
1 IntroductionDuring the last decade there has been an increasing interest in performability modeling [18].The development of software tools supporting performability modeling and analysis has beenan active area of research.Metaphor [5], developed 1984, was the �rst tool for performability modeling. It addressedonly a limited set of Markov models; input and output were textual. The tool SPNP [3]is a stochastic Petri nets package, which supports speci�cation, generation, and solutionof continuous time Markov chains. Steady-state, transient, and cumulative performabilitymeasures, de�ned by Markov reward models (MRMs), can be computed. The model de-scription is done via C. The tool UltraSAN [4] is based on stochastic activity networks. Inaddition to numerical algorithms, UltraSAN provides also simulation methods. Surf-2 [1]has been developed for dependability and performability evaluation. Models can either beMRMs or generalized stochastic Petri nets. SPNP, UltraSAN and Surf-2 provide an outputin tabular form. Additionally, Surf-2 allows a graphical representation of the results. De-terministic and general type time distributions are complementing exponential distributionin DSPNexpress [8] and in other work [2]. Many more tools do exist, most of them beingcovered in the overview paper by Haverkort and Niemegeers [6].

Figure 1: The friendly usable interface of PENELOPE.This paper describes the new software package PENELOPE [13]. PENELOPE is the�rst tool which incorporates evaluation and optimization algorithms. It can be applied1



for the integrated computation of performance/performability functions and of optimal con-trol strategies. It constitutes the implementation of the concept of a combination betweenperformability modeling and Markov decision theory [17].In addition to transient and steady-state performability measures, also transient andsteady-state control functions can be computed and graphically presented. Model speci�-cation and speci�cation of transient or steady-state control structure can also be separatelyperformed and deliberately combined with each other. This allows the immediate compari-son of the impact of various control strategies for a given model on the resulting performancemeasures.The speci�cation of control strategies is built on the paradigm of recon�gurability [11, 12].The intuition behind is, decisions must be made to recon�gure or not to recon�gure a systemfrom one state to another in order to optimize a given performance/performability measure.The mapping of the recon�guration options on internal model representations suitable forthe optimization algorithms and the application of appropriate algorithms is hidden fromthe user.PENELOPE provides a friendly usable interface, being indicated in Fig. 1, for modelgeneration and experimentation. In particular, the creation of model variations is supportedas well as the execution of series of experiments and the integrated presentation of theresults of those experiments. This includes the presentation of performability functions and,in particular, the presentation of control strategies. No interference of the user is necessaryto prepare the graphical presentation of control strategies and performability functions. Thecontrol functions are automatically related to the original speci�cation of recon�gurabilityoptions and series of experiments. Thus, the execution of an optimization study can beconsidered as a meta-experiment that comprises many single experiments which are relatedto each other.This paper is organized as follows. Section 2 contains a description of the general func-tionality of PENELOPE. Section 3 illustrates by means of a simple example importantfeatures of the tool, such as model generation, experiment set-up and execution, or presen-tation of results. Section 4 concludes the paper.2 Description of PENELOPEPENELOPE is based on the theory of extended Markov reward models (EMRMs) [11, 12].It o�ers a modeling methodology that combines Markov reward models and Markov decisionprocesses.PENELOPE o�ers the following functionalities:� Interactive graphical modeling.� Automated checking of model consistency.� Mechanism for hierarchical and iterative modeling.� De�nition of model parameters.� Automated execution of series of experiments.2
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Figure 2: Penelope architecture.� Graphical preparation of experimental results.� Interactive preparation of computed strategies.� Printing of models and results for documentation purposes.� Operating system independent data management.The tool architecture is depicted in Fig. 2. Users communicate through a graphical userinterface (gui) with �ve components: model component, parameter component, experimentcomponent, result analysis component, and strategy component. Each of these has its ownrange of functional competence. The �ve user accessible modules communicate with eachother and with a database management system (DBMS) according to the structure as indi-cated in Fig. 2. The DBMS is hidden from the user.PENELOPE allows to create parameterized models of arbitrary �nite size and to pro-vide automatically the models with concrete values. To each parameter an arbitrary set ofconcrete values can be allocated. For each possible combination of parameter values, PENE-LOPE performs an experiment. Whole series of experiment can thus be easily speci�ed andexecuted.The mathematical background of EMRMs will be brie
y presented in this section as faras it is necessary to introduce the analysis techniques of our tool. Let Z = fZ(t); t � 0gdenote a continuous time Markov chain with �nite state space S. To each state s 2 S areal-valued reward rate r(s), r : S ! IR, is assigned, such that if the Markov chain is instate Z(t) 2 S at time t, then the instantaneous reward rate of the Markov chain at timet is de�ned as X(t) = rZ(t). In the time horizon [0; t) the total reward Y (t) = R t0 X(� )d�is accumulated. Note that X(t) and Y (t) depend on Z(t) and on an initial state. Thedistribution function 	(y; t) = P (Y (t) � y) is called the performability. For ergodic models3



