P arallel Sim ulation of P erformance P etri Nets:

Extending the Domain of P arallel Sim ulation

�

Gregory S. Thomas

John Zahorjan

Department of Computer Science and Engineering

University of W ashington

Seattle, W

A 91895

April 4, 1995

Abstract

W e present a parallel simulation proto col for Performance Petri nets, Petri nets in which transi-

tion �rings take randomly selected amounts of time. This proto col is interesting for two reasons. First,

application of standard conserv ative or optimistic parallel simulation to Petri nets results in either unnec-

essarily low (p ossibly no) parallelism or simply fails to pro duce correct results. Thus, this new proto col

may b e thought of as addressing a class of mo dels not amenable to standard parallel simulation, with

Petri net mo dels b eing a particular example. Second, Performance Petri nets are currently analyzed

using numerical techniques that have time and space requirements exp onential in the size of the Petri

net. Simulation, and particularly parallel simulation, is thus a practical alternate analysis metho d for

these mo dels.

Our new proto col is derived from the rules of conserv ative parallel simulation. While this approach

normally relies on use of the actual or \future" timestamps on the message paths into a comp onent of

the mo del to determine the latest simulation time to which that comp onent can safely progress, we have

intro duced a new technique that lo osens this restriction. Our technique, called Sele ctive R e c eive , allows

mo del comp onents to sometimes ignore certain of their input channels and thus to determine their lo cal

clo ck times based on only a subset of their p otential inputs. This technique is helpful in simulating Petri

net mo dels. W e b elieve that it may b e of use in sp eeding up the parallel simulation of other systems as

well.

Finally

, the development of a parallel simulation proto col for Petri nets suggested a small mo di�cation

to their de�nition that, while not a�ecting the expressive p ower of the nets, allows for much more e�cient

simulations. W e show that parallel simulations using this mo di�cation can achieve unb oun ded ly high

sp eedups relative to a sequential simulation that do es not employ this approach .

Key W ords: Parallel discrete event simulation, conserv ative and optimistic approaches, message-passing

proto cols, Performance Petri nets, con ict resolution, system mo deling.

1 In tro duction

Performance Petri nets (classical Petri nets augmented with the notion of time) are a p owerful to ol for the

mo deling of systems. Their application is limited, however, by the Markovian assumptions and exp onential

�

This material is based up on work supp orted by the National Science F oundation (Grants DCR-8352098, CCR-8619663,

and CCR-8703049), the W ashington T echnology Center, and Digital Equipment Corp oration (the External Research Program

and the Systems Research Center).

Authors’ addresses: Department of Computer Science and Engineering, FR-35, University of W ashington, Seattle, W

A 98195;

gthomas@cs.washington.edu, zahorjan@cs.washington.edu.

complexity of the analytic techniques typically employed in their analysis. F or these mo dels, simulation

provides an attractive alternative: few, if any

, restrictions need to b e imp osed and, as we will show, the

execution time required to obtain mo del p erformance results can b e much less than that required by the

analytic techniques.

It is natural to consider the use of parallel simulation to reduce even further the elapsed time required to

obtain p erformance measures from Performance Petri net (PPN) mo dels. Using parallel simulation for this

purp ose, however, requires mo di�cation of the basic mechanisms on which it is structur ed.

Parallel simulation has b een applied chie y to systems in which the actions of a comp onent (often called

a physic al pr o c ess) are determined solely by its lo cal state. Both the conserv ative [Misra 86] and optimistic

[Je�erson 85] approaches to parallel simulation assume that interaction among comp onents o ccurs exclusively

via explicit messages. This assumption is v alid for many systems. F or example, the actions of a server in

a queueing network dep end solely on its service discipline and on the jobs enqueued at it, with servers

interacting only by sending jobs from one to another.

When a physical system conforms to this paradigm of interaction, a parallel simulation can b e built in

a natural way by creating a set of lo gic al pr o c esses that mimics the b ehavior of the physical pro cess es. The

simulation is parallelizable b ecause the logical pro cess es change their state based only on lo cal information

and messages rece ived from other logical pro cesse s. F urther, the (p otential) parallelism of the simulation

scales with the problem size, since a larger physical system (i.e., one with more physical pro cess es) maps to

a simulation with a larger numb er of logical pro cess es.

In contrast, as explained in Section 2, the dynamic b ehavior of each comp onent of a PPN dep ends on b oth

internal and external (p ossibly global) state. This reliance on external state prevents the standard paradigm

of parallel simulation from b eing applied in a useful way

. Instead, a new parallel simulation paradigm is

required.

The �rst goal of this pap er, therefore, is to present a parallel simulation proto col, which we call the

T r ansition Firing Pr oto c ol (TFP), that is b oth correct and provides parallelism that scales with the size

of the PPN mo del itself. A second goal is to determine the amenability of PPNs to parallel simulation by

implementing TFP and measuring its p erformance. A �nal asp ect of this problem, a comparison of the

computational complexity of conserv ative parallel simulation of PPNs to that of analytic techniques, is also

addressed through measurement, using the GTPNA [Holliday & V ernon 86] analytic PPN pack age as the

basis of comparison.

The remainder of this pap er is organized as follows. Section 2 provides a brief review of Performance Petri

nets and discusse s v arious approaches to applying parallel simulation to them. The T ransition Firing Proto col

is presented in Section 3. This proto col exploits a fundamental mo di�cation to the standard algorithm for

conserv ative parallel simulation. This mo di�cation, which we call Sele ctive R e c eive , is describ ed in Section 4.

In Section 5 we discuss one asp ect of PPN analysis, con ict resolution, for which a slight rede�nition of

the mo del semantics suggested by the parallel approach leads to greatly improved analysis p erformance.

Section 6 discusses an implementation of TFP and its p erformance. Section 7 concludes by summarizing the

contributions made by our work.

2 P erformance P etri Nets and P arallel Sim ulation

In this section we brie y intro duce PPNs, describ e features of the class of nets we use, discuss v arious p ossible

decomp ositions of nets for the purp ose of parallel simulation, and explain why the standard paradigm of

parallel simulation do es not work for the most promising decomp ositions. F or more extensive intro ductions

to PPNs, [Ajmone Marsan & Chiola 87, Murata 89] are recommended. F or classical (i.e., untimed) Petri

nets, [Peterson 81] is a standard reference .

