Parallel Simulation of Petri Nets

by

Gregory Scott Thomas

A thesis submitted in partial ful�llment

of the requirements for the degree of

Master of Science

University of W ashington

1991

Approved by

(Chairp erson of Sup ervisory Committee)

Program Authorized

to O�er Degree Department of Computer Science and Engineering

Date

In presenting this thesis in partial ful�llment of the requirements for a Master’s

degree at the University of W ashington, I agree that the Library shall make its

copies freely av ailable for insp ection. I further agree that extensive copying of

this thesis is allowable only for scholarly purp oses, consistent with \fair use" as

prescrib ed in the U.S. Copyright Law. Any other repro duction for any purp oses

or by any means shall not b e allow ed without my written p ermission.

Signature

Date

University of W ashington

Abstract

P arallel Sim ulation of P etri Nets

by Gregory Scott Thomas

Chairp erson of the Sup ervisory Committee: Professor John Zahorjan

Department of Computer Science

and Engineering

W e present a parallel simulation proto col for p erformance Petri nets, Petri

nets in which transition �rings take randomly selected amounts of time. This

proto col is interesting for two reasons. First, application of standard conserv a-

tive or optimistic parallel simulation to Petri nets results in either unnecessarily

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, p erformance Petri nets are currently analyzed using numerical techniques

that have time and space requirements exp onential in the size of the net. Simu-

lation, and particularly parallel simulation, is thus a practical alternate analysis

metho d for these mo dels, as we show by measurement of execution times.

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 , allo ws 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 sug-

gested a small mo di�cation to their de�nition that, while not a�ecting the ex-

pressive 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 oundedly high

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

T able of Con ten ts

List of Figures : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : v

List of T ables : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : vii

Chapter 1: Intro duction : : : : : : : : : : : : : : : : : : : : : : : : : : : : 1

1.1 Motiv ation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 1

1.2 Goals : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 2

1.3 Related W ork : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 4

1.4 Organization : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 4

Chapter 2: Petri Nets : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 6

2.1 Background : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 6

2.2 Basic Nets : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 7

2.3 Extensions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9

2.3.1 Standard : : : : : : : : : : : : : : : : : : : : : : : : : : : 9

2.3.2 Nonstandard : : : : : : : : : : : : : : : : : : : : : : : : : 13

2.4 Performance Petri Nets : : : : : : : : : : : : : : : : : : : : : : : 15

2.5 Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 18

2.5.1 Problems : : : : : : : : : : : : : : : : : : : : : : : : : : : 18

2.5.2 Complexity : : : : : : : : : : : : : : : : : : : : : : : : : : 19

2.5.3 T echniques : : : : : : : : : : : : : : : : : : : : : : : : : : 20

2.6 T o ols : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 22

2.7 Applications : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 22

2.7.1 Examples from the Literature : : : : : : : : : : : : : : : : 23

2.7.2 Mo deling Examples : : : : : : : : : : : : : : : : : : : : : 23

Chapter 3: Parallel Simulation : : : : : : : : : : : : : : : : : : : : : : : : 33

3.1 Simulation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 33

3.2 Parallel Simulation : : : : : : : : : : : : : : : : : : : : : : : : : : 34

3.3 Parallel Simulation and PPNs : : : : : : : : : : : : : : : : : : : : 35

Chapter 4: The T ransition Firing Proto col : : : : : : : : : : : : : : : : : 39

Chapter 5: Selective Receive and TFP : : : : : : : : : : : : : : : : : : : : 43

5.1 Place LP : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 45

5.2 T ransition LP : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 46

Chapter 6: Con ict Resolution : : : : : : : : : : : : : : : : : : : : : : : : 48

Chapter 7: Implementation : : : : : : : : : : : : : : : : : : : : : : : : : : 51

7.1 Environment : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 51

7.2 Execution : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 52

7.3 Issues : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 54

7.3.1 Firing Delay Distributions : : : : : : : : : : : : : : : : : : 54

7.3.2 Lo ok ahead : : : : : : : : : : : : : : : : : : : : : : : : : : 54

7.3.3 T ermination : : : : : : : : : : : : : : : : : : : : : : : : : : 56

Chapter 8: Performance : : : : : : : : : : : : : : : : : : : : : : : : : : : : 57

8.1 Sp eedup V ersus Numb er of Pro cessors : : : : : : : : : : : : : : : 58

8.2 Execution Time V ersus Mo del Size : : : : : : : : : : : : : : : : : 61

Chapter 9: Summary : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 67

9.1 Contributions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 67

9.2 Areas for F urther W ork : : : : : : : : : : : : : : : : : : : : : : : 68

Glossary : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 70

Bibliography : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 74

List of Figures

2.1 A net b efore �ring. : : : : : : : : : : : : : : : : : : : : : : : : : : 7

2.2 A net after �ring. : : : : : : : : : : : : : : : : : : : : : : : : : : : 8

2.3 A net with a decision place. : : : : : : : : : : : : : : : : : : : : : 8

2.4 A net with multiple arcs. : : : : : : : : : : : : : : : : : : : : : : 11

2.5 A net with arc multiplicities. : : : : : : : : : : : : : : : : : : : : 11

2.6 A net with an inhibitor arc. : : : : : : : : : : : : : : : : : : : : : 12

2.7 A net with arc weights for con ict resolution. : : : : : : : : : : : 13

2.8 A net with arc weights for dep osit branching. : : : : : : : : : : : 14

2.9 A net without dep osit branching. : : : : : : : : : : : : : : : : : : 14

2.10 Central server mo del. : : : : : : : : : : : : : : : : : : : : : : : : : 24

2.11 Central server net. : : : : : : : : : : : : : : : : : : : : : : : : : : 25

2.12 Communication channel mo del. : : : : : : : : : : : : : : : : : : : 26

2.13 Communication channel net. : : : : : : : : : : : : : : : : : : : : 26

2.14 Multipro cessor mo del. : : : : : : : : : : : : : : : : : : : : : : : : 27

2.15 Multipro cessor net. : : : : : : : : : : : : : : : : : : : : : : : : : : 28

2.16 Net for database lo cking strategy ALL. : : : : : : : : : : : : : : : 30

2.17 Net for database lo cking strategy ONE. : : : : : : : : : : : : : : 31

3.1 T axonomy of parallel discrete-event simulation. : : : : : : : : : : 34

4.1 Overview of TFP

. : : : : : : : : : : : : : : : : : : : : : : : : : : : 40

5.1 State diagram for place LP

. : : : : : : : : : : : : : : : : : : : : : 45

5.2 State diagram for transition LP

. : : : : : : : : : : : : : : : : : : 47

7.1 Use of Persephone. : : : : : : : : : : : : : : : : : : : : : : : : : : 53

8.1 Instruction pip eline net. : : : : : : : : : : : : : : : : : : : : : : : 58

8.2 Measured sp eedups for Persephone on the PPN mo dels. : : : : : 59

8.3 Normalized execution time on CentralServer, v arying jobs. : : : : 62

8.4 Normalized execution time on CentralServer, v arying disks. : : : 63

8.5 Normalized execution time on Multipro cessor, v arying pro cessors. 63

8.6 Normalized execution time on Multipro cessor, v arying memories. 64

List of T ables

2.1 Net token ow through a place due to an adjacent transition. : : 18

8.1 Numb er of con ict sets and maximum sp eedups of PPN mo dels. 60

8.2 Execution times (seconds) of Persephone (1 pro cessor) and Seq on

DB mo dels. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 66

Ac kno wledgemen ts

I am deeply indebted to my advisor, John Zahorjan, for his supp ort and

guidance. This research has b ene�ted immensely from his e�ort, insight, and

creativity

. His indefatigable optimism (\How hard can this b e?") provided a

refreshing break from reality on numerous o ccasions, and his sense of humor was

always welcome.

Ed Lazowsk a deserves sp ecial thanks for bringing me to the University of

W ashington, acting as my initial advisor, and serving on my sup ervisory com-

mittee.

Dave W agner made Synapse av ailable to us and answered a huge numb er of

questions ab out it and ab out parallel simulation in general. Mary V ernon made

GTPNA av ailable to us. T om Anderson assisted with the ideas b ehind the de-

centralized approach to con ict resolution and o�ered some analytic insight into

its relationship to the standard centralized approach. Andreas Hagerer, Larry

Landweb er, Mike Molloy

, Jerre No e, and Louis Rosier each provided p ointers

into the literature. I am grateful to them for this assistance.

Typ esetting a thesis is an arduous task, for which I received inv aluable help

from several p eople. Kathy Armstrong and John F aust provided LaT eX and

BibT eX examples, and Reid Brown furnished his PostScript graphing pack age.

Ra j V aswani answered a numb er of questions regarding our Sequent Symme-

try , as did Bob Sandstrom. Nancy Johnson Burr has b een a continuous source

of assistance for all typ es of systems issues. I appreciate their e�orts.

Among the many gifted teachers with whom I have b een blessed, I wish

to particularly thank Dave Barton, Finbarr O’ Sulliv an, and Aram Thomasian,

for taking a sp ecial interest in me while I was at Berkeley; and Linda Hudak,

for her encouragement through the years. Additionally

, Dev Chen has b een an

outstanding role mo del and friend.

Finally

, I would not have reached this p oint without the love, supp ort, en-

couragement, patience, and understanding of my parents, Gary and Sharon, and the rest of my family

. My biggest thanks go es to them.

This material is based up on work supp orted by the National Science F ounda-

tion (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).

In memory of my grandfather,

Thomas F. Pepler,

1912{1982,

who was unable to share some of his grandchildren’s brightest moments.

In tro duction

This thesis concerns the application of conserv ative parallel simulation to the

analysis of p erformance Petri nets. In this chapter we motiv ate the topic, state

the goals of our work, mention work related to ours, and detail the organization

of the remainder of the thesis.

1.1 Motiv ation

Two primary considerations motiv ated our selection of this topic:

1. The high mo deling p ower of Petri nets is temp ered by their low decision

p ower;

1

analytic analysis techniques are either nonexistent, computation-

ally intractable, or of narrow applicabilit y . Decision p ower can generally b e

improved by reducing mo deling p ower. Instead, we wish to improve deci-

sion p ower while preserving mo deling p ower by using a nonanalytic metho d

of analysis.

2. T o date, applications of parallel simulation have b een limited to a few par-

ticular areas, e.g., queueing network mo dels; the question of its suitabilit y

1

Mo deling p ower refers to the ability to represent systems, and de cision p ower

refers to the abilit y to analyze mo dels to answer questions ab out the systems they

represent [Peterson 77, Peterson 81, Ciardo 87].

for other areas is of interest. W e wish to extend the domain of parallel

simulation to include Petri nets.

These considerations dovetail: simulation is a p opular nonanalytic metho d of

analysis, and Petri nets comprise an application with markedly di�erent seman-

tics than those of queueing network mo dels.

W e are interested in Petri nets as a to ol for system p erformance analysis.

Although p erformance Petri nets have seen considerable use in this role, their

utility is limited by the shortcomings of the analytic techniques employed in

their analysis; these techniques are of exp onential complexity or are applicable

only to restricted classes of nets. Simulation is an attractive alternative to these

analytic metho ds b ecause it is likely to b e of smaller complexity and applicable

to unrestricted classes of nets.

Simulation is not, however, itself devoid of shortcomings, one of which is its

prop ensity toward voracious consumption of computational resources. Par al lel

simulation strives to mitigate this shortcoming by engaging multiple pro cessors to

decrease execution time. Consequently

, it is our metho d of choice. F urthermore,

we fo cus on c onservative parallel simulation b ecause we exp ect its p erformance

characteristics for this application to b e more stable (and often b etter) than those

of an optimistic approach.

1.2 Goals

Our intent is to facilitate the analysis of nets which are larger and more complex

than those amenable to analytic techniques. The sp eci�c goals of this work may

b e summarized as follo ws:

1. Devise a conserv ative parallel simulation proto col, known as the T r ansition

Firing Pr oto c ol (TFP), which correctly simulates any net b elonging to the

class of Petri nets de�ned in Section 2.4, and which provides parallelism

that scales with the size of the net.

2. Determine the amenability of p erformance Petri nets to conserv ative par-

allel simulation by implementing TFP and measuring its p erformance.

3. Compare the computational complexity of conserv ative parallel simulation

of p erformance Petri nets to that of analytic techniques, again by measure-

ment.

F or reasons that shall b e exp ounded in Chapter 3, only certain decomp ositions

of Petri nets map directly to the standard paradigm of conserv ative parallel

simulation. Other decomp ositions require a new paradigm; the �rst goal is to

create such a paradigm.