the instantaneous reward rate and the time averaged total reward converge in the limit tothe same overall reward rate limt!1 E[X(t)] = limt!1 1tE[Y (t)] = E[X].For each unit of time in which the system is in a certain state, the corresponding numberof reward units X(t) is added to the total reward R t0 X(� )d� . Thus, it is possible to de�nea \yield measure" or a \loss measure" for the system by using appropriate reward rates.EMRMs provide a framework for the combined evaluation and optimization of recon-�gurable systems by introducing some new features for MRMs. A recon�guration arc, whichcan be placed between an arbitrary Markov state and any other state in a model, speci�es anoptional, instantaneous state transition that can be controlled for optimization. Zero, one,or more recon�guration arcs may originate from any Markov state. The resulting strategy,which provides optimal recon�guration decisions for each option in the model, is commonlytime-dependent. The so-called branching states provide another feature of EMRMs. No timeis spent in such states, but a pulse reward may be associated with them. The introductionof branching states has motivation similar to the introduction of immediate transitions tostochastic Petri nets [9].Two types of methods are o�ered for computation of optimal strategies and performancefunctions:� Transient optimization, where the expected accumulated reward E[Yi(t)] is used asan optimization criterion. The algorithm which has been introduced in earlier work[10, 11, 12] is applied for an analysis within a �nite period of time [0; t). Transient opti-mization for acyclic CTMC was introduced and its correctness proved by Lee & Shin [7].The algorithm was adopted by de Meer [11] and extended to general CTMC. Addi-tionally, the correctness of EMRM aproach in terms of Markov decision processes [17]was proved. The algorithm is based on Taylor series1.� Stationary optimization, which is performed for an in�nite time horizon [0;1).As optimization criteria, we distinguish between time averaged mean total reward insteady-state, E[X] = E[Xi] = limt!1 1tE[Yi(t)] for all i, where E[Xi] is independentof initial state i for a selected strategy, and the conditional accumulated reward un-til absorption, E[Yi(1)] = limt!1 E[Yi(t)], which is computed for non-ergodic modelscontaining an absorbing state. E[Yi(1)] is dependent on initial state i. The opti-mization itself is performed by deployment of variants of value iteration or strategyiteration type methods [11], relying on numerical algorithms such as Gaussian elimina-tion, Gauss-Seidel iteration, successive over-relaxation (SOR), and the Power-Method.All these methods are implemented in the tool and can be deliberately chosen for acomputation.In addition, PENELOPE o�ers procedures for computations under �xed deliberatelyeligible strategies:� Simulation, where model evaluations can be simulated under �xed strategies.� Transient analysis, where transient numerical evaluations can be carried out under�xed transient or stationary strategies.1Taylor series for transient analysis (without optimization) has also later been discussed by Stewart [15].4