                                     BusyProcessors

   ReplyGetsBus RequestGetsBus

                                     RequestQ

                                     Request

            BusFree

ReplyQ

   M1Free M1Q

   M1Done

                  M2Free M2Q

                  M2Done

                                 M3Free M3Q

                                 M3Done

                                                M4Free M4Q

                                                M4Done

Figure 1: An example Petri net multipro cessor mo 2.1 erformance etri Figure 1 gives a graphical represe ntation of a PPN mo del of a bus-based multipro cessor computer The system consists of four pro cessors and four memory mo dules connected by a single bus. This mo might b e used, for instance, to aluate the e�ect of bus contention on e�ective pro cessor sp eed as a of the numb er of pro cessors in the system. e use this mo del here only to illustrate generic concepts PPNs. A more detailed description of the mo del is deferred until Section e view a PPN as a bipartite directed graph in which the two typ es of no des are

, drawn as and

, drawn as bars. There are twelve places and seven transitions in Figure If there is an arc (p, t) from a place p to a transition t, we say that p is an input e of t. Similarl,there is an arc (t, p) from t to p, we say that p is an output e of t. (The analogous de�nitions hold input ansition and output

.) In Figure 1, transition ReplyGetsBus has input places ReplyQ BusFree and output places BusyProcessors and BusFreeAt any p oint in time, each place in a PPN is marked with zero or more

, drawn as dots. marking of a place is the numb er of tokens at the place, and the marking of a net is the vector of of its places. The marking shown in Figure 1 is (4, 1, 0, 0, 1, 0, 1, 0, 1, 0, 1, A net’s marking is a�ected by the �ring of transitions. The �ring of a transition t removes a token each of t’s input places and, after a delay chosen from the �ring time distribution of the transition, dep a token in each of t’s output places. The sequence of transition �rings that o ccurs describ es the b ehavior of the A transition can b egin to �re (i.e., consume tokens from its input places) only when it is d . transition is enabled when each of its input places contains at least one token. An enabled transition mab egin to �re even if it is already in the pro cess of �ring (due to earlier enablings). In the marking shown Figure 1, only transition Request is Let P b e the set of places of a PPN, p

2 P , OT(p

) the set of output transitions of p

, and R re exive transitive closure of the relation R � , de�ned by p

Rp

i� OT(p

) \ OT(p

) 6= ;. R

P into a set of alence classes (called cksets in [aubner 88]). The places in such an alence 3

along with their output transitions, constitute a static on ict set . It is p ossible for multiple transitions a static con ict set to b ecome enabled at the same time, but for only some subset of them to b egin at that time (due to the limited numb er of tokens a ailable in the cision places|places with more one output transition|of the static con ict set). In Figure 1, places ReplyQ, BusFree,and RequestQ transitions RequestGetsBusand ReplyGetsBusform a static con ict A dynamic on ict set is a set of transitions (and their asso ciated input places) that are actually and comp eting for tokens (at decision places) at some p oint in time. A dynamic con ict set is thus a of some static con ict set. (There are no dynamic con ict sets in the current marking of Figure When a dynamic con ict set exists, a subset of its transitions must b e chosen to �re. This is on ict

. A numb er of di�erent prop osals have b een made for selecting the subset to �re. e a technique mo deled on that prop osed for Generalized Timed Petri Nets [Holliday & ernon 87], which the notion of maximal

. A maximalset is a set of transitions within a dynamic con ict set such that, those transitions were to �re, no other transitions in the con ict set could also �re. In general, there mab e many distinct maximal sets corresp onding to a particular dynamic con ict Under our con ict resolution scheme, the de�nition of the PPN is extended to include weights on all from places to transitions. (These weights are not shown in Figure 1.) The elative weight of a maximalset is the pro duct of the arc weights of all arcs from input places to those transitions that are cto �re in that maximal set. The maximal set that actually �res is then chosen at random in prop ortion these relative weighOther extensions to PPNs are made to increase their mo deling capability or their ease of Arc Multiplicity or place p and transition t, an arc (p, t) of multiplicity m means that m tokens required at p to enable t. An arc (t, p) of multiplicity m means that each time t �nishes �ring dep osits m tokens at pDep osit Branching A probability distribution may b e asso ciated with a subset S of the output places of transition. When the transition �res, the probabilities are used for ositanching , whereby a output place from S is selecte d for a dep osit. (Output places not in S receive dep osits at each as usual.) As an example, each time RequestGetsBus �res in Figure 1, it dep osits a token at one S = fM1Q, M2Q, M3Q, M4Qg, which is selected at random, and at BusFree.

Inhibitor Arcs A generalized inhibitor arc (p, t) of multiplicity m inhibits t from �ring if there are m more tokens at p2.2 arallel ulation and o p erform a parallel simulation, the system to b e simulated|a PPN, in our case|is mapp ed to a netwof alesses (LPs) that communicate through unidirectional channels [Chandy & Misra 81There are a numb er of ways to map a PPN into a network of LPs. In cho osing one, the basic tradeo� parallel computing applies: increasing the numb er of LPs working on the problem can decre ase the execution time (a b ene�t) but can also increase inter-LP communication overhead (a Perhaps the most natural PPN to LP mapping is an isomorphism:one LP p er PPN no de and one cp er PPN arc. This no de-based decomp osition maximizes the p otential parallelism of the simulation,since the numb er of LPs scales directly with the numb er of PPN no des, has the p otential to address vlarge problems running on massively parallel machines. However, this decomp osition has two drawbacFirst, b ecause the amount of work each LP has to do \p er message" (e.g., up dating the marking of a when tokens are dep osited) is very small, the relative cost of message passing overhead is very large, to p otentially p o or p erformance. Second, neither the standard ative nor optimistic metho d of simulation can b e used for this decomp osition of 4