The construction of Persephone , a Petri net simulator that implements TFP ,

is central to the second goal. Persephone serves several purp oses:

� It is a pro of by existence that conserv ative parallel simulation can b e applied

to Petri nets.

� It provides a vehicle for exp erimenting with, testing, and debugging the

proto col.

� It enables concrete measurements of p erformance and complexity to b e

made.

� It is an analysis to ol for systems and Petri nets that is useful in its own

right.

Attainment of the �rst goal and the implementation of Persephone a�rma-

tively answers the question of whether conserv ative parallel simulation c an b e

used to analyze Petri nets; the second goal is to answer the question of whether

it can b e used e�e ctively . F or parallel simulation to b e considered e�ective in a

problem domain, its use of multiple pro cessors (think of this as an \investment")

must provide some b ene�t (a \return") over the use of a single pro cessor by a

sequential simulation. The chief b ene�t sought is a reduction of execution time

in direct prop ortion to the numb er of pro cessors applied. F or example, ideally a parallel simulation running on ten pro cessors should execute ten times faster

than a sequential simulation of the same mo del. Therefore, the investigation

comprising the second goal is undertaken by measuring the p erformance of our

simulator on a set of b enchmark nets.

While the second goal concerns the issue of parallel versus sequential simu-

lation, the thrust of the third goal is simulation versus analytic techniques: how

execution time grows as mo del complexity increases.

1.3 Related W ork

TFP resembles in some ways several of the proto cols develop ed by T aubner

[T aubner 88]. That work was p erformed in the context of \Petri net driven

execution" of distributed programs|the �ring of a transition causes the invo ca-

tion of a pro cedure, with the Petri net itself used to determine the ow of control

(e.g., [Hartung 88])|rather than in the context of simulation of p erformance

Petri nets.

Our work di�ers signi�cantly from T aubner’s in at least three ways. First,

T aubner assumes untimed nets, so there is no notion of simulation time. Second,

our con ict resolution strategy is di�erent from each of those prop osed by T aub-

ner. Finally

, b ecause each transition �ring results in a pro cedure execution, the

amount of overhead required to run the proto col is less imp ortant for execution

of distributed programs than it is in our simulation context, where a transition

�ring involves very little inherent work. Thus, we have b een more sensitive to

these overheads in designing our proto col and prototyp e implementation.

1.4 Organization

Chapter 2 discusses the comp onents and semantics of Petri nets. It de�nes the

particular class of nets we use, surveys analysis metho ds and to ols, and describ es

how Petri nets are applied. Benchmark nets are intro duced in mo deling ex-

amples. Chapter 3 characterizes di�erent simulation paradigms and discusses v arious approaches to applying parallel simulation to Petri nets.

An overview of TFP is presented in Chapter 4. TFP 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 Chapter 5.

In Chapter 6 we discuss one asp ect of p erformance Petri net 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.

Chapter 7 discusses the implementation of Persephone. Chapter 8 rep orts

the p erformance of Persephone on a group of b enchmark nets and compares it

to that of the analytic techniques. Chapter 9 concludes by summarizing the

contributions of this thesis and suggesting areas for further work.

Chapter 2

P etri Nets

This chapter serves as an intro duction to Petri nets. After discussing the comp o-

nents and semantics of basic nets, v arious standard and nonstandard extensions

of basic nets are presented. These extensions are incorp orated in the class of nets

we use, which is de�ned in Section 2.4. The ensuing sections describ e metho ds

of analysis, to ols for analysis, and how Petri nets are applied. The chapter con-

cludes with examples in which Petri net mo dels of systems are constructed; these

nets later serve as b enchmarks for p erformance measurements.

F or more extensive intro ductions and bibliographies, refer to [Peterson 77,

Peterson 81, Reisig 85, Murata 89]. Additionally

, [Drees et al. 87] is a bibliogra-

phy containing over two thousand entries.

2.1 Bac kground

Petri nets are a mo deling to ol that is b oth graphical and mathematical

[Murata 89]. This thesis is concerned primarily with their graphical asp ects,

b ecause it is top ology that has the dominant impact on simulation.

Petri nets have evolved from the ideas in C. A. Petri’s dissertation [Petri 62].

They are the fo cus of sp e cial net the ory , which is a branch of gener al net the ory

[Petri 80]. Sp ecial net theory deals with ow phenomena in single nets; net

morphisms and relations b etween nets are the gist of general net theory .

7

p1
p2 t1 p3

Figure 2.1: A net b efore 2.2 Basic There are many kinds of Petri nets, and di�erent ways to resent them. Our nets most closely resemble

[Genrich & Stankiewicz-Wiechno 80] without capacities, and we adopt a inantly graphical represenA Petri net is a bipartite directed graph. The two typ es of no des are

es and ansitions . Places are drawn as circles, and transitions are drawn bars or rectangles. When exp edient, no des may b e lab eled. Arcs are from places to transitions or from transitions to places. If there is an arc (p, tfrom a place p to a transition t, we say that p is an input e of t and that t an output ansition of p. , if there is an arc (t, p) from t to p, we sathat p is an output e of t and that t is an input ansition of pZero or more tokens reside at each place. okens are drawn as small circles (dots) inside places; alternativ,the numb er of tokens at a place may b drawn inside the The numb er of tokens at a place is called the marking of the place. marking of a net is given by the vector of markings of its places, and may b interpreted as the state of the The net in Figure 2.1 consists of three places (p1, p2, and p3) and one

[Petri 87] contains an interesting discourse on the duality implications of

p1p2 t1 p3

Figure 2.2: A net after

p1 t2t1

Figure 2.3: A net with a decision sition (t1). ransition t1 has input places p1 and p2, and output place p3. contains one token, p2 contains two tokens, and p3 contains zero tokens, so marking of the net is the vector (1, 2, A transition is d when each of its input places contains at least token. An enabled transition may

, removing a token from each input and dep ositing a token at each output place. Each transition �ring pro duces new In Figure 2.1, transition t1 is enabled. Figure 2.2 depicts the net in Figure after the completion of the �ring of t1ransition �rings are not alw ys so simple. In Figure 2.3, p1 is a place|a place which is a source for more than one regular arc. Whenever is a token at p1, t1 and t2 are in

on ict b ecause the �ring of one disables

As explained in Section 2.3.1, a regular arc is an arc that is not an

Let P b e the set of places of a net, p

2 P , OT(p

) the set of output transitioof p

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

Rp

if and only if OT(p

) \ OT(p

) 6= ;. R partitions P into a set of lence classes (called cksets in [aubner 88]). The places in such an class, along with their output transitions,constitute a static on ict set . It p ossible for multiple transitions in a static con ict set to b ecome enabled at same time, but for only some subset of them to b egin �ring at that time (due the limited numb er of tokens aailable in the decision places of the static A dynamic on ict set is a set of transitions (and their asso ciated places) that are actually enabled and comp eting for tokens (at decision at some p oint in time. A dynamic con ict set is thus a subset of some con ict When a dynamic con ict set exists, a subset of its transitions must b e cto �re. This is called on ict

. A numb er of di�erent prop osals havb een made for selecting the subset to �re. e use a technique mo deled on prop osed for Generalized Timed Petri Nets [Holliday & ernon 87], which the notion of maximal sets . A maximal set is a set of transitions within a con ict set such that, if those transitions were to �re, no other transitions in con ict set could also �re. In general, there may b e many distinct maximalcorresp onding to a particular dynamic con ict 2.3 The nets describ ed in the previous section have limited mo deling p ower. remedy this, a numb er of extensions of Petri nets have b een prop osed. extensions, as well as some novel ones, are the topics of the next

2.3.1 The extensions presented in this section have b een widely adopted, either out necessity (e.g., time is essential for p erformance aluation), or for the sake convAs formulated ,Petri nets lack any timing information. The notion time is most commonly intro duced by asso ciating a delay with each transitior with each place.

The two approaches are alent [Sifakis 80], so the most natural for the intended application should b e chosen. In this thesis, the approach which asso ciates delays with transitions is The intro duction of delays changes the semantics of �ring so that instead tokens b eing dep osited in a transition’s output places at the instant of �ring, tokens are dep osited after a delay chosen from the �ring time distribution of transition.Let � b e such a chosen delay of transition t, which b egins �ring time � . okens are removed from the input places of t at � , and dep osited the output places of t at � + � . More than one �ring of t may b e in concurrenurthermore, the state of a net augmented with time is not completely scrib ed by the marking of the net. The remaining �ring times of all �rings progress constitute the additional information necessary to fully characterize state of the Nets can b e classi�ed according to whether the delays are deterministic nondeterministic. Nets having deterministic delays are called d Petri those having nondeterministic delays are called chastic Petri nets. Sto cnets with exp onentially or geometrically distributed delays are isomorphic homogeneous Markov chains, making them amenable to standard Markovi

[Petri 87] illustrates several semantic di�culties engendered by the intro tion of time to

p1p2 t1 p3

Figure 2.4: A net with multiple analysis techniques [Ho el et al. 72]. Although timed nets complicate b ecause they lack the memoryless prop erty p ossessed by the exp onential geometric distributions, there do exist mo dels which allow b oth and nondeterministic delays in a single net [ y 85rom the p oint of view of simulation, however, the distributions of the delaare of little consequence. One of the antages that simulation has over techniques is that it allows arbitrary distributions to b e used. Section 7.3.1 the distributions supp orted by PArc MultiplicitIt is often convenient to allow multiple tokens to ow b etween two no des at eac�ring. This is represented by multiple arcs b etween a given source and sink, shown in Figure 2.4. There must b e at least two tokens at p1 and at least token at p2 to enable t1, and three tokens are dep osited at p3 when t1 Figure 2.5 shows the net in Figure 2.4 after the �ring of t1. It also illustrathow multiple arcs are depicted as a single arc with an attached multiplicity , convention b orrowed from circuit diagrams. If not lab eled, an arc is assumed have multiplicity or place p and transition t, an arc (p, t) of m y m means that tokens are required at p to enable t. An arc (t, p) of multiplicity m means each time t �nishes �ring it dep osits m tokens at p

                  2 3

p1p2 t1 p3

Figure 2.5: A net with arc multiplicit

p1p2 t1 p3

Figure 2.6: A net with an inhibitor Petri nets in which arcs can have multiplicities greater than one are d Petri nets. They are alent to nets in which arc multiplicitimust equal one [Peterson 77Inhibitor The ability to determine that a place has zero tokens is useful, and is facilitaby an extension known as inhibitor arcs. In Figure 2.6, the inhibitor arc from to t1 indicates that t1 cannot �re unless there are zero tokens at p1; since is a token at p1, t1 is inhibited from �ring. The small circle which replaces arrowhead is intended to suggest inversion, another convention b orrowed circuit diagrams. When it is necessary to distinguish inhibitor arcs from arcs, the latter shall b e referred to as gular The addition of inhibitor arcs fundamentally changes the mo deling p ower the decision p ower of Petri nets. Petri nets with inhibitor arcs are alent

p1

              1

              3

                             t2

                             t1

Figure 2.7: A net with arc weighfor con ict uring machines [Peterson 772.3.2 In this section we describ e extensions which are novel or which have not b widely Arc eighEach regular arc may have a weight asso ciated with it. The weight is indi�erently dep ending on whether the source of the arc is a place or a transition.

