying the EDFalgorithm directly to semi-periodic tasks, we againtransform each task into a periodic task and a spo-radic task. The periodic tasks are scheduled on theEDF basis. The sporadic requests of all tasks arethen scheduled according to the slack stealing algo-rithm described in [14]. This algorithm di�ers fromthe slack stealing algorithms described in [4, 11, 13],which assume that periodic tasks are scheduled ona �xed-priority basis. Conceptually, it is similar toChetto and Chetto's algorithm [1]: Sporadic requestsare scheduled on the FIFO basis whenever the execu-tion of periodic requests can be postponed. It di�ers

from Chetto and Chetto's algorithm in implementa-tion. Its complexity is linear in the number of peri-odic tasks while the latter is a pseudo-polynomial timealgorithm.The probability of arrival Ai of requests of eachsporadic task can be chosen so that the total maximumutilization of all periodic tasks Pi, for i = 1; 2; � � � ; N ,is equal to 1. Therefore, the probability of any requestin Ti missing its deadline is at most Ai, when therelative deadline of each task is equal to or larger thanits period. Because the computation times of periodicrequests Pi;j's may be less than the maximum valueci and the slack stealer can make use of the processortime not used by periodic tasks, this probability mayactually be smaller than Ai.To compare the two approaches, namely, RM andsporadic server algorithms and EDF and slack steal-ing algorithms, to scheduling the transformed tasks,we simulated our example application system for A =30% and A = 20%. The average response times andprobabilities of missed deadlines of all tasks are listedin Tables B1 and B2 in Appendix B. When EDFand slack stealing algorithms are used, the average re-sponse times are better for most tasks and the prob-abilities of missed deadlines are better for all tasksexcept task 0. Although the average response timeof task 0 is larger when the RM and sporadic serveralgorithms are used, it does not miss any deadline.In contrast, the probability of its missing deadlines isnon-zero when the EDF and slack stealing algorithmsare used. We have not yet found any consistent ruleto predict what combination of task parameters maylead to poorer performance of the EDF and slack steal-ing algorithms. However, the overall performance ofEDF and slack stealing algorithms is better than theperformance of RM and sporadic server algorithms.5 Summary and Future WorkIt has often been said that the well-known periodic-task model does not accurately characterize manyreal-time applications. One of the reasons is that themaximumcomputation times of requests in some tasksmay be much larger than the corresponding averagecomputation times. This is the case with the semi-periodic tasks examined in this paper. However, de-spite the fact that the periodic-task model does not ac-curately characterize a system of semi-periodic tasks,we have shown here that the scheduling algorithmsand schedulability analysis methods developed in theframework of the periodic-task model can neverthelessbe applied with little modi�cation to schedule semi-periodic tasks and provide them with meaningful per-formance guarantee.Speci�cally, in this paper, we study the problemof providing performance guarantees when the totalmaximum utilization of the semi-periodic tasks as-signed to a processor is larger than one. Hence, the ex-isting schedulability conditions cannot guarantee thatthe tasks are schedulable, even though their total av-erage utilization is very small. We describe two meth-ods of providing probabilistic schedulability guaran-tees for the semi-periodic tasks. The probabilistictime-demand analysis method is an extension of the6



exact schedulability test for periodic tasks. The ex-tension allows us to take into account the variationsin the computation times. The transform-task methodtransforms each semi-periodic task into a periodic taskfollowed by a sporadic task. It allows us to provide anabsolute guarantee for requests with shorter compu-tation times and a probabilistic guarantee for longerrequests.Instead of large variations in computation times,the lengths of time between the releases of requestsin some tasks may vary widely (but not as widely asthose of sporadic or aperiodic tasks). The total max-imum utilization of the tasks on one processor, usingthe minimum time between release times of consecu-tive requests of each task as the period of the task,may exceed one, and hence the existing schedulabilityconditions cannot provide any guarantee to the tasks.An analogous method of transforming the tasks intoperiodic tasks and sporadic tasks can be used in thiscase. Based on the probability density function of theinterarrival times of each task, we can select a thresh-old value. This value is used as the period of the peri-odic portion of the task. Most of the requests in thistask have interarrival times longer than this thresh-old value. Requests with interarrival times shorterthan this threshold are considered to be sporadic re-quests. Probabilistic schedulability guarantees similarto those in this paper can then be made to these tasks.It is straightforward to unify this approach with theapproach discussed earlier: There is a sporadic requestwhenever a request Ti;j has computation time largerthan the computation time ci of Pi or is released earlierthan pi units of time since the release time of Ti;j�1.References[1] H. Chetto and M. Chetto, \Some Results ofthe Earliest Deadline Scheduling Algorithm,"IEEE Transactions on Software Engineering,vol. 15(10), pp. 1261{1269, Oct. 1989.[2] P. S. Heidmann, \A Statistical Model for De-signers of Rate Monotonic Systems," tech. rep.,RMA Users Forum, Software Engineering Insti-tute, Pittsburgh PA, 1994.[3] K. Kant, Introduction to Computer System Per-formance Evaluation. New York: McGraw-Hill,pp. 544, 1992.[4] J. P. Lehoczky and S. Ramos-Thuel, \An OptimalAlgorithm for Scheduling Soft-Aperiodic Tasks inFixed-Priority Preemptive Systems," in Proceed-ings of the IEEE Real-Time System Symposium,pp. 110{123, 1992.[5] J. Lehoczky, L. Sha, and Y. Ding, \The RateMonotonic Scheduling Algorithm { Exact Char-acterization and Average Case Behavior," in Pro-ceedings of the IEEE Real-Time System Sympo-sium, pp. 166{171, 1989.[6] J. P. Lehoczky, L. Sha, J. K. Strosnider, andH. Tokuda, \Fixed Priority Scheduling Theoryfor Hard Real-Time Systems," in Foundations of
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Appendix A: Response Times of SporadicTasks When Scheduled According to the RMand Sporadic Server AlgorithmsOn Processor 1: Task 18 is periodic with period6,000,000.Sporadic Server 1: period 638, exe. budget 200.Client(s) periodTask 2 680Sporadic Server 2: period 2960, exe. budget 442.Client(s) periodTask 1 6008Task 10 3004Task 27 5260Sporadic Server 3: period 18212, exe. budget 800.Client(s) periodTask 5 18214Task 20 26019Sporadic Server 4: period 50064, exe. budget 3000.Client(s) periodTask 6 55762Task 9 50083On Processor 2:Sporadic Server 1: period 3047, exe. budget 800.Client(s) periodTask 16 3553