In standard parallel simulation,interaction among physical pro cesse s o ccurs exclusively via plicit messages, with messages in the logical system corresp onding to messages in the physical [Chandy & Misra 81]. The no de-based decomp osition of PPNs violates this paradigm b ecause the b ehaof a no de of the net may b e determined by state that is global with resp ec t to that no de rather than explicit message exchange. or example, this is always the case for decision places. As illustrated in ure 1, if (decision) place BusFree has a token, it cannot on its own decide whether to send it to RequestGetsBus or transition ReplyGetsBus since it cannot determine whether either is Note that this problem exists for optimistic as well as ative parallel simulation.One might optimistically sending the token b oth directions in the case ab ove, and relying on the rollback feature optimistic simulation to later undo the incorrect decision. However, this will not work. Under simulation the rollback mechanism is triggered by the al of a message timestamp ed in an LP’s No such message will arrive in the case of PPNs. urther, even if messages conveying \I could not use token you sent me at time T " could b e sent, this would not solve the problem. If no such messages were senfrom any of the receiving LPs, what would this mean? At most one of them should b e allowed to consume the single token that existed, but there is no way to co ordinate their actions so that this happ An alternative mapping of a PPN into a network of LPs is one in which each LP represen ts a con ict set of the net, with channels corresp onding to arcs b etween con ict sets. (Such arcs will always b directed from a transition to a place.) This mapping has characteristics that are just the opp osite of no de-based mapping discussed ab ove. In particular, b ecause each LP represe nts a p otentially large numb of no des, the numb er of events that o ccur internally to an LP p er inter-LP message can b e high, minimizing

the relative cost of communication overhead. Also, this con ict set-based decomp osition of the net allothe standard metho ds of parallel simulation to b e used, since there is no interaction among con ict sets than the dep ositing of tokens as a result of transition �rings. On the other hand, the p otential parallelism this decomp osition is p o or, as the numb er of LPs scales with the numb er of con ict sets rather than with numb er of no des, and there is no direct relationship b etween the size of a PPN and the numb er of sets it contains. (The entire net, or nearly the entire net, can b e a single con ict set, for instance. In one of the example PPNs used in Section 6 has two con ict sets, one containing two no des and the containing thirty-�ve no In the end, the most appropriate decomp osition of a PPN into a network of LPs is probably some bination of these two approaches. In those cases where a con ict set-based decomp osition yields parallelicommensurate with the numb er of physical pro cess ors a ailable to run the simulation, its low overhead makit an attractive alternative. However, for PPNs with only a very few con ict sets or in situations where simulation will b e run on a massively parallel machine, the no de-based decomp osition describ ed ab ove mb e adopted for at least part of the netwWith this understanding, in the remainder of this pap er we concentrate on the no de-based decomp since it presents new challenges for parallel simulation. e �rst consider the problem of simply simulating a PPN using this decomp osition. Subsequen, we examine its p erformance using a prototyp implementation. It should b e kept in mind, though, that while for simplicity of exp osition we assume the entire PPN is decomp osed as an LP p er no de, in a practical situation a more sophisticated comof no de-based and con ict set-based decomp ositions is probably the b est c3 The T ransition Firing Proto A proto col for the ative parallel simulation of PPNs, which we call the ansition Firing

(TFP), is presented in this section. e chose to follow a ative approach b ecause we exp ect ed p erformance characteristics to b e more stable (and often b etter) than those of an optimistic approach. basic reason for this is the b ehavior of decision places in the net. As explained in the remainder of this 5

Deposit(h) @ T3

Confirm(j) @ T2

Grant(k) @ T2

Request(m) @ T1

Activate(n) @ T0

                     t1
p1 p2

Real

Time

Figure 2: Overview of it is the problems caused by decisions places that render in alid standard ative parallel simulatioRecall from Section 2.2 our chosen decomp osition: each place and each transition is repres ented by , and each arc in the net is repres ente d by a channel. e augment this simulation mo del by intro additional channels: there is a channel from LP t

to LP p

if there is an arc from place p

to transition t

in the PPN. o distinguish these additional channels from the \ordinary" channels (along which tokens ma ow) we refer to them as ol cThe graphical represe ntation of the simulation mo del is identical to that of the PPN, except that winclude control channels (drawn as dashed arcs) when appropriate. The net fragment in Figure 2 conplace LPs p1 and p2, transition LP t1, ordinary channels (p1, t1) and (t1, p2), and control channel (t1p1) (as well as additionalchannels connecting with other, unsp eci�e d TFP is basically a double handshake b etween transitions and their input places, as indicated in Figure The notation

(n)@Ti means

, passing parameter n, is sent at simulation time Ti. Ti is timestamp of

; every message has a TFP’s double handshake is ated by decision places.

When a decision place receives tokens, it macause many transitions to b ecome enabled sim.Because the decision place cannot know whictransitions are now enabled without interacting with them, it cannot make an immediate decision ab which transition should b e sent tokens. The �rst of the two handshakes determines which transitions enabled. A decision ab out which transitions this decision place would like to �re is then made, and in the p ortion of the second handshake those transitions are o�ered tokens. Because each of these transitions mahave other decision places as input places, and under the con ict resolution scheme we use (see Section those places may make di�erent �ring decisions, in the �nal p ortion of the second handshake the inform their input places whether or not they have actually In what follows, we describ e the four steps in the handshake without explicitly considering how they integrated with the messages corresp onding to the token dep osits due to transition �ring. This inis provided in the next section. or the sake of simplicity in the

wing discussion we assume (i.e., noninhibitor) arcs of multiplicity one. TFP handles the general case|regular and inhibitor arcs of anmultiplicit.

There are several cases in which TFP can b e streamlined.or example, a place with a single noninhibitor output can send a ant as so on as it has tokens. Additional sp ecialcase optimizations are p ossibleto further reduce the numb er messages that need to b e exchang6

�

(nThe �rst handshake starts when place p1 receives a dep osit of n tokens at time T0, causing it to an

(n)@T0 message to each of its output transitions, indicating that it has n tokens a ailaat time � quest (mOnce t1 has received an ctivate from each of its input places it calculates T1 � T0, the timestamp of any of the ctivate messages it has received, and m � n, the smallest of the parameters. t1 then up dates its (lo cal) simulation clo ck to T1 and resp onds to each input place a quest (m)@T1 message. t1 thereby asserts that it is ready to �re m times at time T1 if all of input places (still) contain su�cient tokens at that time. This completes the �rst handshak� ant (k p1 waits to rece ive a quest from each output transition it has sent an .