Con ict Resolution If the arc’s source is a place, then the weighis to resolve con icts at that place, as explained in Section 2.2 and Chapter The basic idea is that a higher weight gives a higher priorit.In Figure 2.7, example, p1 will give a token to t1 three as often as it gives a token to t2If lab eled, an arc is assumed to have weight 1; therefore, if all output arcs a place have equal weighno weights need b e sp Dep osit Branching If the arc’s source is a transition, then the weight is for ositanching at that transition. Dep osit branching allows a transitito dep osit tokens in an output place chosen at random each time the transiti�res, than dep ositing tokens in each output place. Let S S

[ S

                                                          p2
p1

                                                          p3

                                                          p4

            t1

                                 5

                                 2

                                 3

Figure 2.8: A net with arc weighfor dep osit brancdenote the set of output arcs for a transition t, with S

b eing the unweigharcs and S

b eing the weighted arcs. When t �res, dep osits tokon eacarc in S

, and cho oses one of the arcs in S

to dep osit tokIn 2.8, S

= f(t1; p2); (

; p3); (t1;

)g, and S

f(t1; p1)g; when �res, it dep osits token at p1, and cho oses either p2, p3, or p4 (with resp ectivprobabilities 0.5, 0.2, and 0.3) to dep osit a token Memb ers of S

are distinguished by having them branch from single segment emanating from the source. As with con ict resolution weights,

dep osit branching weights are assumed to b e if not sp Dep osit branching allows some mo dels to b e expressed by simpler do es not change the mo deling or decision p ower of Petri nets. This is illustraby Figure 2.9, a mo del without dep osit branching which is alent to mo del in Figure 2.8. It uses the decision place p5 and the three zero-delatransitions t1, t2, and t3 to achieve the e�ect as that achieved by t1 dep osit branching in Figure 2.8. In general, an n-way dep osit branch one decision place, n zero-delatransitions, and n + 1 Generalized Inhibitor Consider a regular arc r of multiplicity m directed from place p transition tThe constrainimp osed on t by r that t can �re only if there are m or

                                                          p2

                                          t2
p1

                                                          p3

                                                          p4

                                          t3

                                          t4

                        p5

            t1

                                 5

                                 2

                                 3

Figure 2.9: A net without dep osit branctokens at p. The complemenconstraint|that t can �re only if there fewer than m tokens at p|can b e expressed by d inhibitor Generalized inhibitor arcs combine inhibitor arcs and multiplicities in natural wa. An ordinary inhibitor arc (i.e., an inhibitor arc of multiplicity prevents its sink from �ring if there is at least 1 token at its source. A inhibitor arc of multiplicity m prevents its sink �ring if there are at least tokens at its source. This de�nition is symmetric to that of generalized arcs: a generalized regular arc place to transition) of multiplicitm al its sink to �re if there are at least m tokens at its source. As with inhibitor arcs, the �ring of a generalized arc’s sink consumes no tokfrom its source. If not lab eled, an inhibitor arc is assumed to have multiplicity 2.4 erformance etri Petri nets augmented with delays and branching probabilities to facilitate ation of p erformance measures have b een called e Petri (PPNs) [ernon et al. 86]. De�nition 2.1 sp eci�es the class of we use. It incorp orates the extensions describ ed in Section 2.3, but is wise similar to classes of PPNs app earing in the literature.In the sequel, to PPNs refer to this class unless noted otherwise. (Petri nets are not PPNs are referred to as ald Petri

[Ajmone Marsan & 87] is recommended as an intro duction to De�nition 2.1 (Performance Petri Net) A e Petri net N is a N = (P ; T ; A;U; W;�; M

0

P = fp

; p

2

; : : :; p

g T = ft

; t

; : : :; t

g transitiA

� fP � T g [ fT � P g regular A

� fP � T g inhibitor A = A

[ A

U : A ! f1; 2; : : :g arc multiplicitiW : A

! R arc weigh� = (�

; �

; : : : ; �

) �ring delay M

= (�

; �

; : : :; �

) initialP and T are �nite sets. U is a mapping that assigns to each a 2 A multiplicity U (a). , W assigns to each a 2 A

weight W (a). a 2 fP g, then W (a) � but a 2 fT g, W (a) can b e negative; W (a) < implies that a do es not participate in dep osit branching|it is \unweigh� can b e viewed as a mapping from a t

to its �ring delay tion �

, i.e., �(t

= �

. Each �

is a probability distribution, e.g., uniform(a, bUnlike many other de�nitions of PPNs, PPNs are not restricted to haonly a certain kind M

assigns to each p

P its initialmarking �

. Similarl, for any M , the mapping M : P ! f0; 1; : :

g is de�ned M (p

) = �

. urther are given in De�nition

De�nition 2.2 (No de Set unctions) The wing functions eacmap a no de a p erformance Petri net N to a subset of its input or no I

P (t) = fp j (p; t) 2 A

g input places via regular I

P (t) = fp j (p; t) 2 A

g input places via inhibitor I

(t) = fp j (p; t) 2 Ag input I

(p) = ft j (t; p) 2 Ag input O

P (t) = fp j (t; p) 2 A ^ W ((t; p)) < 0g output places unweighted O

P (t) = fp j (t; p) 2 A ^ W ((t; p)) � 0g output places weighted O

(t) = fp j (t; p) 2 Ag output O

T (p) = ft j (p; t) 2 A

g output transitions via regular O

T (p) = ft j (p; t) 2 A

g output transitions via inhibitor O

(p) = ft j (p; t) 2 Ag output The alue of zero or more of these functions may b e ; for zero or more no The rules for transition enabling and �ring can now b e De�nition 2.3 ransition Enabling) A transition t 2 T is d if only (82 I

P (t); M (p)� U ((p; t(8p 2 I

P (t); M (p)< U ((p; t))):

De�nition 2.4 ransition Firing) De�ne the function � : T

P f0; 1g b� (t; p) 1; (t; p) 2 O

P (t) (t; p) is the arc selected by t to receive the dep 0; Let M

b e the of N at the of the �ring of transition t 2 T and M

the marking at the end of the �ring of t. Assuming no transitions concurren, the e�ect of the �ring of t is that 8p 2 P M

(p) = M

(p) + �(p; t)where �(p; t) is the net tok ow through p due t and is given in able It is necessary to use net orather than unidirectional ow b ecause of p ossibility that p is b oth an input and output place of t

able 2.1: Net token ow through a place due an adjacen

(p; t) 2 I

P (t

(t; p) 2 O

P (t

(t; p) 2 O

P (t

�(p; t

y

((t; p)) � � (p

y

((t; p

y

�((p; t

y y

�((p; t)) + U ((t; p)) � � (p

y y

�((p; t)) + U ((t; p

2.5 After a Petri net mo del of a system has b een constructed, the net must b analyzed to determine prop erties of the mo del. Analysis problems, their plexities, and techniques solving them discussed in the next 2.5.1 rom their inception, Petri nets have seen widespread use as a to ol for vthe correctness of systems. or example, of a Petri net mo del of system can show that the system cannot deadlo ck. o address arious issues, a numb er of analysis problems for Petri nets have b een form[Peterson 81, Murata 89], several of which paraphrased b eloReachability A marking is diately achable from a marking M 9t 2 T such the �ring of t transforms M to (written ! \reachable" relation is the re exive e closure of the reachable" relation: is achable from M if 9 a sequence sition �rings � t

t

� � t

that transforms M to (written ! The achability set R(N ; M ) of net N with marking M is the set of markings reachable from M . The achability oblem is to given a marking M , if M 2 R(N ; M

0

). Many other Petri net problems b e stated in terms of this basic

Liveness A net N is live if 8t 2 T ; 8M 2 R(N ; M

0

); 9� 9such that ! and t is enabled in . Liveness can b e used to verify the absence deadlo ck in a Boundedness A net N is d if 8p 2 P ; 82 R(N ; M

0

); M (p) � k Boundedness is imp ortant for mo deling comp onents having �nite e.g., bu�ers. A b ounded has a �nite reachabilitset, which is whb oundedness a prop erty crucial for analytic techniques requiring a state ation A net N is strictly onservative 8M 2 R(N ; M

0

)p2M (p) P

p2M

(p). N is ative with resp ect a weighing vector ! = (!

; !

; : : : ; !

); n = jP j; !

> if 8M 2 R(N ; M

0

)!

� M (p

) P

!

� M

(p

). ation is helpful mo deling sources which are neither created nor destroyMore recen, PPNs have b een used to mo del systems in which time plaa role. Generally we are interested not only in the correctness of such system, but in its p erformance. Thus, in to solving the stated ab ove, PPNs we want to determine prop erties such as the avnumb of tokens at a place or the at which a transition �res [ y 85Murata 892.5.2

The extreme di�culty of many Petri net analysis problems has led researcto restrict the of nets they analyze in the hop e relatively e�ciensolution techniques can b e found for certain sub classes of nets. Representativexamples of complexity results for classical Petri net analysis problems � The problem of determining whether the reachabilitset one net is subset of the reachabilitset of another net is � The preceding problem, but for d reachability sets, is of nonprimitivrecursive complexit

� The reachabilitproblem requires at least exp onential space and � The b oundedness requires at least exp onential space and Details app ear in [Peterson 81, Jantzen 87Although these results were derived for untimed nets, they are applicable p erformance nets as well. In the exhaustive enumeration algoritused to solvreachability-typ e problems are of exp onential complexity of whether or not the net is timed, b ecause the worst-case size of the reac is exp onential in the size of the net. More imp ortan, the Markotechniques applied to PPNs are of exp onential complexitas vividly by the measuremenpresented in Section 2.5.3 T

Nearly all techniques for solving Petri net analysis problems are analytic.

analytic technique which may b e applied to certain problems is simulation.

These techniques are the jects of the next Analytic metho ds imp ortant b ecause they proexact solutions. Moreover,

to solve any of the correctness problems mentioned in Section 2.5.1, an metho d must b e used|simulation cannot b e used to ove prop erties of mo There are three categories of techniques for solving classical Pnet analysis problems [Peterson 81, Murata 89� The ability e algorithm exhaustively constructs a tree of reacmarkings. or a b ounded net the coverabilittree contains all p reachable so it is called the achability

. or an unb the reachabilitset is in�nite; the coverabilittree employs a tation which keeps it �nite but loses

Numerous problems, including those in Section can b e solvthe reachability tree. The coverabilittree, b ecause of the informatiocannot solve as many problems; of those in Section 2.5.1,it can solve b oundedness The two jor drawbacks to this approach are its exp onential complexitand the loss of � In the matrix quation approacnets are represented by matrices. allows many problems, e.g., ation, to b e formas matrix This approach p ossesses twserious de�ciences. The �rst is that give no information ab out the order of transition �rings. The second that some corresp ond transition �ring sequences whicare p � The duction metho d reduces nets to simpler nets while preserving erties such b oundedn ess or liveness by applying transformations whicpreservthese prop erties. The resulting nets might then b e simple to b e by one of the standard (exp ensive) techniques. Thus, metho d by do es not solve problems, but is used in conjunction other metho ds solve The basic technique solving PPN analysis problems involves puting the steady-state probability distribution of the underlying Markoc[Molloy 85, Murata 89]. The states of the Markochain corresp ond the ings in the reachability set, so this technique su�ers the same exp onencomplexitthat plagues the coverability tree approacSimAlthough simulation is ill suited for classical analysis problems, it is esp well suited for the p erformance analysis domain. Its most attractive is its broad applicability: it can handle nets of virtually any size, nets ha

arbitrary �ring delay distributions, and nets incorp arbitrary urthermore, simulatican provide transient solutions, while techniques supply only steady-state The antage of simulation is that it do es not, in general, prosolutions.Dep ending on the application, this may or may not b e imp ortan(e.g., if the additional inaccuracy intro duced by simulation is insigni�cant pared the inaccuracy inherent in the mo del, then exact are unlikto b e imp ortan2.6 T o The di�culty of Petri net analysis problems precludes all but most minuscule nets by hand; automated to ols are . Issues involvin building to ols for the creation and analysis of Petri nets are treated [Jensen 87]. Dozens of such to ols exist; summaries of a numb er of them app in [eldbrugge 86, eldbrugge & Jensen 87A prominent example of a p erformance-oriented to ol is the Generalized Petri Net Analyzer (GTPNA) [ y & ernon 86]. Among the to classical Petri nets made by Generalized Timed PNets multiplicities and state-dep endent �ring durations and cies [ y & ernon 87]. GTPNA builds the reachabilitgraph of a b net and then computes p erformance measures from the Markov chain asso with the graph. Optimization is p erformed to reduce state space, but complexity is exp onential in the worst 2.7 Uses of Petri nets include analysis, design, mo deling, p erformabilit, p aluation, representation, sp eci�cation, synthesis, alidation, and veri�cation.

These uses are not mexclusive; for example, a system might b e using Petri nets, which can b e analyzed to verify that the system p ossesses

prop erties. This versatility is one of the strengths of Petri In the following sections we mention areas in which Petri nets have b applied, and present a series of mo deling 2.7.1 Examples from the Petri nets have b een applied in a multitude of domains. Areas of rep orted in the literature include cache coherence proto [Giraultet al. 87communication proto cols [Diaz 87], computer aided software [Baldassari & Bruno 88], credit authorization systems [Hildebrand 85], [oss 87a], distributed systems [Sanders & Meyer 87], fault tolerant [Lu et al. 87], �nite state machines [Peterson 81], manufacturing tems [Alla et al. 85], high-p erformance computer architecture [Baer 87], hmachine interaction [Ob erquelle 87], the �-calculus [Meijer 87], lo cal networks [Ajmone Marsan et al. 87], logic [Genrich et al. 80], music tion and pro cessing [Haus & Ro driguez 88], language represen[oszewa & Mazurkiewicz 88], o�ce automation [oss 87b], tems [autherin 87pro duction systems [alette 87], programming language mantics [& Schmidt 86], planning and scheduling [Peterson 81real-time control systems [Barke 90], replicated �le systems [Dugan & Ciardo 87scheduling problems [Carlier et al. 85], software engineering [Reisig 87], telecommunication systems [Lop ez & P88The preceding is by no means exhaustive|there are often multiple ences in an area, and there are many areas other than those listed ab ove. examples of may b e found in [Peterson 77, Peterson 81, Reisig 85Murata 892.7.2 Mo deling In this section we demonstrate the use of PPNs in the mo deling of systems examples. The PPNs we present are named CentralServMultipro cessor, DB All-Aand DB One-At-A-Time, resp ectiv

                                    Disk2

                                    Disk1

                         Fork

             CPU

Merge_{Figure 2.10: Central server mo o reduce the clutter of the nets, we replace two arcs by one twb etween place p and transition t when p is b oth an input and output place of more , when p 2 IP (t) ^ p 2 OP (t) ^ U ((p; t)) = U ((t; pCentral Server}

Figure 2.10 shows a mo del of a central server system useful for the p mance aluation of a simple time-shared computer system. This is an plication often addressed using queueing network mo dels. e include it b ecause much of the work on parallel simulation techniques has used ing netwmo dels (and esp ecially this one) as an application [Reed et al. 88Nicol 88, agner & Lazoa 89, Greenb erg & Lubachevsky 90] and b queueing network mo dels are easily represented by PPNs. In mo del, ter a job receives service at CPU it moves with equal probability to Disk1, Disk2or back to CPU; after b eing serviced by a disk, a job returns to CPU.