� Stationary analysis, where stationary numerical evaluations can be carried out under�xed stationary strategies.The software tool has been built with the C programming language under the UNIXoperating system, making use of X-windows and Motif.3 A Simple Example3.1 DescriptionThe features of PENELOPE will be demonstrated by means of a simple example. In packet-switched networks there exists the special case that applications, generating mixed tra�c(data, video, voice etc.) with di�erent quality-of-service requirements, are communicating viaa single switching node. This is a typical situation in particular in a local-area environment,where the switch may be used as a PBX(Private Branch Exchange) [16]. One of the mostimportant problems to be solved with respect to tra�c management is related to congestioncontrol. Congestion control for real-time tra�c by selectively discarding packets has beeninvestigated by Schulzrinne et al. [14]. We adopt a similar scenario in a simpli�ed setting asdepicted in Fig. 3. n classes of packet streams are distinguished, where the classes di�er fromeach other with respect to response time limits and loss thresholds. Packets are continuouslyfed into the system according to independent Poisson processes with arrival rates �1; :::; �n.The packets are processed with rate � using the service strategy �rst come �rst served. Theproblem of congestion control through discarding of last arriving packets will be investigated.
λ 1

λ n

µFigure 3: A queueing system with n classes of arriving packets.Keeping it as simple as possible, a system with n = 2 arrival streams will be considered.The di�erent response time limits2 of both classes are assumed to be proportional to themean service time 1� with di�erent factors. The �rst class is loss-tolerant but more delay-sensitive. While having no limit for losses, the mean response time limit of these packets isassumed to be 2� time units. There is no use in keeping class one packets if their expectedresponse time is larger than that, that is, if there are already at least two packets in queueupon their arrival. The second class is highly loss-sensitive, no packet of this class may getlost. The less restrictive mean response time limit, on the other hand, is assumed to be3� units of time. Packets of the second class can be accepted as long as there are at mosttwo packets in the queue ahead of them. Since loss of class two packets cannot be tolerated,2We de�ne response time as waiting time plus service time.5



service is assumed to be immediately stopped if such an event occurs. The admission policies,optimizing di�erent reward functions, will be studied in this simple example for purpose ofdemonstrating the features of the tool.
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µFigure 4: The baseline model as an EMRM.The baseline model is depicted as an EMRM in Fig. 4. In states Nj, j 2 f0; 1; 2; 3g, jpackets are in the system. In states Ri, i 2 f1; 2g, i packets are in the system and the lastarriving packet is a packet of the �rst class. Whenever the system is in state Ri, a decision hasto be made whether the last arriving packet should be dropped or not. In case of a positivedecision the system is recon�gured to the corresponding state Ni�1. The recon�gurationoptions are graphically indicated by dashed lines in the EMRM of Fig. 4. If loss of a secondclass packet occurs, then the absorbing state A is reached and all further arriving packets,regardless of their class, are considered to be lost. First, we will investigate the strategy,which maximizes the mean throughput in terms of the number of packets served in �nitetime or before service interruption occurs. Then, the strategy which minimizes the expectednumber of lost packets and di�erences in the strategies will be discussed.
Figure 5: Model editor of PENELOPE.In PENELOPE the resulting model can be easily created with the help of the graphicalmodel editor as illustrated by Fig. 5, which is provided as part of the user interface.The expected accumulated reward, as a measure of accomplishment, is used as a criterionof optimization. Series of experiments for di�erent reward structures will be investigated. It6