Let T2 � b e the earliest timestamp among these

quest s. (In Figure 2, T2 = T1.) When p1 has receivall quest s timestamp ed T2, it executes a con ict resolution algorithm (explained in Section 5) cho ose among comp eting earliest quest s, and then replies to each such quest with a ant (k message, indicating that k � m tokens are a ailable to the sender of the quest for �ring. (Note k could b e �

(j t1 collects a ant message from each of its input places. Let j b e the minimumparameter of ant s. (Thus, j could b e zero.) t1 ends the second handshake by sending a

(j )@T2 to eacinput place, indicating that t1 has �red j times (and so has consumed a corresp onding numb er tokens from each input If appropriate, t1 schedules one or more osit (h)@T3 messages, where 0 < h � j and T3 � T2, b e sent (when the corresp onding �ring delays have elapsed) to one or more of its output The receipt of a

(j ) from t1 by p1 completes the second handshake b etween p1 and t1. subtracts the j tokens from its marking that were consumed by the �ring of t1 and b egins the next cycle the proto The proto col just describ ed resembles in some ways several of the proto cols develop ed by [aubner 88]. That work was p erformed in the context of \Petri net driven execution" of programs|the �ring of a transition causes the invo cation of a pro cedure , with the Petri net itself to determine the ow of control (e.g., [Hartung 88])|rather than in the context of simulation of Our work di�ers signi�cantly from aubner’s in at least three ways. First, aubner assumes unnets, so there is no notion of simulation time. Second, our con ict resolution strategy is di�erent from eacof those prop osed by aubner. ,b ecause each transition �ring results in a pro cedure execution, amount of overhead required to run the proto col is less imp ortant for execution of distributed programs it is in our simulation context, where a transition �ring involves very little inherent work. Thus, we havb een more sensitive to these overheads in designing our proto col and prototyp e implementation.

4 e Rece e and A basic tenet of the ative approach to parallel simulation is that messages on each channel must b sent in nondecreas ing timestamp order. It is this prop erty that distinguishes ative from

In general, a dep ositis not needed to initiate the sequence|tokens already residing at p1, p erhaps in the initial marking,

can initiate it. e presentit this way b ecause it is the easiest situationto understandThis is why our approachis ativ7

simulation.

The standard ative algorithm achieves this output ordering goal by imp osing an input restriction. Asso ciated with a channel from LP

to LP

is a channel ck, c

, which is equal to earliest timestamp of any undelivered message p ending on that channel, if one exists, or else the time of last message sent on it. is prevented from rece iving a message m having timestamp T

unless T

equal to H

, the message e horizon of LP

, where H

= c

This input ordering restriction is a ma jor source of p erformance problems for ative simulatioincluding the p ossibility of deadlo ck. Consequen, a great deal of work has fo cused on minimizing impact (e.g., [Reed et al. 88, Nicol 88, agner & Lazo a 89, ujimoto 90The problem of deadlo ck is particularly extreme for . Because transitions send messages along control channels only in resp onse to messages received from the input place connecte d there, no messages b e received by places at the b eginning of a TFP cycle. or instance, imagine that a place has no tokens its current marking and so has not sent out any s. At this p oint it would like to receive any messages that its input transitions might send it. However, the semantics of the message receive op under ative simulation prevents it from doing so, even if there is a p ending osit message each of its input transitions, b ecause its message acceptance horizon cannot pro ceed b eyond the time of last TFP cycle (which is the channel clo ck alue on the channels from its output Our solution to this problem is to change the rules governing the receipt of messages by LPs. In ular, we allow each LP to sp ecify that certain channels should b e ignored in computing that LP’s acceptance horizon, thus allowingthe receipt of messages that would otherwise have to remain p ending. call this feature ctive

Selective Receive can b e applied when an LP can deduce that the next message it will receive (in ulation timestamp order) cannot arrive on one or more of its input channels. Under TFP in particular, place LP knows statically that any output transition not sent an ctivate message by it will not send it anmessages. Thus, the LP is free to rece ive the earliest message from the remaining cNote that Selective Receive is distinct from approaches based on null messages, lo ahead, and Unlike null messages, Selective Receive do es not inv e the transmission of any extra control Unlike lo ahead and futures, Selective Receive can b e used to avoid p erformance problems involving channel lo ops even when the lower b ound on the message propagation delay around the lo op is zero. In our use of Selective Receive in TFP serves exactly this purp Under , a place LP never ignores a channel from an input transition . It ignores a channel output transition LP

except b etween the time at which it sends an ctivate to LP

and the time at which receives the corres p onding

. A transition LP ignores a channel from input place LP

after it receivan ctivate from LP

until it sends quest s, and after it receives a ant from LP

until it sends o b etter understand the use of Selective Receive in , and the integration of osit messages in, we now summarize the activity of the place and transition LPs. or simplicit, we again assume arcs of multiplicity 4.1 Place An LP that repres ents a place may b e thought of as a �nite automaton. A state diagram for this app ears in Figure 3. In the discussion b elow, T is the minimum quest

|the timestamp of earliest quest rece ivA place , P , starts out in state 0, a transient b o ot state. It sends s to its output as warranted by its initialmarking, then go es to state While in state 1, P collects quest resp onse s to previously sent s and accepts new osit 8

all Confirms/Cancels received receive Confirm/Cancel all Requests received receive Request 2 1 0

Figure 3: State diagram for place sending out any new s that they may allow.o do this, P uses Selective Receive, allowing input on channels from its input transitions (messages rece ived will b e osit s) and from any d transitions|channels from nond output transitions are ignored. If such a channel from an transition T is not ignored, the progress of P is imp eded b ecause no messages can arrive along this cuntil after P sends T an ctivate and so the message acceptance horizon cannot

P remains in state 1 until all earliest timestamp ed quest s are received and it knows its marking T.