It mab used, for example, to answer questions ab out the e�ect of con�guration on p A PPN that represents the central server mo del is depicted in Figure 2.11.

Each (no de, output arc) pair in the mo del is realized by a (place, transition) and asso ciated arcs in the net. The places CPUFree, Disk1Free, and are required to mo del sequential access to the resp ective devices. okens

The Fork and Merge no des required by the RESQ [Sauer et al. 80] ing network mo del sp eci�cation language used in [Reed et al. 88

                                      Disk2Free
                     CPUFree

MergeP MergeT CPUP CPUT ForkP Disk1PDisk2P
                          Disk1T ForkT2ForkT1

                                           ForkT3

                          Disk2T Disk1Free

Figure 2.11: Central server sent jobs, with the initial marking determined by the distribution of p opulation. ransition delays corresp ond to the service times of the no Communication Consider a system in which users on one host (HostA) generate messages to b sent to another host (HostB). The messages are decomp osed intransmissiunits called ames and then transmitted over an errorless full-duplex commnication channel. HostB replies to each frame it receives by transmitting acknowledgement (ACK) to HostA. At most one frame and one ACK can b e the channel one time. A window ow ol proto col is used; a window of w

HostA to send up w unacknowledged frames. Such a mo del mighb used aluate how the window size (which is related to the numb er of

  Framer

                                       HostB

  HostA

                    Channel

  Users

      Messages

      Frames

Controller Controller

Figure 2.12: Communication channel mo in the receiver) a�ects p An of such a system is shown in Figure 2.12. With resp ect an OSI-typ e mo del of communication [anenbaum 88Framer represents evthing ab ove the link layer and Controller represents the data link and phical layers. Framer transforms messages from Users into frames and presents frames to Controller for transmission. The Controllerof HostA and exchange frames over Channel and implement the ocontrol proto PPN in Figure is one p ossible p ortrayal of the system in Figure 2.12.

Each user pro duces messages at a rate determined by the delay of Msg. Eacmessage consists of three frames. If there is a frame enqueued (token in FrameQa window slot aailable (token in Window), and no frame is on the channel (tokin FwdFree),then a frame is sent. After FrameSentdela, the frame arrivat its destination and generates an ACK. If there is an ACK enqueued (tokin AckQ) and no ACK is on the channel (token in BwdFree), then an ACK sent. After AckSentdela, the ACK arrives at its destination and incremennumb er of awindow slots by The requirement that at most one frame and one ACK b e on the c

          Msg AckQ

                     FrameQ

               3 FrameSent

                                                      BwdFree

                                             AckSent

                              Window

                              FwdFree

Users

Figure 2.13:Communication channel

Processors

Memory Modules

                         M4

                 M3

          M2

  M1 P2 P4

                  P3

P1 Bus

Figure 2.14: Multipro cessor mo at one time precludes concurrent �rings of and of AckSent. mechanism used here to prevent concurrent �rings|FwdFree for FrameSent BwdFree for AckSent|is often used in Petri net mo Multipro Figure 2.14 shows a mo del of a multipro in which pro cessors commwith each other via shared memory over a single common bus. A pro cessor computes lo cally in its registers and cache until it issues a request r to one the memory mo dules m (each is equally likely), at which p oint p stalls until is satis�ed. After acquiring the bus, r acquires m, is serviced, and generates . acquires the bus and returns to p, which resumes

                                     BusyProcessors
   ReplyGetsBus RequestGetsBus

                                     RequestQ

                                     Request
            BusFree
ReplyQM1Free M1Q
   M1Done M2Free M2Q

                  M2Done M3Free M3Q

                                 M3Done M4Free M4Q

                                                M4Done

Figure 2.15: Multipro cessor A PPN which mo dels a system having four memory mo dules app ears in ure 2.15. The initial markings of Processors and are the numb er pro and the numb er of buses, resp ectiv. okens at Processors sp ond pro cessors computing lo . With an interrequest time given by delay of Request, a pro cessor makes a request and stalls (a token moves Processors to RequestQ). If there is a request enqueued (tokin RequestQand the bus aailable (token in BusFree), then the request acquires the (a token is removed from RequestQ and BusFree), arrives at a mo dule|M1, example|after the bus dela(a token is dep osited at M1Q the delay of RequestGetsBusand releases the bus (a token is dep osited

BusFree). At M1, if there is a request enqueued (token in M1Q) and no other quest is b eing serviced (tokin M1Free), then the request acquires the mo dule (a token is removed from M1Q and M1Free), generates a reply the memory delay (a token is dep osited at ReplyQ after the delay of M1Done), releases the memory mo dule (a token is dep osited at M1Free). Replies and release the bus in exactly the same fashion as requests. The return of a to completes the cycle, allowthe pro cessor to resume By increasing the numb er tokens in place BusyProcessors, this net b e used to aluate how bus contention grows with the numb er of pro cessors a multipro cessor.Similarl, changing the numb er of tokens in BusFree re ect adding additional buses the macDatabase Lo cAs a �nal example, consider a database system in which transactions lo cks so that the integrity of the system is preserved in the face of concurrenaccesses. Let the numb er lo cable units (called anules ) b e G, and let b numb ered 1; 2; : : :; G. or the sake of

, assume that each acquires a sequence of consecutively numb ered granules; the sequence granule g , 1 � g � G, with probability 1=G; and that a transaction granule g also requires granule g + 1 (if it exists) with probabilitThe set of all transactions can b e partitioned into disjoint sets such memb ers of a set S require the same sequence of granules; call each S a class transactions. N (G) denote the numb er for G granN (G) ‘numb er sequences length ‘G � ‘ + G

+

As an example, for three granthere are N (3) = 6 classes; the sequences

granules they corresp ond to are (1), (2), (3), (1,2), (2,3), and (1,2,3)It is likely that the lo cking strategy|the pro cedure obtaining lo cks hered to by transactions|has a signi�canin uence on the system’s p One view of the sp ectrum of strategies has endp oints \All-At-Once" (ALL) \One-At-A-Time" (ONE). In the ALL , a transaction obtains at all the granit needs; it must wuntil all the desired granare asim. In the ONE , a obtains the granules it one by one in ascending order (but must obtain all of its granules b pro ceeding PPNs mo deling each of these for a three-granule system are givin Figures 2.16 and 2.17. The two PPNs op erate similarl. A token at G1, G2, G3 means the resp ectivgranule is aailable. RequestP and RequestT implemena source of transactions (requests). Each request falls into one of the six a token at x represents a request of class x, e.g., a token at

23 represents transaction which needs granules 2 and 3. The �ring of transition T that the sequence granules x has b een obtained. After the delaof T

, granules that have b een are released, e.g., the �ring of granules 2 and 3. The delaof a granule-releasing transition (i.e., T

) is takto b e the pro duct of the numb er of granules released and a uniform with 1, b ecause wexp ect transactions which require more granules will longer b efore The PPN in Figure 2.17 is almost a \sup erset" of the PPN in Figure b ecause lo cking pro cedure ONE emb o dies more steps than lo cking pro The additional steps are represented by the intermediate no des for eacmulti-granule request. A token at place P y that granules x have b acquired already and granules y have yet to b e acquired, e.g., a token at indicates that granules 1 and 2 have b een acquired already and granule 3 needs b e acquired. The �ring of transition T y indicates that granules have b een acquired already and granules y have yet to b e acquired. The delay an intermediate transition in Figure 2.17 is zero. A nonzero delawould mo the case where transactions could pro ceed to compute each time they

      RequestT

RequestP G3

                                          G2

                                 G1 T123_T23_T12_T3_T2_T1_

                        P_123

                        P_23

                        P_12

                        P_3P_2P_1

Figure 2.16: Net for database lo cking another gran,the al rate of each class of transactions is computed as a weighsum of probabilities which are generated by a mo del of the b ehaof sequences of granule lo ck requests, mby a scale factor to yield reasonable utilization.The rate is implemented by a comof the delay RequestT and the dep osit branching weights on RequestToutput

                                                     G3

                                    G2

                    G1 T123_T23_T12_T3_T2_T1_

     RequestT

RequestP P_123P_23P_12P_3P_2P_1 T1_2T1_23 P1_2P1_23 T2_3T12_3 P2_3P12_3

Figure 2.17: Net for database lo cking strategy

Chapter arallel In this chapter we brie y characterize di�erent simulation paradigms, p ossible decomp ositions of nets for the purp ose of simulation,

and explain why the standard of simulation do es not work the most promising decomp 3.1

In the follointro duction, we adopt several of the de�nitions [Law & Kelton 82A system is a collection of entities acting together toward the accomplishmenof some goal.o study a system, a del of it is constructed. The mo consists of assumptions ab out the relationships b etween the enof the If the mo del is simple enough, mathematicaltecmay b e employed obtain analytic (exact) solutions to questions of interest. The manmo dels to complex to admit analytic solutions must b e studied through

, a computer is used numerically aluate the mo del for some duration to estimates of the true alues of solutions to questions of inA simulation mo del can b e

, representing the system at a or

, representing the system as it evolves over time. A simulation mo del whose state ariables change continwith resp ect to

application-level distribution support function distribution function-level distribution parallel discrete-event simulation model function distribution tight event-driven loose event-driven conservative optimistic

Figure 3.1: axonomy of parallel discrete-event simulatiois called ontinuous , while one whose state ariables change only at a counnumb er of p oints in time is called

. An event is an instano which may change the state of the system. A simusing a crete mo del often called a ete-event simulation. This thesis is exclusively with discrete-event simulatio3.2 arallel ulatio Because simulation often requires substantial computational resources, the use parallel and/or distributed computing has b een actively investigated as a of accelerating the simulatipro cess. There are a numb er of strategies incorp orating parallelism in the simulation pro cess. An abbreviated taxonomof parallel discrete-event simulation, based up on presentations in [Kaudel 87Lin 90], app ears in Figure In application-levdistribution, di�erent replications of the simulation distributed across the aailable pro cessors, and the replications execute in lel. This strategy is useful exploring large parameter spaces. In function-levdistribution, on the hand, multiple pro cessors co op erate on a single cation, the goal b eing to reduce the execution time of the replication. strategy is useful in situations in which the results of replication i are used

select parameter alues replication i + Supp ort function distribution is one typ e function-level distribution. uses di�erent pro cessors to p erform di�erent supp ort functions, e.g., statisticollection, random numb er generation, and event list manipulation. In supp ort function distribution provides little parallelism. In mo del function bution, di�erent events are pro cessed concurrenby di�erent pro cessors. are several strategies for doing this. The tight event-driven strategy pro concurrently only those events o ccurring at the same simulattime (i.e., evenhaving identical timestamps ). The lo ose event-driven p ermits evenhaving di�erent timestamps to b e pro cessed concurren, and thus yields p otential parallelismIn lo ose event-driven parallel simulation, the to b e simis monly referred to as the al; the incomp onents it are called alesses .A physical system is mapp ed a al, network of alesses that communicate (schedule evenby timestamp ed messages through unidirectional channels [Chandy & Misra 81or an LP to correctly simulate the system entitit represents, must cess messages in timestamp order, regardless of the real time order in whicmessages may arrivIn the ative approach to lo ose event-driven simulation, LP do es not pro cess a message until it knows that no message with an timestamp can ever arrive. In the optimistic approach, an LP can pro cess message as so on as it arrives|it optimistically assumes that no message with earlier timestamp will arrive later. If a message with an earlier timestamp arrive later, the LP a rollbaccomputation to restore the simulation a correct This thesis concentrates on the ative approac