is interesting to compare the impact of various control strategies on the resulting performancemeasures. As it will turn out, transient strategies yield better performance results thanstationary strategies do. In addition, the di�erence will be investigated between using themean accumulated reward in �nite time as an optimization criterion and applying the meanaccumulated reward until absorption as a criterion.3.2 Experiments3.2.1 Maximization of ThroughputTo specify the throughput per unit of time, the reward rate is de�ned as the service rate timesthe number of active processors in each state. The resulting reward structure is attachedto Fig. 8. The set of parameters is summarized in Tab. 1. Users can de�ne parametervalues either directly in the model editor or in the parameter set editor, which allows one toexplicitly specify an arbitrary set of concrete values to be substituted for formal parameters.One can equivalently specify parameter value-ranges and step widths, where for each of theresulting values a computation will automatically be executed. Usage of the parameter seteditor is exempli�ed by Fig. 6.parameter value meaning�1 0.02 arrival rate of the class 1�2 0.02 arrival rate of the class 2� [0:01; :::; 0:13] service rateTable 1: Set of parameters.
Figure 6: Parameter set editor.Using the experiment editor, which is shown in Fig. 7, complete series of experimentscan be speci�ed and executed. 7



Figure 7: Experiment editor.Transient Optimization In our example transient optimization is performed in the timehorizon [0; 6000). Assuming one unit of time corresponding to 10 msec, the total arrivalrate �1 + �2 results in 1 packet=250 msec= 4/sec. The time horizon would cover 1 min.The resulting dynamic control strategy, which maximizes the throughput, is depicted inFig. 8. With respect to state R2, the two-dimensional decision space, given by the coveredset of parameter values of � and the considered time interval, is partitioned into two regions,which are divided by the curve with the label 'R2 ! N1' attached to it. In the region abovethe curve the indicated strategy applies: A message of class one should be discarded infavor of potentially arriving class two messages. If, however, conditions are given such thatthe current situation is classi�ed to be in the region underneath the curve, the alternativestrategy should be applied in state R2 and class one message should not be discarded inorder to maximize the overall throughput. The region is indicated by label 'R2 ! R2'.With respect to state R1, the two-dimensional decision space comprises a single region.Neither time nor service rate a�ect the curve labeled 'R1 ! R1'. This means that thestrategy 'do not discard the last arriving packet in state R1' is applied in the whole decisionspace.The curves, also referred to as switching curves, represent for each state the instants oftime where the strategy switches with respect to the remaining time. For example, if theservice rate is � = 0:08, that is, 1 packet=125 msec, and if the time to go is 500 units, thatis, 5 sec, an arriving packet of the �rst class should be accepted. The point (0:08; 500) islocated in the region R2 ! N1 and R1 ! R1. The throughput would decrease by droppinga packet in such a situation. The strategy reveals the following monotony: the smaller theservice rate, the less packets of the �rst class are accepted. Of course, the loss risk of asecond class message is higher with a decreasing service rate.In Fig. 9, the throughput for the initial states N0, N1, N2, and N3 is depicted as a functionof the service rate. The reward functions are computed assuming the optimal strategy. Thethroughput behaves in a way which might have been anticipated: the higher the service8
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0.02 0.04 0.06 0.08 0.10 0.12Figure 15: Di�erence graph of throughput and losses computed under di�erent strategies.4 ConclusionsWe have presented a new modeling tool which can be used for the combined optimizationand evaluation of recon�gurable systems. The important features of PENELOPE have beenintroduced by means of example. In particular, it was demonstrated how transient opti-mization techniques and optimization until absorption can be applied for congestion con-trol problems by providing selective packet discarding strategies. It was shown how modelstructures and optimization strategies could be easily combined with each other in order tocompare the impact of di�erent control strategies on resulting performance or performabilityfunctions. While series of experiments being 
exibly accomplished with a minimum of userinterference, complex control strategies can be presented in an abstract way directly relatingto a series of input models. The speci�cation of control options is based on the paradigmof recon�gurability. A knowledge of details of the underlying algorithms is therefore notnecessary in order to apply optimization techniques.For the sake of completeness we may mention that the largest optimization models whichwere investigated with our tool had a size in the order of some 100; 000 states.Continuing e�ort is made to improve the interface further and to extend the class ofimplemented numerical algorithms.
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