It then applies a con ict resolution scheme (explained in Section 5) to decide which of the

quest s to grant, and sends out an appropriate ant in resp onse to each earliest quest . P now movto state 2, where it receives information ab out which transitions eventually do �re. Note that quest timestamp ed later than T remain p P remains in state 2 until it receives a Con�rm in resp onse to each ant (k ), k > 0, it sent. resp onse to a ant (0) will b e a

(0), and thus will not a�ect the marking of P , so P need not wfor resp onse s to ant (0) messages b efore returning to state 1.

) P ignores the input channel from transition T after P receives a Con�rm from T . Once again, if the channel is not ignored, the progress of is imp eded b ecause no further message can arrive from T until after P sends an

ctivate to T When all required s are received, P up dates its marking, subtracting tokens for each that �red. If tokens remain after this up date, P sends an ctivate to each inactive output transition allowed by the up dated marking. ,P returns to state 4.2 T ransition A state diagram for the transition LP automaton app ears in Figure 4. In the discussion b elow, T is maximum ctivate

|the timestamp of the latest ctivate receivA transition , T , starts out in state 0 and remains there until it has received an (n

) from eacinput place P

. It then sends a quest (n

T to each input place and go es to state 1. Betwee n time T rece ives an ctivate from P

and the time it sends quest s, T ignores P

b ecause P

cannot another message to T until after T sends a quest to P

T remains in state 1 until it receives a ant (j

T from each input place P

. It then sends

(j

T to each input place, p ossibly schedules one or more osit s to b e sent to its places after suitable �ring delays have elapsed, and returns to state 0. Between the time T receives a from P

and when T sends s, T ignores P

b ecause P

cannot send another message to T until T sends a Con�rm to P

This involves sophisticated a d functions. Details are given in [Thomas 91ransitions that were sent

(0) messages are of secondary imp ortance at this p ointin the proto col, and failure receive s from them will not prevent P from returning to state 1. Thus, a

(0) from some LP T may b e received

while in state 1. When this happens,an ctivate is immediately sent to T if allowed by the current 9

Deny received, or all Grants receive Grant/Deny

all Activates received receive Activate 1 0

Figure 4: State diagram for transition 5 Con ict When one or more decision places in a con ict set contain tokens, a decision must b e made ab out which of transitions to �re. As mentioned in Section 2.1, a numb er of prop osals have b een made for this pro cedure, and there is no standard agreement on this asp ect of PPNs. However, one of the more approaches is o�ered by [Holliday& ernon 87]. They w the user to sp ecify weights that are the parameters of a function that assigns probabilities to each maximalset. (Recall that a maximal set is �rable set of transitions that is not a subset of any other �rable set.) A single maximalset is then cfor �ring according to this probability While Holliday and ernon prop osed this scheme for use in analytic approaches to PPN analysis, technique is easily applied in a sequential simulation: after an event is pro cesse d the new PPN is examined, the maximalsets are enumerated and assigned probabilities, one is selected, and a new of (transition �ring) events are scheduled. This is a relatively straightforward pro cedure in a sequensimulation.

In a parallel simulation, however, applying this technique is much more complicated. The reason for is that determining maximalsets requires a globalview of the net at a particular simulation time. in a parallel simulation each LP may have a di�erent simulation time, determining the global state at particular simulation time is not a simple matter. urther, b ecause each LP has information ab out its lo cal state, no LP is naturally in a p osition to compute maximalsets. o do so requires the creation a new LP for this purp ose, and co op eration from place and transition LPs in registering state informatiowith this . Needless to sa, this is a complicated proto col to implement, and tends to serialize execution the simulation. (Note, however, that with such an implementation the Con�rm messages of TFP could b eliminated since it would b e guaranteed that the �ring decisions of all decision places would b e in agreemenWhen construc ting a parallel simulation of PPNs, a decentralized approach is more natural. The one wuse is based on \trial-and-error": each decision place selects at random according to the user supplied weights one or more transitions that it would like to �re, and o�ers them tokens. If any transition is lucenough to receive o�ers from all input places, it then �res. Otherwise, it replies that it cannot use any the tokens and its input places try This pro cedure, which is incorp orated in the TFP p olicy describ ed in Section 3, is completely tralized: each place makes decisions based solely on information a ailable to it either lo cally or communication with its own output transitions . Thus, we might exp ect the decentralized approach have b etter p erformance than the more serial maximalset-based approacWhile this reduction in serialization may have imp ortant p erformance implications, exp erience our simulator shows that an even more imp ortant e�ect is the change in computational complexitthat results from the decentralized approach. Enumerating maximalsets is of exp onential complexit10

[Holliday & ernon 87], b oth in terms of time and space. Thus, if con icts involving a large numb er transitions or tokens o ccur with any , con ict resolution by this approach can b e extremely slow.

e note that the decentralized con ict resolution scheme has slightly di�erent semantics than the maximal

set-based approach, re ec ting the di�erence b etween the \rep eated trials" approach of the former and one-time enumeration of the latter. In general, neither scheme is able to simulate the other, i.e., no cof weights for the decentr alized scheme results in a distribution identical to that of the maximal set scand vice versa. However, this is not considered a signi�cant problem since there is no standard for resolution semantics and neither scheme provides a signi�cantly more convenient way for the user to the desired b ehavior of the mo e also note that while the decentralized scheme employed in TFP could b e emulated in a sequensimulation,resulting in p erformance gains comparable to those we observed in the parallel simulations, would b e somewhat unnatural. It therefore seems unlikely that the new scheme would have b een develop in a sequential environmenIn the next section, which concentrate s on the sp eedup characteristics of our TFP-based parallel simlation, we also provide some empirical information ab out the p erformance antages of decentralized ovmaximalset-based con ict 6 tation and e have two goals in this section. The �rst is to examine how well a parallel simulation using a no based decomp osition of a PPN is able to exploit a ailable pro cessor s. e address this by measuring sp eedups obtained for simulations of a numb er of realistic PPNs. or these measurements we use P[Thomas 91], our prototyp e implementation of Our second goal is to aluate the growth in the running time of our PPN simulation as the size the PPN increases, and to compare these times with those obtained using analytic approaches to aluation. In this case, we take a single PPN mo del and increase its size in a natural way (as b elow), yielding a series of mo dels. e compare the elapsed time to aluate each mo del using Pand GTPNA [ y & ernon 86], which employs analytic techniques to aluate PPNs. Our purp here is to determine whether or not simulation can extend the applicability of PPN mo deling to systems by facilitating the aluation of systems larger than those amenable to analytic tec6.1