3.3 arallel ulatio n and There are a numb er of ways to map a PPN ina network of LPs. In cho one, the basic tradeo� of parallel computing applies: increasing the numb er LPs won the problem can decrease the elapsed execution time (a b but can increase inter-LP communication overhead (a Perhaps the most natural PPN to LP mapping is an isomorphism: one LP p PPN no de and one channel p er arc. This no de-based decomp imizes the p otenparallelism of the simulatiand, since the numb er of scales directly with the numb er of PPN no des, has the p otento address vlarge problems running on massively parallel machines. However, this decomp sition has two drawbacks. First, b ecause the amount of work each LP has to \p er (e.g., up dating the marking of a place when tokens are dep is very small, the relativcost of message passing overhead is very large, to p otentially p o or p erformance. Second, neither the standard ative optimistic metho d of parallel simulation can b e used for this decomp osition In standard simulation, interaction among physical pro cesses o exclusively via explicit messages, with messages in the logical system corresp ing to messages in the phsystem [Chandy & Misra 81]. The no decomp osition of PPNs violates this paradigm b ecause the b ehavior of a no de the net may b e determined by state that is global with resp ect that no de than through explicit message exchange. or example, this is always the case decision places. As illustrated in Figure 2.15, if (decision) place BusFree has a ken, cannot on own decide whether to send it to transition RequestGetsBus

or transition ReplyGetsBus since it cannot determine whether either is Note that this problem exists for optimistic as well as ative simulation. One might imagine optimistically sending the token b oth in the case ab ove, and relying on the rollback feature of optimistic simulatito later undo the incorrect decision. However, this will not work. Under mistic simulation the rollback mechanism is triggered by the of a

timestamp ed in an LP’s past. No such message will arrive in the case of urther, even if messages conv\I could not use the token you sent me time � " could b e sent, this would not solvthe problem. If no such were sent any of the receiving LPs, what would this mean? At most one them should b e allo to consume the single token that existed, there is no way to co ordinate their actions so that this happ An e mapping of a PPN into a network of LPs is one in which eacLP represents a static con ict set of the net, channels corresp onding arcs b etween con ict sets. (Such arcs always b e directed from a transitito 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 represena p otentially large numb er of no des, the numb er of events that o ccur internally an LP p er inter-LP message can b e high, the relativcost of commcation overhead. Also, this con ict set-based decomp osition of the net allowstandard metho ds of parallel simulation to b e used, since there is no inamong con ict sets other than the dep ositing of tokens as a result of transiti�rings. On the other hand, the p otenparallelism of this decomp osition p o as the numb er of LPs scales with the numb er of con ict sets rather with the numb er of no des, and there is no direct relationship b etween the of a PPN and the numb er of con ict sets it contains. (The entire net, or the entire net, can b e a single con ict set, for instance. In fact, the �ve-granversion of the PPN in Figure 2.16 has twcon ict sets, one contwo no and the containing thirty-�ve no In the end, most appropriate decomp osition of a PPN ina netwof LPs is probably some comof these twapproaches. In those where a con ict set-based decomp yields parallelism commensurate the numb er of physical pro cessors aailable to run the simulation, its low ovmakes it an attractive alternative. However, for PPNs with only a very con ict sets or in situations where the simulation will b e run on a massivparallel machine, the no de-based decomp describ ed ab ove must b e for at least part of the netw

With this understanding, in the remainder of this thesis we concentrate the no de-based decomp osition, since it presents new challenges for parallel simlation. e �rst consider the problem of simply correctly simulating a PPN this decomp osition. Subsequen , we examine its p erformance using a prototyp implementation.It should b e kin mind, though, that while for simplicity exp we assume that the entire PPN is decomp osed an LP p er no de, practical situation a more sophisticated comof no de-based set-based decomp ositions is probably the b est c

Chapter The T ransition

A proto col for the ative simulation of PPNs, which we call ansition Firing ol (TFP), is presented in this chapter. e chose to follow

a ative approach b ecause wexp ected p erformance characteristics b e more stable (and often b etter) than those of an optimistic approach. basic reason for this is the b ehaof decision places in the net. As explained the remainder of this chapter, it is the problems caused by decision places render instandard ative simulation.

Recall from Section our chosen decomp osition: each place and each sition is represented by an , and each arc in the net is represented by a ce augment this simulation mo del by intro ducing additional channels: there a channel LP t

to LP p

if there is an arc from place p

to transition t

the PPN. o distinguish these additional channels from the c(along which tokens may ow) we refer to them as ol cgraphical representation of the simulation mo del is identical to that the PPN, except that we include control channels (drawn as dashed arcs) appropriate. The net fragment in Figure 4.1 contains place LPs p1 and p2transition LP t1, ordinary channels (p1t1) and (t1, p2), and conc(t1p1) (as well as additional channels connecting with other, unsp eci�ed

Deposit(h) @ T3 Confirm(j) @ T2 Grant(k) @ T2 Request(m) @ T1 Activate(n) @ T0 t1

p1 p2

RealTime

Figure 4.1: Overview of TFP is a double handshake b etween transitions and their places, as indicated in Figure 4.1. The

(n)@Ti means passing parameter n, sent at simulation time Ti. Ti is the timestamp

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

When a place receives tokens, it may cause many transitions to b ecome enabled sim. Because the decision place cannot know which transitions are noenabled without interacting with them, it cannot make an immediate ab out which transition should b e sentokens. The �rst of the two handshakdetermines which transitions are enabled. A decision ab out which transitiothis decision place would like to �re is then made, in the �rst p ortion the second handshake those are o�ered tokens. Because each of transitions may have other decision places as input places, and under the resolution scheme we use (see Chapter 6) those places may make di�erent decisions, in the �nal p ortion of the second handshake the transitions their input places whether or not they have actually

There are several cases in which TFP can b e streamlined. or example, place with a single noninhibitor output arc can send a ant as so on as it tokens. Additional sp ecial case optimizatiare p ossible further reduce numb er messages that need to b e exc

In what follows,we describ e the four steps in the handshake without considering how they are integrated with the messages corresp onding to the tokdep osits due transition �ring. This integration is provided in Chapter or the sake of y in the following discussion we assume regular (i.e.,

noninhibitor) arcs of multiplicitone. TFP handles the general and inhibitor arcs of any multiplicit�

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

(n)@T0 message to each of output transitions, indicating that it has n tokens aailable at time � quest (mOnce t1 has received an ctivate from each of input places it T1 � T0, the latest timestamp of any of the ctivate messages it received, and m � n, the smallest of the ctivate parameters. t1 up dates (lo cal) simulation clo ck to T1 and resp onds to each input with a quest (m)@T1 message. t1 thereby asserts that it is ready to m times at time T1 if of input places (stillcontain su�cient tokat that time. This completes the �rst handshak� ant (k p1 waits to receive a quest from each output it has sent .

T2 � T1 b e the timestamp among these

quest (In Figure 4.1, T2 = T1.) When has received quest s timestamp T2, it executes a con ict algorithm (explained in Chapter 6) cho ose among comp eting earliest quest s, and then replies to each suc quest with a ant (k )@T2 message, indicating that k � m tok

In a dep osit is not needed to initiate the sequence|tokens residing at p1, p erhaps in the initial marking, can it. e present way b ecause it is the easiest situation to This is why our approach is ativ

aailable to the sender of the quest for �ring. (Note that k could b �

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

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

() from t1 by p1 completes the second handshakb etween p1 and t1. p1 subtracts the j tokfrom its marking that were sumed by the �ring of t1 and b egins the next cycle of the proto

Chapter e e and The development of TFP led us to intro duce a new technique, Selective Receivwhich relaxes one of the fundamental restrictions imp osed by the standard ative approach to simulation. In this chapter we describ e SelectivReceive, discuss its integration into , and present the �nite implementhe place and transition A basic tenet of the ative approach to parallel simulation is that sages on each channel must b e sent in nondecreasing timestamp order. It is prop erty that distinguishes ative from optimistic simulation.

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

LP

is a channel ck, c

, which is equal to the earliest timestamp of anundelivered message p ending on that channel, one exists, or else the time the last message sent on it. LP

is prevented from receiving a message m hatimestamp �

unless �

is equal to H

, the message e horizon of LP

where H

c

This input ordering restriction is a jor source of p erformance problems ative simulations, including the p ossibility of deadlo ck. Consequen, great deal of work has fo cused on its impact (e.g., [et al. 88Nicol 88, agner & Lazoa 89, ujimoto 90

The problem of deadlo ck is particularly extreme for . Because transitiosend messages along their control channels only in resp onse messages receivfrom the input place connected there, no messages can b e received by places the b eginning of a TFP cycle. or instance, imagine that a place has no tokin its current marking and so has not sent out any s. At this p oint would like to receive any osit messages that its input transitions might it. However, the semantics of the message receive op eration under ativsimulation prevents it from doing so, even if there is a p ending osit from each of its input transitions,b ecause message acceptance pro ceed b eyond time of the TFP cycle (which is the channel clo ck on the channels its output transitiOur solution to this problem is to change the rules governing the receipt messages by LPs. In particular,we alloeach LP to sp ecify that certain cshould b e ignored in computing that LP’s message acceptance horizon, thallowing the receipt of messages that would otherwise have to remain p call this feature ctive

Selective Receive can b e applied when an LP can deduce that the next sage it will receive (in simulation timestamp order) cannot arrivon one or of its input channels. Under TFP in particular,a place LP knows statically any output transition not sent an ctivate message by it will not send any sages. Thus, the LP is free to receive the earliest message from the cNote that Selective Receive is distinct from approaches based on null lo ahead, and futures. Unlike null messages, Selective Receive do es involve the transmission of any extra control messages. Unlike lo ahead futures, Selective Receive can b e used to avoid p erformance problems involvimessage channel lo even when the lowb ound on the message delay around the lo op is zero. In fact, our use of Selective Receive in TFP servexactly this purp Under , a place LP never a channel an input transition

all Confirms/Cancels receivedreceive Confirm/Cancel

all Requests received

receive Request 2 1 0_{Figure 5.1: State diagram for place It ignores a channel from output LPexcept b etween the time at whicit sends an}ctivate to LPand the time at which it receives the corresp. A transition LP a channel input place after it receivanctivate from until it sendsquest s, and after it receives aant LPuntil it sendso b etter understand the use of Selective Receive in , and the integratiofosit messages into , we now summarize the activitof the place transition LPs. or simplicit, we again assume regular arcs of my 5.1 Place An LP that represents a place may b e thought of as a �nite automaton. A diagram for this automaton app ears in Figure 5.1. In the discussion b elow, is the minimumquesttimestamp of the earliestquest receivA place , P , starts out in state 0, a transient b o ot state. It sendsto its output transitions as warranted by its initial marking, then go es to state While in state 1, P collectsquest resp onses to previously sentand accepts newosit s, sending out any news that they may allow.

o do this, P uses Selective Receive, alloinput only on channels from input transitions (messages received will b e osit s) and from any output transitions|channels from nond output are If such a channel from an output transition T is not ignored, the of

is imp eded b ecause messages can arrivalong this channel until after P T an ctivate the acceptance horizon cannot P remains in state 1 until all earliest timestamp ed quest s are receivand it knows its marking at T.

It then applies a con ict resolution sc(explained in Chapter 6) to decide which of the earliest

quest s to grant, 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 �re. Note that quest s 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. (The resp onse to a ant (0) will b e

(0), and thwill not a�ect the of P , so P need not wait for resp onses to ant messages b efore returning to state 1.