Sporadic Server 2: period 30417, exe. budget 16000.Client(s) periodTask 3 99667Task 29 30549Task 0 3057On Processor 3:Sporadic Server 1: period 1738, exe. budget 170.Client(s) periodTask 4 2229Task 12 3715Task 15 3623Task 19 3069Task 22 1738Task 23 4373Task 28 3696Sporadic Server 2: period 7797, exe. budget 500.Client(s) periodTask 11 7802Task 14 8105Task 17 8190Sporadic Server 3: period 13446, exe. budget 1340.Client(s) periodTask 7 14655Task 8 14177Task 21 27932Task 24 13458Sporadic Server 4: period 50023, exe. budget 6050.Client(s) periodTask 13 96774Task 25 104529Task 26 500838



Appendix B: Response Times of SporadicTasks When Scheduled According to theTransform Task MethodTable B1: A = 30%
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On Processor 1: Task 18 is periodic with period 6,000,000RM with Sporadic Server EDF with Slack StealerTask ave. response time % missed deadline ave. response time % missed deadlineTask 1 65.69 0 46.09 0Task 2 157.04 0.95 141.45 0.064Task 5 18.55 0 10.89 0Task 6 9.56 0 5.00 0Task 9 102.53 0 65.41 0Task 10 199.31 0 150.79 0Task 20 21.01 0 15.92 0Task 27 144.58 0 95.87 0On Processor 2: RM with Sporadic Server EDF with Slack StealerTask ave. response time % missed deadline ave. response time % missed deadlineTask 0 434.57 0 35.61 0.121Task 3 43.05 0 29.00 0Task 16 821.17 2.04 812.23 0.799Task 29 31.55 0 421.07 0On Processor 3: RM with Sporadic Server EDF with Slack StealerTask ave. response time % missed deadline ave. response time % missed deadlineTask 4 96.14 0 79.63 0Task 7 160.39 0 136.00 0Task 8 61.06 0 17.29 0Task 11 49.45 0 38.10 0Task 12 146.71 0 58.50 0Task 13 24.57 0 19.00 0Task 14 31.17 0 46.73 0Task 15 21.15 0 12.65 0Task 17 94.42 0 81.17 0Task 19 29.99 0 31.86 0Task 21 5.59 0 3.50 0Task 22 8.14 0 9.03 0Task 23 22.91 0 18.93 0Task 24 60.97 0 57.94 0Task 25 119.83 0 194.00 0Task 26 248.21 0 256.50 0Task 28 139.16 0 108.91 010



Table B2: A = 20%
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On Processor 1: Task 18 is periodic with period 6,000,000RM with Sporadic Server EDF with Slack StealerTask ave. response time % missed deadline ave. response time % missed deadlineTask 1 65.24 0 50.11 0Task 2 167.16 0.76 142.40 0.052Task 5 16.33 0 12.42 0Task 6 7.42 0 5.00 0Task 9 86.48 0 0.00 0Task 10 142.88 0 107.27 0Task 20 19.71 0 15.85 0Task 27 134.95 0 115.56 0On Processor 2: RM with Sporadic Server EDF with Slack StealerTask ave. response time % missed deadline ave. response time % missed deadlineTask 0 634.96 0 44.82 0.120Task 3 49.61 0 29.00 0Task 16 834.50 1.39 801.95 0.819Task 29 29.94 0 619.57 0On Processor 3: RM with Sporadic Server EDF with Slack StealerTask ave. response time % missed deadline ave. response time % missed deadlineTask 4 77.21 0 69.52 0Task 7 180.42 0 164.33 0Task 8 62.63 0 69.07 0Task 11 46.91 0 39.88 0Task 12 134.32 0 125.19 0Task 13 21.89 0 19.00 0Task 14 38.35 0 37.00 0Task 15 17.85 0 16.29 0Task 17 90.28 0 79.06 0Task 19 44.40 0 44.93 0Task 21 4.87 0 3.69 0Task 22 8.95 0 8.38 0Task 23 24.99 0 19.78 0Task 24 49.16 0 44.26 0Task 25 221.33 0 193.00 0Task 26 249.54 0 170.24 0Task 28 176.37 0 159.97 012