Persephone is a prototyp e implementation of TFP written in C++ [Stroustrup 86]. Persephone is on top of a mo di�ed version of Synapse [agner 89], a library of C++ classes for ative simulation.Synapse exp orts a basic LP class that provides the message delivery mechanism and that messages are received in nondecreasing timestamp order, and a scheduler that handles the scof LP ob jects. Synapse runs on a Sequent Symmetry multipro cessor, and exploits the shared memory of machine in an attempt to achieve go o d p erformance [agner & Lazo a 89The implementation of TFP required several mo di�cations to Synapse. The primary changes involve lo ahead, deadlo ck detection and recov, and message delivery mechanisms. Selective Receive|the ma

On the otherhand, the time requirement of the decentralized scheme dep endson the arc weights. Since each decision place

selects transitions indep endently, an unfortunateset of arc weights could lead to a very large exp ectedtime to determine�ring. Thus, while the decentralized approach has b etter average time characteristics in our exp erience, it is easy to generate

arti�cial mo dels for which the exp ected con ict resolution time exceeds any b ound! This rather disconcerting asp ectof approach is the topic of current w11

Figure 5: Instruction pip eline enhancement made to Synapse|violates the normal message delivery semantics of ative simulatio(and thus of Synapse), so many of the changes are directly related to Selective ReceivBecause Persephone is built on top of Synapse, and Synapse itself is built on top of yet another run system (a user-level threads pac age named PRESTO [Bershad et al. 88]), determining where the b ottlenecare in a Persep hone simulation is a signi�cant challenge and is the fo cus of continuing work.

6.2 Exploiting ailable Pro cessors: Sp eedup In this section we examine the sp eedups achieved by Persephone on six distinct PPN mo dels. Each of PPN mo dels repres ents an interesting computer system, and while certain asp ects of these mo dels have b given less attention here than would b e appropriate if our purp ose were in fact to mo del these systems, their basic structure s could b e used to answer p erformance questions ab out those systems. e brie y present the six PPNs and then the set of sp eedu ps observed in their simFigure 5 shows our �rst PPN mo del, called Pip e, and its initialmarking. Pip e represents an pip eline in a CPU. There is a token source, repres enting instruction issue, followed by a numb er of pip phases, each represe nted as a single place and transition pair. All transition �ring times are with duration 1.0, re ecting the deterministic nature of pip eline stages. Control channels are shown ,as dashed arcs, to emphasize the fact that the net is not truly feedforward. This is discusse d later in Our second application is the bus-based multipro cessor computer system intro duced in Section 2.1. PPN mo del for this system, called Multipro cessor, is given in Figure 1 (in Section 2.1). Once again, �gure gives the initialmarking of the PPN mo del, as do the �gures for the remaining PPN mo dels. increasing the numb er of tokens in place BusyProcessors, Multipro cessor can b e used to

aluate how contention grows with the numb er of pro cess ors in a multipro cessor. Similarl,changing the numb er tokens in BusFree could re ect adding additionalbuses to the macOur third application is the p erformance aluation of a simple time-shared computer system. This an application often addressed using queueing network mo dels. e include it here b ecause much of work on parallel simulation techniques has used queueing mo dels (and esp ecially this one) as an The three systems|Persephone, Synapse,and PRESTO|together comprise 40,000 lines of C++ co 12

                                      Disk2Free

                     CPUFree

MergeP

             MergeT CPUP CPUT

                                        ForkP

                                                          Disk1P

                                                          Disk2P

                          Disk1T

                                                 ForkT2

                                                 ForkT1

                                           ForkT3

                          Disk2T

                                      Disk1Free

Figure 6: Central server tion [Reed et al. 88, Nicol 88, agner & Lazo a 89, Greenb erg & Lubachevsky 90] and b ecause mo dels are easily represe nted by PPNs. In this mo del, named CentralServer and app earing in Figure each token repres ents a job in a multiprogramming system, and circulates b etween the CPU and I/O acquiring service. The mo del may b e used, for example, to answer questions ab out the e�ect of on job p A window ow controlled communication channel is our fourth application.The PPN mo del for application, called CommChannel,is shown in Figure 7. In this case, a source machine sends messages a destination machine using a communication network. Each message is broken into a numb er of for transmission (in the mo del, each message creates three frames), and each frame is individually acknoedged. Packets are placed on the network one at a time, and for a window size W there can b e up to unacknowledged packets sent. This mo del might b e used to aluate how the window size (which is to the numb er of bu�ers in the receiver) a�ects p In our �nal application,which inv es two distinct PPN mo dels, we compare two schemes for multiple lo cks in a database system. e assume that the database consists of some numb er of lo c able called granules, and that arriving transactions require one or more granules for execution. or simplicit,wassume a very simple and regular pattern to determine which granules an individual transaction will In particular, each transaction acquires a sequence of consecut ively numb ered granules. or a system with granules, each arriving transaction acquires a sequence starting with granule g , 1 � g � G, with probability1=G. A transaction requiring a granule r also requires granule r + 1 (if it exists) with probability The comparison we make is b etween a lo cking scheme in which an arriving transaction must wait unit can simultaneously acquire all the lo cks it will need (we call this scheme \All-At-Once") and a scheme which each transaction acquires each lo ck it needs as it b ecomes a ailable, but runs only once all lo cks 13