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

ctivate to T When all required s are received, P up dates its marking, tokens for each transition that �red. If tokens remain after this up date, P an ctivate to each inactive output transition if allo ed by the up dated , P returns to state 5.2 T ransition A state diagram for the transition LP automaton app ears in Figure 5.2. In discussion b elow, is the maximum ctivate of latest ctivate receiv

This involves sophisticated ad functions. Details are given in tion ransitions that were sent ant (0) messages are of secondary imp at this p oint in the proto col, and failure to receive s from them prevent P from returning to state 1. Thus, a from some LP T mab e received while in state 1. When happ ens, an ctivate is immediately sento T if allowed by the current

Deny received, or all Grants

receive Grant/Deny all Activates received

receive Activate

1 0

Figure 5.2: State diagram for transition A transition , T , starts out in state 0 and there unit has receivan

(n

) from each input place P

. It then sends a quest (n

to each input place and go es to state 1. Between the time T receives an from P

and the time it sends quest s, T ignores P

b ecause P

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

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

T from each input P

. It then sends a

(j

T to each input place, p ossibly scone or more osit s to b e sento its output places after suitable �ring delahave elapsed, and returns state 0. Between the time T receives a ant P

and when T sends s, T ignores P

b ecause P

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

Chapter Con ict In this chapter we discuss di�erent metho ds for resolving con icts in including our metho d, which was designed exploit the prop erties of simulatioWhen one or more decision places in a con ict set contain tokens, a must b e made ab out which set of transitions to �re. As mentioned in Section a numb er of prop osals have b een for this decision pro cedure, and there no standard agreement on this asp ect of PPNs. However, one of the more approaches is o�ered by [Holliday & ernon 87]. They allow the user to sp weighthat are the basic parameters of a function that assigns probabilities each set. (Recall that a maximal set is a �rable set of transitions is not a subset of any other �rable set.) A maximal set is then chosen �ring according to this y While Holliday and ernon prop osed scheme for use in analytic proaches to PPN analysis,technique is easily applied in a sequential simtion: after an event is pro cessed new PPN is examined, the maximal

sets are enumerated and assigned probabilities,one is selected, and a new set (transition �ring) events are scheduled. This is a relatively straight ard cedure in a sequential simIn a simulation,however, applying this technique is much more plicated. The reason for this is that determining sets requires a

view of the net at a particular simulation time. Since a simulatieacLP mahave a di�erent simulation time, determining the global state at particular simulation time is not a simple matter. urther, b ecause each LP information ab out only its lo cal state, no LP is naturally in a p osition to maximal sets. o do so requires the of a new LP for this purp ose, co op from place and LPs in state information this . Needless to sa, this is a complicated proto col to implement, and to serialize execution of the simulation.

When constructing a parallel simulation of PPNs, a decentralized approacis more natural. The one we use is based on \trial-and-error": each place p selects at random according to the user supplied arc weighone more transitions in O

T (p) that it would like to �re, and o�ers them tokvia a ant message. , all transitions t for which t 2 O

T (p) M (p) < U ((p; t)) are sent ant s.

If a transition t is lucky enough to receiv

ant s all 2 I

(t), it then �res. Otherwise, it replies that it cannot anof the tokens and its input places try This pro cedure, which is incorp orated in , is completely deceneach place makes decisions based solely on information aailable to it lo cally or through communication with its own output transitions . Thwe might exp ect the decentralized approach to have b etter p erformance than more serial maximal set-based approacWhile this reduction in serialization may have imp ortant p erformance plications, exp erience our simulator shows that an even more imp ortane�ect is the change in complexity that results from the tralized approach. Enumerating maximal sets is of exp onential complexit

Note, however, that with such an implementation the Con�rm messages TFP could b e since it would b e guaranthat the �ring of all decision places would b e in agreemenSince the semantics of inhibitor arcs di�er from those of regular arcs, �ring of t 2 O

T (p) do es not consume any tokens from p, p always sends ant to t p ermitted by M(p). This is why inhibitor arcs do not have weights.

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

e note that the decentralized con ict resolution scheme has slightly di�erensemantics than the set-based approach, re ecting the di�erence b etwthe \rep eated approach of the former and the one-time enumeration the latter.In general, neither scheme is able to simulate the other, i.e., no cof weights for the decentralized scheme results in a identical to of the maximal set scheme and vice versa. However, this is not considered signi�canproblem since there is no standard for con ict resolution semanneither scheme provides a signi�cantly more convenient way for the user express the desired b ehavior of the mo e also note that while the decentralized scheme employed in TFP could b emulated in a sequential simulation, resulting in p erformance gains comparable those we observed in the parallel simulations, this would b e somewhat It therefore seems unlikely that the new scheme would have b een develop ed sequential environmenIn Chapter 8, which concentrates on the sp eedup characteristics of our simulation and its p erformance relative to the analytic techniques, we also prosome empirical information ab out the p erformance antages of decenover maximal set-based con ict resolution.

On the other hand, the time requirement of the decentralized scheme dep end on the arc weights.Since each decision place selects transitions indep enden an unfortunate set of arc weights could lead to a very large exp ected determine a �ring. Thus, while the decentralized approach has b etter avtime characteristics in our exp erience, it is easy to generate arti�cial mo for which the exp ected resolution time exceeds any b ound. This disconcerting asp ect of this approach is the topic of current w

Chapter The ject of this chapter is Persephone, a prototyp e implementation of After describing the hardwand softwcomprising the environment in whicPersephone runs, we give a high level sketch of the execution of Pfollo ed by a comp endium of selected issues involved in the implementation.

7.1

Our hardware platform is a Sequent Symmetry S81 shared-memory multipro sor, con�gured with 32 Mbytes of primary memory and 20 16-MHz Intel 32-bit CPUs. The CPUs are connected to the primary memory by a 64-bit bus with a maximum sustainable data transfer rate of Mbytes p er Each CPU has a 64 Kbyte two-w y set asso ciativcopy-back cacThe Symmetry runs the Dop erating system, Sequent’s multipro version of Unixbulk of Persephone written in C++ [Stroustrup 86]. (Part of the fronend, b ecause it uses a scanner and a parser generated by the Unix to ols lex

, resp ectiv, is written in C [Kernighan & Ritchie 78Persephone is built on top of a mo di�ed version of Synapse [agner 89], library of C++ classes for ative parallel simulation. Synapse exp orts basic LP class that provides the message delivery mechanism and ensures

messages are received in nondecreasing order, and a scheduler handles the scheduling of LP jects. Synapse exploits the shared memory of Symmetry in an attempt to achieve go o d p erformance [agner & Lazoa 89The implementation of TFP required sevmo di�cations to Synapse, marily to its lo ahead, deadlo ck detection and recov, and message ery mechanisms. Selective Receive|the jor enhancement made to violates the normal message delivery semantics of ative simulation thus of Synapse), so many of the changes are directly related to Selective ReceivAs Dprovides only standard heavyweight Unix pro cesses, seeking to exploit medium- or �ne-grained parallelisrequire some kind of p ort for lightweight pro cesses called ads ). PRESTO [Bershad et al. 88is a user-level threads pacage, written in C++, which provides such supp Synapse runs on top of The layering of these systems is b ene�cial b ecause it separates concerns abstracts away details, but it makes determining where the b ottlenecks are a Persephone simulatia signi�cant challenge. This is the fo cus of continwork.

7.2 Persephone is an application-levprogram that takes a description of a PPN input, p erforms a simulation of the given PPN, and pro duces statistifrom the simulatias output, as illustrated by Figure A PPN is describ ed by a text �le in which no des, arcs, and arious (e.g., the initial marking) are sp eci�ed. A mo deler may create this text by using either a standard text editor or xsim [Thomas 90], an interactivWindow System-based graph that can b e con�gured input suitable for Persephone a PPN drawn by the mo

The three systems|Persephone, Synapse, and PRESTO|together 40,000 lines of C++ co

PRESTO

Persephone Synapse Simulation output statistics

Petri net description xsim

Figure 7.1: Use of PPersephone reads the input �le, creates an inrepresentation of the PPN, constructs the network of LPs to which the PPN maps, and spawns thread p er . The simulation is p erformed by the threads executing TFP a numb er pro cessors sp eci�ed bthe user. When the simulation statistics collected during the simulation are pro cessed. Examples of statisticomputed are the e-time duct [Murata89] for each place and the rate for each transition. After the statistare rep orted, Persephone Details of interest to a user of Persephone|the format of a PPN the command line interface, and output statistics|app ear in [91

7.3 7.3.1 Firing y While De�nition 2.1 do es not restrict the from which transiti�ring delays are drawn, an implementatican supp ort only some sp eci�c set distributions. Psupp orts the distributio� constant(c)

� exp onential(� � geometric(p)

� uniform(a; bDe�nitions of these distributions app ear in [Law & Kelton 82]. As menin Section arbitrary distributions are acceptable; the four listed ab ove wchosen b ecause it was felt they would b e the ones most often used in mo 7.3.2 Lo ad refers to the ability of an LP to guarantee that it will not send a sage b efore a certain time in the future. This is crucial for go o d p erformance of ative parallel simulation b ecause an LP blo cks, unable to pro cess p messages, unless can determine that no messages with earlier timestamps arrive later [ujimoto 90The implementations of place and transition LPs in Persephone exploit prop erties of TFP to provide lo ahead capabilit. The reasoning inv ed similar to that used for Selective Receive. The next sections sketch the ideas to provide this capabilit. In what follows,de�ne L

b e the lo ahead LP

to , i.e., the maximum simulation time � such that LP

can guaranthat it will not send a message to LP

that is timestamp ed earlier than �

ransition A transition t in state 0 (refer to Figure 5.2) will not send a quest to anp 2 I

(t) unt has received an ctivate from each p 2 I

(t), so L

is latest time at which t could receive such an

. Let ( osit) b e earlier of (a) the next completion of a �ring already progress, and (b) the time at which a �ring not yet in progress b and end; will not send a osit to any q 2 O

(t) b efore MDT, so L

is equal to In state 1, t wil l send a Con�rm to all p 2 I

(t) at the current simulati� , so L

is equal to � . t not send a osit to any q O

(t) b MDT, where MDT here computed as in state 0, so L

is again equal to Place lo ahead function de�ned a place LP is analogous to the one describ ab ove for a transition , except that the case analysis for a place LP is extensive. In particular, there are 24 cases to consider, according to the state the , the typ e of arc, and the p oint in the proto col the LP has reacProbabilistic Minimum

The of MDT ab ove dep ends on the minimum p ossible �ring dela�of the transition. The alue of � is equal to the lower b ound of the from which a �ring delays are selected. Some distributions,exp onential, have a lowb ound of zero. This adversely a�ects lo ahead b it reduces MDT and other quantities similar to o help alleviate this problem, we use a abilistic minimum for � than the true lower b ound of the distribution. e asso ciate with each transitia risk r , 0 � r < 1. If F is the cumulative distribution function of the transition’s

�ring delay distribution, we de�ne the minimum pmin as

(r ) �(r

Intuitiv, r the probabilitthat the distribution returns a sample is less than

(r ), which may result in an eventual out-of-order message ab of the simulation. Larger alues of r increase the risk of the simulatiab orting, but they also increase lo ahead and thereby (hop efully) improve p erformance of the simIf the simulation do es fail, it can b e rerun with alues of r . In the run, this pro cedure of p ositive alues for r and rerunning the simulatiit fails can b e faster than alwaysusing = 7.3.3 T

Persephone can pro duce b oth transienand steady-state solutions. The typ e solution determines the criteria. Sp ecifying a simulatistop time � yields a transiensolution|when LPs have simup to � , the simulation Computing a steady-state solution is more di�cult, b ecause must b e cided when the estimate for the of inhas reached steady-state in other wwhen the simulatihas run enough to derive an is \reliable" in some or computing steady-state solutions we use the sequential stopping pro dure of Law and Carson, as describ ed in [Law & Kelton 82], to terminate simulation when reaches a 100(1 � �)% con�dence inal of

e an estimate of the average time sp ent by a token at a selected place. user may sp ecify � and

However, in addition to correcting several minor errors in the description, wmo di�ed the pro cedure to correctly handle the in which are idenor the true alue of the parameter b eing estimated is zero or

Chapter e have twgoals in this chapter. The �rst is to examine how well a simulation using a no de-based decomp of a PPN is able to exploit apro cessors. e address this by measuring the sp eedups for simulatioof a numb er of PPNs. or these measuremenwe use Persephone, prototyp implementation of Our second goal is to aluate the growth in the running time of our simulation as the size of the PPN increases, and to compare these times those obtained using analytic approaches to PPN aluation. In this case, wtaka PPN mo del and increase its size in a natural way (as explained b eloyielding a series of mo dels. e compare the elapsed time to aluate each mo using Persephone and GTPNA [Holliday & ernon 86], which, as mentioned Section 2.6, employs analytic techniques to aluate PPNs. Our purp ose is to determine whether or not simulation can extend the applicabilitof mo deling to larger systems by facilitating the of systems larger those amenable to tec

Figure 8.1: Instruction pip eline 8.1 Sp eedup V ersus b er of Pro In this section we examine the sp eedup s achievby Persephone six PPN mo dels|the �ve presented in Section 2.7.2, plus another one intro here. Each of the PPN mo dels represents an interesting computer system, while certain asp ects of these mo dels have b een givless attention here wb e appropriate if our purp ose win fact to mo del these computer tems, their basic structures could b e used to answer p erformance questions ab those Figure 8.1 shows a new PPN mo del, Pip e, and initial marking. Pip represents an instruction pip eline in a CPU. There is a token source, represeninstruction issue, followby a numb er of pip eline phases, each represented a single place and 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 is not truly feed-forward. This is discussed in this

The PPN mo dels DB All-At-Once and DB One-At-A-Time used in measurements are �ve-granule systems; the PPNs in Figures 2.16 and 2.17 resent three-granule systems, b ecause the smaller systems are easier to dra

Processors

Pipe

CommChannel

Multiprocessor

DB One-At-A-Time

DB All-At-Once

CentralServer

Figure 8.2: Measured sp eedups Persephone on the PPN mo The sp eedup curvfor the aforementioned PPNs are given in Figure ollowing the example of [Reed et al. 88], we de�ne sp eedup relative to a simulation on one pro cessor rather than to an alent sequential (unipro simulation, i.e., the sp eedup a Persephone simulatiousing p pro cessors is execution time for Persephone on one pro cessor divided by the execution time 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 linear sp eedup exhibited by Pip e would not ordinarily b e surprising, the net is largely feed-forward. The presence of the control channels, howevintro duces a large amount of feedback into the top ology of the simulation mo which makes the linear sp eedup unexp ected. e hyp othesize that feedback due to the control channels is what prevents the sp eedup b

Unlike [Reed et al. 88], however, the sp eedups we present are not upp b ounds. Persephone on one pro cessor can b e faster than an alent sequensimulation, as shown in Section 8.2. In these cases, sp eedups rep orted relativto Persephone on one pro cessor are smal ler than sp eedups rep orted relativan alent sequential sim able 8.1: Numb of con ict sets and maximum sp eedups PPN mo

Con ict

Pip

Multipro

DB One-A

DB All-A

CentralServ

p erfectly linear, i.e., of slop e The mo dels each exhibit sp eedups attening out at b etween and eight pro cessors and, not coincidencontain large amounts of feedbacin the PPN itself. There are several factors limiting these sp eedups. First, mo del may have p o or sp eedup p otential regardless of the degree of in the system b eing mo deled [agner 89]. As an example, agner shows the queueing netwmo del from which CentralServer is derived a limit of 3.67 on its acable sp eedup the fact that the queueing netwsimulation contains �ve LPs. Thus, for some mo dels the limit on sp eedups intrinsic to the problem and cannot b e �xed by Second, there are theoretical limits on the p erformance of ative simulation that are related to the top of the simulatimo del [Lin 90]. shows, for example, that under certain conditions the sp eedup a ativsimulation cannot exceed numb er of strongly connected comp onenin the simulatimo del. In the simulation mo del used by Persephone, connected comp onents precisely the static con ict sets of the able gives the numb er of static con ict sets in each of the mo dels and maximum sp eedup achievby Persephone on the mo del. Since Persephone do not meet Lin’s criteria , in some cases it do es achieve sp eedup than the numb er of strongly connected comp onents, but overall these results b e viewed as exp erimental evidence that supp orts Lin’s w

In particular,Persephone not a system without lo e hyp othesize that another factor limiting sp eedup is serialization due critical sections in the underlying software systems on which Persephone is i.e., Synapse and PRESTO. example, Synapse’s scheduling of LPs on cessors, 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 whave b een unable to verify directly (b ecause of lack of measuremento ols) that contention for this queue limiting sp eedup, this hyp othesis is sistent with our exp erience other using the PRESTO our hyp othesis is correct, this limit on sp eedup could b e addressed by of the run 8.2 Execution Time V ersus Mo del or these measurements we compare the execution of Persephone on four di�erent series of PPN mo dels. Each series is obtained bstarting with an initialvof either CentralServer or Multipro cessor and creasing its size in two ways: �rst, by increasing the numb er of tokens in initial marking, then by adding no des and arcs (and p ossibly tokens) to the Sp 1. In a CentralServer with twdisks, ary the numb er of jobs from 1 to (by arying the initial marking of place CPUP2. In a CentralServwith eight jobs, ary the numb er of disks from 1 to (by adding the necessary no des and arcs to the 3. In a Multipro cessor with four memory mo dules, ary the numb er of pro sors from 1 to 32 (by arying the marking of place BusyProcessors).

4. In a Multipro cessor with three pro cessors, ary the numb er of mo dules from 1 to 8 (by adding the necessary no des and arcs to the Analyzing our other b enchmark nets with GTPNA is infeasible. requires b ounded as do most of the sto canalysis metho ds, and

Model Size (Jobs) GTPNAPersephone_{Figure 8.3: Normalized execution time on CentralServarying CommChannel nor the DB PPNs are b ounded. urthermore, aside from b to o large for GTPNA, the DB PPNs use exp onential and uniform �ring deladistributions, neither which is supp orted by All measurements rep orted here are for Persephone running on eight phical pro cessors of the Sequent Symmetry describ ed in Section 7.1 and running on a DEC VAXstation 3500 with 16 Mbytes of . The times from the di�erent systems cannot meaningfully b e compared , the metric we use is normalized execution time|the time for mo del size s by the time for mo del size Each Persephone run was terminated when it achieved a 99% inal of relative precision 0.2 for an of the average time sp ent by tokat a selected using the pro cedure discussed in Section 7.3.3The normalized execution times for Persephone and GTPNA on the of mo dels describ ed ab ove are plotted in Figures 8.3, 8.4, 8.5, and These �gures illustrate several in� The exp onential time complexity from which the analytic techniques su�er is evident in the curves for GTPNA. In 8.5, for}

Model Size (Disks)

GTPNA

Persephone

Figure 8.4: Normalized execution time on CentralServer, arying

Model Size (Processors) GTPNAPersephone

Figure 8.5: Normalized execution time on Multipro arying pro we see that GTPNA requires over 42 times as long to aluate the pro mo del as it do es the one-pro cessor mo � The exp onential space complexitthat plagues the techniques also shown by the GTPNA curves: three of them are missing data p oin

Model Size (Memories)

GTPNA

Persephone

Figure 8.6: Normalized execution on Multipro cessor, arying for the mo del sizes b ecause GTPNA exhausts aailable for these mo dels and .

The curve ure is missing data p oints b ecause wmanually ab orted GTPNA it seemed unlikthat it would terminate.

Using a larger machine (a V

AX 8550 with 96 Mbytes of memory) for exp erimengave qualitatively identical results, b oth in terms of the shap of the curves and the sizes of the mo dels GTPNA could successfully solv� In contrast to GTPNA, the curves for Persephone are nearly constanor exhibit very slow linear growth across the entire range of mo del sizes these exp erimen� The Persephone curve in Figure 8.4 actually ases as mo del size creases. In this case, this b ehavior is due an interesting

GTPNA uses a set of statically sized tables. e recompiled GTPNA numb er of times to increase these table sizes, but b eyond a certain limit the time system refused to execute e observed runs that consumed more than CPU hours ishing, probably due to enormous paging overheads or numerical conv

b etween the simulation and the system b eing simulatConsider a physical CentralServer system. The CPU is likely to b e mucfaster than the disks. If we have only a single disk, the disk is b ottleneck of the severely limiting its throughput (the rate which jobs ow through the system). As disks are added, o�ering I/O to the CPU, each disk b ecomes of a b ottleneck, and the throughput improvNow consider the simulation of the CentralServer system. o achieve sp eci�ed con�dence levfor the of a parameter, a numb er ations of alues of the parameter must b e collected. or the tralServer PPN, an ation is the length of time a token resides CPUP; therefore, greater the rate at which tokens cycle through net, the so oner (in simulation time) a given numb er of ations can b The single disk in the 1-disk CentralServer PPN is a b ottleneck: tokarrive from the CPU faster than the disk can route them back to the Since there are a �xed numb er of tokens in the PPN, the CPU is essenstarved. The simulatmust run to a large simulation time to ations to achieve a sp eci�ed con�dence levand simulatia large p erio d of time can increase the execution of the simulatioIncreasing the numb er of disks in the PPN alleviates the b ottleneck. token throughput is increased, so a given numb er of ations can b in a smaller amount of simulation time, reducing the time of the simulation.

� The Persephone curve in Figure 8.5 also decreases mo del size The explanation is that for some nets, numb ers of tokens can greater numb ers of events in a given p erio d of simulation time, simulation can achieve a sp eci�ed con�dence level in a smaller amount simulation time when it has more tokens, and simulating a smaller p erio of time can reduce the execution time of the sim able 8.2: Execution times (seconds) of Persephone (1 pro cessor) and Seq on mo

Persephone

DB All-A

61.5

DB One-A

104.4

Although we cannot claim, based on this small set of examples, that simtion will always dominate the metho ds so con, we are aged by these results b ecause they demonstrate that such is at p One of the antages Persephone has over GTPNA is its decentralized ict resolution scheme, presented in Chapter 6, which allows it to avoid puting maximal sets. Note, however, that any PPN technique resolves con icts in the standard centralized way is at a similar anillustrate this , we constructed a sequential PPN simulat(call \Seq") that provides a subset the functionality of Persephone but that resolvcon icts by computing maximal sets. Seq is written in C++ and runs on same machine as Persephone, its execution times are directly comparable. ble 8.2 lists the execution in seconds Persephone (running on a pro cessor) and Seq simulate two of the PPN mo dels. Persephone running one pro cessor is faster than Seq, a simulatothat provides less functionalit, the gap in execution times widens as the sizes of the con ict sets gro

Chapter In concluding chapter we summarize the contributions made by this and suggest areas for further w9.1 e have examined the use parallel simulation for the of p Petri nets. Because the actions of the \phpro cesses" of PPNs global information, these networks present new challenges for parallel simulatimetho dologies, which have assumed that physical pro cesses interact only the explicit exchange of e have develop ed a parallel simulation proto col for PPNs, the Firing Proto col, that cop es the global nature of their actions. This proto is based on the ative approach to parallel simulation. e have intro a new technique ative simulation, Selective Receive, relaxes traditionalmessage receipt rules by allowing a pro cess sometimes sp eci�c input channels when attempting to receive messages. Using informatiab out the PPN simulatiknown staticall, we use Selective Receive to allow

receipt of messages that would normally have to remain p ending, leading quicto deadlo ck of the simulatie have also intro duced a new con ict resolution pro cedure for PPNs

was inspired by the simulation approach. This con ict cedure has b een observed to b e much faster in practice than the exp onenpro cedures used ,we have created a prototyp e implementation of our parallel PPN ulator and measured its p erformance. Its sp eedup characteristics are similarthose obtained in other applications of parallel simulation, despite the apparensequential avor of PPNs induced by their global decision making pro More imp ortan,we have that simulation can in b e used aluate PPN mo dels which are to large for the analytic PPN aluation tecniques, thereby extending the y of PPN mo deling to larger 9.2 Areas for F urther W

This work could b e extended in a numb er wa� Optimize TFP for cialases. By taking antage of the lo cal top of part of a PPN, some steps can b e eliminated from TFP for the no des the part, as noted in Chapter 4. In no des hasingle outputs are prime candidates for streamlined proto � ove the ctnessof A formal pro of of correctness would b e inesting from a p oint of view and desirable from a p oinof � ove the implementation of TFP. A simple improvement that yield signi�cant p erformance gains would b e incorp orate the future technique [Nicol 88] into the lo ahead computation employed by Pphone. Opp ortunities also exist for mo difying the data structures algorithms used by Persephone or by the run systems underlying to improve p erformance. ork has b een done on PRESTO towthis end [& Levy 90

� eriment with on ict esolution gies. e have not ti�ed the e�ect of our \rep eated trialscon ict resolution , i.e., whave not studied hothe numb er of trials necessary to resolve a related to the top of the If such a study were p erformed, might suggest how to rede�ne the con ict resolution strategy to rate p erformance in the presence of pathological top ologies.

Static or dynamic of the PPN might b e required to identify suctop ologi� artitionings. As noted in Section 3.3, the mal decomp osition of a PPN into LPs is probably a combination of no and con ict set-based decomp ositions. Determining a go o d comwill require study of arious com� Investigate NUMA al lel simulation. Non-uniform memory (NUMA) platforms present new challenges for parallel simulation. cent work has addressed programming [Chase et al. 89] and reimplementation of Synapse [Brown 90] on a network of multipro cessors.Achieving p erformance on a NUMA platform similar or b etter than the p erformance currenachieved by Persephone on a quenSymmetry (a uniform memory access will probably a di�erent PPN decomp osition, as well as heuristics for determining hoto distribute LPs among pro � Investigate optimistic al simulation of PPNs. e susp ect that, least for certain PPN top ologies, an optimistic parallel simulation wsu�er greatly from excessive rollback. It would b e into ctop ologies for which excessive rollbacdo es and do es not o ccur, and assess the overallp erformance of optimistic parallel simulation.