          Msg AckQ

                     FrameQ

               3 FrameSent

                                                      BwdFree

                                             AckSent

                              Window

                              FwdFree

Users

Figure 7: Communication channel

      RequestT

RequestP

                                                   G3

                                          G2

                                 G1

                                                              T123_

                                                              T23_

                                                              T12_

                                                              T3_

                                                              T2_

                                                              T1_

                        P_123

                        P_23

                        P_12

                        P_3

                        P_2

                        P_1

Figure 8: All-At-Once database lo cking acquired (we call this scheme \One-At-A-Time"). or One-At-A-Time, to avoid deadlo ck the granules mb e acquired by all transactions in a sp eci�c order. e use ascending granule ID numb The PPN mo dels for these schemes are shown in Figures 8 and 9. Because the size of the grows quickly with the numb er of granules, the �gures are for systems containing only three granules. exp eriments, however, are for slightly larger systems, those containing �ve granules. (In b oth mo dels, dep branching out of transition RequestT is used to determine which granules a transaction will require. branching probabilities are set to re ec t the transaction characteristics outlined ab ovThe sp eed up curves for the aforementioned PPNs are given in Figure 10. e de�ne sp eedup for Persephone simulation using p pro cessors to b e the execution time for Perse phone on one pro cessor by the execution time for Persephone on p pro cessors. Note that the CentralServer and mo dels have fewer than sixteen data p oints b ecause they have fewer than sixteen 14

                                                     G3

                                    G2

                    G1

                                                             T123_
                                                             T23_
                                                             T12_
                                                             T3_T2_T1_

     RequestT
RequestP

                  P_123
                  P_23
                  P_12
                  P_3P_2P_1 T1_2

                           T1_23
                                  P1_2

                                  P1_23 T2_3T12_3 P2_3P12_3

Figure 9: One-At-A-Time database lo cking

Processors

Pipe

CommChannel

Multiprocessor

DB One-At-A-Time

DB All-At-Once

CentralServer

Figure 10: Measured sp eedups for Persephone on the PPN mo The linear sp eedup exhibited by Pip e would not ordinarily b e surprising, since the net is largely forward. The presenc e of the control channels, however, intro duces a large amount of feedback into top ology of the simulation mo del, which makes the linear sp eedup somewhat unexp ected. e hyp that the feedback due to the control channels is what prevents the sp eedu p from b eing p erfectly linear, of slop e The remaining mo dels each exhibit sp eedups attening out at b etween four and eight pro cessors and, coinciden, contain large amounts of feedback in the PPN itself. There are several factors limiting sp eedups . First, a mo del may have p o or sp eedup p otential regardless of the degree of concurren cy in 15 able 1: Numb er of con ict sets and maximum sp eedups of PPN mo

Con ict

Pip Multipro CentralServDB All-ADB One-Asystem b eing mo deled [agner 89]. As an example, agner shows that the queueing network mo del which CentralServer is derived has a theoretical limit of 3.67 on its ac able sp eedup despite the fact the queueing network simulation contains �ve LPs. Thus, for some mo dels the limit on sp eedups is into the problem and cannot b e �xed by Second, there are theoretical limits on the p erformance of ative parallel simulation that are to the top ology of the simulation mo del [Lin 90]. Lin shows, for example, that under certain conditions sp eedup of a ative parallel simulation cannot exceed the numb er of strongly connected comp onents the simulation mo del. In the TFP simulation mo del used by Persephone, the strongly connected comp onenare precise ly the static con ict sets of the PPN. able 1 gives the numb er of static con ict sets in each of mo dels and the maximum sp eedup achieved by Persephone on the mo del. Since Perse phone do es not Lin’s criteria , in some cases it do es achieve sp eed up greater than the numb er of strongly comp onents, but overall these results can b e viewed as exp erimental evidence that con�rms Lin’s we hyp othesize that another factor limitingsp eedu p is serialization due to critical sections in the derlying software systems on which Persephone is built, i.e., Synapse and PRESTO. or example, scheduling of LPs on pro cess ors, which happ ens in concert with PRESTO, requires a queue of ready Access to this queue must b e serialized to ensure correct execution. While we have b een unable to verify rectly (b ecause of lack of appropriate measurement to ols) that contention for this queue is limiting sp this hyp othesis is consistent with our exp erience with other applications using the PRESTO system. If hyp othesis is correct , this limit on sp eedup could b e addressed by tuning of the runtime 6.3 Execution Time V ersus Mo del or these measurements we compare the execution times of Perse phone and GTPNA on the Multipro PPN mo del as the numb er of pro cessors in the mo del aries from 1 to 32. (Recall that this is achieved by arying the initialmarking of place BusyProcessors.) All measurements are for Persephone running eight physical pro cessors and GTPNA running on a DEC V

AX 8550. The execution times from the di�erensystems cannot meaningfully b e compared , so the metric we use is normalized execution time for mo del size s divided by the time for mo del size The normalized execution times for Persephone and GTPNA on the Multipro cessor PPN mo del plotted in Figure 11. or each Persephone run, we used the sequential stopping pro cedure of Law Carson (as descr ib ed in [Law & Kelton 82]) to terminate the simulation when it reached a 99% in al of relative precision 0.2 for an estimate of the average time sp ent by a token at place BusFree.The exp onential complexity from which the analytic techniques all su�er is evident in the curve GTPNA: GTPNA requires over 37 times as long to aluate the 3-pro cessor mo del as it do es the 1-pro mo del, and it cannot b e used for larger mo dels b ecause it runs out of .

Persephone , on the GTPNA uses a set of statically sized tables.e recompiled the program a numb er of times to increase these table 16

Model Size (Processors)

GTPNA Persephone

Figure 11: Normalized execution time for Persep hone and GTPNA on Multipro able 2: Execution times (seconds) of Persephone and Seq on DB mo

Persephone

DB All-A61.5 DB One-A104.4 hand, exhibits very slow linear growth in execution time across the entire range of mo del sizes. Although wcannot claim, based on this single example, that simulation will always dominate the analytic metho ds con,we are encouraged by these results b ecause they demonstrate that such domination is at p One of the antages Perseph one has over GTPNA is its decentralized con ict resolution scheme, sented in Section 5, which allows it to avoid computing maximal sets. Note, however, that any aluation technique that resolves con icts in the standard centralized way is at a similar antage. illustrate this , we constructe d a sequential PPN simulator (call it \Seq") that provides a of the functionality of Persephone but that resolves con icts by computing maximalsets. Seq is written C++ and runs on the same machine as Persephone, so its execution times are directly comparable. able lists the execution time in seconds for Persephone (running on a single pro cessor) and Seq to simulate twof the PPN mo dels. Persep hone running on one pro cessor is faster than Seq, a simulator that provides functionalit, and the gap in execution times widens as the sizes of the con ict sets gro

Beyond a certain limit the run time system refusedthe program. or tablesizes at the limit allowed by the run time we observedruns that consumed more than 150 CPU hours without �nishing, probably due to enormous pagingoverheads numericalconvergence problems. e ran our exp eriments on an otherwise basicallyidle machine with 96 megabytes of 17

7 Summary e have examined the use of parallel simulation for the analysis of Performance Petri nets. Because actions of the \physical pro cesses " of PPNs require globalinformation, these networks prese nt new cfor parallel simulation metho dologies, which have assumed that physical pro cesse s interact only through explicit exchange of e have develop ed a parallel simulation proto col for PPNs, the ransition Firing Proto col, that cop with the global nature of their actions. This proto col is based on the ative approach to simulation.e have intro duced a new technique to ative simulation, Selective Receive, that the traditional message receipt rules by allowing a logical pro cess to sometimes ignore sp eci�c input cwhen attempting to receive messages. Using information ab out the PPN simulation known , we Selective Receive to allow receipt of messages that would normally have to remain p ending, leading quicto deadlo ck of the sime have also intro duced a new con ict resolution pro cedure for PPNs that was inspired by the simulation approach. This con ict resolution pro cedure has b een observed to b e much faster in practice the exp onential pro cedures used ,we have created a prototyp e implementation of our parallel PPN simulator and measured p erformance. Its sp eedup characteristics are similar to those obtained in other applications of parallel simlation, despite the apparently sequential avor of PPNs induced by their global decision making pro cedure More imp ortan, we have demonstrated that simulation can in fact b e used to aluate PPN mo which are to o large for the analytic PPN aluation techniques, thereby extending the y of mo deling to larger

Dave agner answered numerous questions regarding simulation issues in general and Synapse in Mary ernon made GTPNA a ailable to us. om Anderson assisted with the ideas b ehind the decenized approach to con ict resolution and o�ered some analytic insight into its relationship to the centralized approach. e are grateful to them for this Reference[Ajmone Marsan & Chiola 87] M. Ajmone Marsan and G. Chiola. On Petri nets with deterministic exp onentially distributed �ring times. In [Rozenb erg 87], pages 132{145.[Bershad et al. 88] B. N. Bershad, E. D. Lazo a, H. M. , and D. B. agner. An op en environmenfor building parallel programmingsystems. In osium on al lel amming:

With ations, anguages, and Systems, pages 1{9, July [Chandy & Misra 81] K. M. Chandy and J. Misra. Asynchronous distributed simulation via a sequence parallel computations.

ations of the ACM, 24(4):198{206,April ujimoto 90] R. M. ujimoto.Parallel discrete event simulation.

ations of the ACM, 33(10):31{53, Octob er [Greenb erg & Lubachevsky 90] A. G. Greenb erg and B. D. Lubac. Unb oundedly parallel simvia recurren ce relations. In dings of the 1990 SIGMETRICS e on anddeling of Computer Systems, pages 1{12, May 18

[Hartung 88] G. Hartung. Programming a closely coupled multipro cessor system with high level Petri In [Rozenb erg 88], pages 154{174.[Holliday & ernon 86] M. A. Holliday and M. K. ernon. The GTPN analyzer: Numerical metho ds user interface. echnical Rep ort 639, Computer Sciences Department, University of Wisconsin Madison, Madison, WI, April [Holliday & ernon 87] M. A.

y and M. K. ernon. A generalized timed Petri net mo del for p formance analysis. IEEE ansactions on ering, SE-13(12):1297{1310, Decemb [Je�erson 85] D. R. Je�er son. Virtual time. ACM amming anguages and Systems7(3):404{425, July [Law & Kelton 82] A. M. Law and W. D. Kelton. Simulation deling and Analysis. McGraw-Hill,ork, NY, [Lin 90] Y.-B. Lin. Understanding the Limits of Optimistic and Conservative al lel Simulation. dissertation, University of ashington, Seattle, W

A, 1990.

ailable as Department of Science and Engineering echnical Rep ort 90-08-02.[Misra 86] J. Misra. Distributed discrete-event simulation. ACM Computing Surveys, 18(1):39{65,Marc[Murata 89] T. Murata. Petri nets: Prop erties , analysis and applications.

dings of the IEEE77(4):541{580, April [Nicol 88] D. M. Nicol. Parallel discrete-e vent simulation of FCFS sto chastic queueing networks.

es, 23(9):124{137, Septemb er [Peterson 81] J. L. Peterson. Petri Net ory and the deling of Systems. Prentice-Hall, Englewo o Cli�s, NJ, [Reed et al. 88] D. A. Reed, A. D. Malon,and B. D. McCredie. Parallel discrete event simulation shared . IEEE ering, 14(4):541{553, April [Rozenb erg 87] G. Rozenb erg, editor.

es in Petri Nets 1987, volume 266 of e Notes in e. erlag, New ork, NY, [Rozenb erg 88] G. Rozenb erg, editor.

es in Petri Nets 1988, volume 340 of e. erlag, New ork, NY, [Stroustrup 86] B. Stroustrup. The C++ anguage. , Reading, MA, aubner 88] D. aubner. On the implementation of Petri nets. In [Rozenb erg 88], pages 418{439.[Thomas 91] G. S. Thomas. Parallel simulation of Petri nets. Master’s thesis, University of ashington,Seattle, W

A, 1991.

ailable as Department of Computer Science and Engineering ecRep ort 91-05-0agner & Lazo a 89] D. B. agner and E. D. Lazo a. Parallel simulation of queueing netwLimitations and p otentials. In dings of the 1989 SIGMETRICS e and

’89, pages 146{155,May agner 89] D. B. agner. Conservative al lel ete-Event Simulation: Principles and e. dissertation, University of ashington, Seattle, W

A, 1989.

ailable as Department of Science and Engineering echnical Rep ort 89-09-03.19