It is not our intent to provide precise de�nitions of the terms listed herein, to give in e explanations as a convenience the arc multiplicity An integer asso ciated with an arc. If the arc is from a p to a transition t, the multiplicity sp eci�es the numb er of tokens at p to enable t (if the arc is a regular arc) or to inhibit t (if the arc is inhibitor arc). In the former case, it also is the numb er of tokens removfrom p each time t �res. If the arc is from t p, the multiplicitsp the numb er of tokens dep osited at p each time t arc weight A real numb er asso with an arc that is used in con ict tion (if the arc’s source a place) or dep osit branching (if the arc’s is a transition).

channel A communication path in a simulation from one LP to classical Petri net A Petri net of the \original" ariet, added In particular, classical Petri nets do not incorp orate time or brancing ative parallel simulation A typ e of simulation in which LP do es pro cess a message timestamp ed � until it is certain that messages timestamp ed earlier than � will arrivcontrol channel A channel intro duced bTFP that do es not corresp ond arc in the

CPU Central pro cessing decision place A place that has more than one regular output dep osit branching A mechanism whereby a transition randomly cho oses place to dep osit tokens at, instead of dep ositing tokens at each of its enable transition is enabled when of its input places have generalized inhibitor arc An arc with an asso ciated multiplicit.generalized inhibitor arc of multiplicitm from a place p to a transition inhibits t �ring if there are m or more tokens at pGeneralized Timed Petri Net Analyzer A software to ol that p erforms sto chastic analysis of a Generalized Timed Petri Net (a typ e of GTPNA Generalized Timed Petri Net inhibitor arc An inhibitor arc from a place p to a transition t inhibits t �ring if there are any tokens at p. alent to a generalized of m y logical pro cess An entitin a logicalsystem. It represents a physical pro logical system A network of LPs representing a physical system in a simulatilo ahead The length of simulation time (starting from the current simulatitime) during which an LP can guarantee that it will send no LP Logical pro marking The numb er of tokens at a place. Also, the marking of a net is vector of markings of its

optimistic parallel ulation A typ e of parallel simulation in which an pro cesses messages as so on as they arrive. If a message timestamp ed is pro cessed and a message timestamp ed earlier than � arrives, \rollback"of the simulation o parallel simulation A simulation employing multiple pro p erformance Petri net A Pnet augmented with time (�ring delays) brancprobabilitiPersephone Our prototyp implementation of TFP: a ative ulator for Petri net A mo deling to ol that is b oth graphical and mathematical. after C. A. Pwhose dissertation was the work in the physical pro cess An entitin a physical physical system A b eing simplace One of the two typ es of no des in Petri net. Drawn as a PPN Performance Petri PRESTO A user-level threads pacage used by regular arc An arc that is not an inhibitor arc. See \arc multiplicit."

Selective Receive Our extension to ative simulation wherebLP can at times ignore certain of its input channels when hofar it may Synapse A ativparallel simulation to olkit used by PTFP ransition Firing Proto thread A lightweight pro timestamp The simulation time asso ciated with a

token okens reside at places, and are consumed and pro duced btransititransition One of the two typ es of no des in a Petri net. Drawn as a transition �ring A �ring of transition t removtokens from the input t and dep osits tokens at the output places of ttransition �ring delay The length of b etween the of a transiti�ring (when tokare consumed) and end (when tokens are dep ransition Firing Proto col Our ative simulation proto col untimed Petri net See \classical Petri

[Ajmone Marsan & 87] M. Ajmone Marsan and G. Chiola. On nets with deterministic and exp onentially distributed �ring times. [Rozenb erg 87], pages 132{145[Ajmone Marsan et al. 87] M. Ajmone Marsan, G. Chiola, and A. umagalli. accurate p erformance mo del of CSMA/CD bus LAN. [Rozenb erg 87pages 146{161.

[Alla et al. 85] H. Alla, . Ladet, J. Martinez, and M. a-Suarez. Mo and alidation of complex systems by coloured Petri nets; application a exible manufacturing system. In [Rozenb erg 85], pages [Baer 87] J.-L. Baer. Mo delling architectural features with Petri nets. [Brauer et al. 87b], pages & Bruno 88] M. Baldassari and G. Bruno. An environment ject-oriented conceptual programming based on PROT nets. [Rozenb erg 88], pages [Barke 90] A. R. Barke. Use of nets to mo del and test a control Master’s thesis, University of ashington, Seattle, W

A, [Bershad et al. 88] B. N. Bershad, D. Lazoa, H. M. , and B. ner. An op en environmenfor building parallel programming In osium on al lel amming:

e With and Systems, pages 1{9, July [Brauer 80] W. Brauer, editor. Net ory and ationsvolume 84 of e Notes in Computer e. erlag, New ork, NY, [Brauer et al. 87a] W. Brauer, W. Reisig, and G. Rozenb erg, editors.

in Petri Nets 1986, Part I, volume 254 of e Notes in eerlag, New ork, NY, [Brauer et al. 87b] W. Brauer, W. Reisig, and G. Rozenb erg, editors.

in Petri Nets 1986, Part IIvolume 255 of e. erlag, New ork, NY,

[Brown 90] R. L. Brown. ative parallel discrete-event simulatiin non-uniform memory access system. Master’s thesis, University of ington, Seattle, W

A, et al. 85] J. Carlier,. Chretienne, and C. Girault. Mo delling scproblems with timed Petri nets. In [Rozenb erg 85pages [Chandy & Misra 81] K. M. Chandy and J. Misra.Asynchronous simulation via a sequence parallel computations.

ations the ACM, 24(4):198{206, April [Chase et al. 89] J. S. Chase, F. G. Amador, E. D. Lazoa, H. M. , R. J. Little�eld. The Amb er system: Parallel programming on a work of multipro cessors. In dingsof the 12th A osium ating System Principles, pages 147{158, Decemb er [Ciardo 87] G. Ciardo. oward a de�nition of mo deling p ower for sto chastic net mo dels. In [PNP 87], pages 54{62.

[Diaz 87] M. Diaz. Petri net based mo dels in the sp eci�cation and vof proto cols. In [et al. 87b], pages 135{17[Drees et al. 87] S. Drees, D. Gomm, H. Pl � unnecke, Reisig, and R. Bibliography of Petri nets. In [Rozenb erg 87], pages 309{451.

[Dugan & 87] J. B. Dugan and Ciardo. Sto chastic Petri net of a replicated �le system. In [PNP 87], pages 84{92.

aust & Levy 90] J. E. aust and H. M. . The p erformance of an oriented threads pacage.

of the 4th ACM enedamming: Systems, anguages, and ationspages 278{288,Octob er eldbrugge & Jensen 87] F. eldbrugge and K. Jensen. Petri net to ov1986. In [Brauer et al. 87b], pages eldbrugge 86] F. eldbrugge. Petri net to ols. In [Rozenb erg 86], pages 203{223.

ujimoto 90] R. M. ujimoto. Paralleldiscrete event simulation.

tions of the ACM, 33(10):31{53,Octob er [Genrich & Stankiewicz-Wiechno 80] H. J. Genrich and E. Stankiewicz-WiecA dictionary of some basic notions of net . In [80], 519{535.

[Genricet al. 80] J. Genrich, K. Lautenbach, and . S.

jan. ments of general net . In [Brauer 80], pages 21{163.

et al. 87] C. Girault, C. Chatelain, and S. Haddad. Sp eci�cation prop erties of a cache coherence proto mo del. In [Rozenb erg 87],

[Greenb erg & Lubachevsky 90] A. G. Greenb erg and B. D. Lubac. b oundedly parallel simulations via recurrence relations. In dings

of the 1990 SIGMETRICS eonement and deling Computer Systems, pages 1{12, May [Hartung 88] G. Hartung. Programming a closely coupled multipro cessor with high level Petri nets. In [Rozenb erg 88], pages 154{174[Haus & Ro driguez 88] G. Haus and A. Ro driguez. Music description and by Petri nets. In [Rozenb erg 88pages 175{199.

[Hildebrand 85] T. Hildebrand. Design and programming of interfaces for etic applications using Petri nets. In [Rozenb erg 85], pages [Ho el et al. 72] . G. Ho el, S. C. Port, and C. J. Stone.

duction to esses.Houghton Mi�in, Boston, MA, [Holliday & ernon 86] M. A. Hollidaand K. ernon. The GTPN Numerical metho ds and user interface. echnical Rep ort 639, Sciences Department, University of Wisconsin at Madison, Madison, April [Hollida& ernon 87] M. A. Holliday and M. K. ernon. A generalized Petri net mo del for p erformance analysis. IEEE ansactionson ering,SE-13(12):1297{1310, Decemb er [Jantzen 87] M. Jantzen. Complexity of place/transition nets. [Brauer et al. 87a], pages 413{434[Jensen & Schmidt 86] K. Jensen E. M. Schmidt. Pascal semantics by combination of semantics and high-level Petri nets. [Rozenb erg 86], pages 297{329[Jensen 87] K. Jensen. Computer to ols for construction, mo di�cation and ysis of Petri nets. In [et 87b], pages [Kaudel 87] F. J. Kaudel. A literature survey on distributed discrete event ulation. ACM Simuletter, 18(2):11{2June & Ritchie 78] B. W. Kernighan and D. M. Ritchie. The C ming anguage. Prentice-Hall, Englewo o d Cli�s,NJ, oszewa & Mazurkiewicz V. oszewa and A. Mazurkiewicz. Net representation of tences in natural languages. In [Rozenb erg 88pages [Law & Kelton 82] A. M. Law and W. D. Kelton. Simulation deling Analysis. McGraw-Hill,New ork, NY,

[Lin 90] Lin. Understanding the Limits of Optimistic and al lel Simulation. PhD dissertation, University of ashington, W

A, 1990. ailable as Department of Computer Science and neering echnical Rep ort [Lop ez & Palaez 88] I. Lop ez and M. C. Palaez. Exp eriences the use of Galileo

to design telecommunication systems. In [Rozenb erg 88pages 283{306.

[Lu et al. 87] M. Lu, D. Zhang, and T. Murata. Sto chastic net mo del for stabilitmeasures of fault tolerant clo ck synchronization. In [PNP 87pages 104{110.

[Meijer 87] E. Meijer. Petri net mo for the �-calculus. In [Rozenb erg 87pages 162{180.

[Molloy 85] M. K.

. Discrete time sto chastic Petri nets. IEEE ansactions

on e ering, SE-11(4):417{423, April [Murata 89] T. Murata. Petri nets: Prop erties, analysis and applications.

of the IEEE77(4):541{580, April [Nicol 88] M. Nicol. Parallel discrete-event simulation of FCFS sto cqueueing networks. SIGPLAN es, 23(9):124{137,Septemb er [Ob erquelle 87] H. Ob erquelle. Human-machine interaction role/function/action-nets. In [Brauer et al. 87b], pages 171{190.

[Peterson 77] J. L. Peterson. Petri nets. ACM Computing Surveys9(3):223{252,

Septemb er [P81] L. Peterson. Petri Net ory and the deling of SystemsPrentice-Hall, Englewo o d Cli�s,NJ, [Petri 62] C. A. Petri. Kommunikation mit Automaten. PhD dissertation,

Schriften des Institutes f � ur Instrumentelle Mathematik, Bonn, German1962. Also, translation by F. Greene, Jr.

ation with A

. echnical Rep ort RADC-TR-65-377, volume supplement 1, Rome Air Development Center, Gri�ss Air orce NY, [Petri 80] C. A. Petri. Intro duction to general net . In [Brauer 80], [Petri 87] C. A. Petri. \Forgotten topics" of net . In [et al. 87bpages 500{514.

[PNP 87] dings of the 1987 International Workshop Petri Nets and edelsMadison, WI, August 1987. IEEE Computer So ciet

[Reed et al. 88] D. A. Reed, D. Malon, and B. D. McCredie. Parallelevent simulation using shared . IEEE ansactions on ering,14(4):541{553,April [Reisig 85] W. Reisig. Petri Netsvolume 4 of TCS aphs on

Computer e. erlag, New ork, NY, [Reisig 87] W. Reisig. Petri nets in softwaengineering. In [Brauer et al. 87bpages [Rozenb erg 85] G. Rozenb erg, editor.

es in Petri Nets 1984, volume of e Notes in Computer e. erlag, New ork, [Rozenb erg 86] G. Rozenb erg, editor.

es in Petri Nets 1985, volume of e. erlag, New ork, [Rozenb erg 87] G. Rozenb erg, editor.

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

es in Petri Nets 1988, volume of e. erlag, New ork, [Sanders & Mey87] W. H. Sanders and J. Meyer. Performability of distributed systems using sto cactivity networks. In [PNP 87pages 111{120.

[Sauer et al. 80] C. H. Sauer, A. MacNair, and S. Salza. A language extended queueing network mo dels. IBM Journal of ch and velopment, 24(6):747{755, Novemb er [Sifakis 80] J. Sifakis. Performance aluation of systems using nets. [Brauer 80], pages 307{319[Stroustrup 86] B. Stroustrup. The C++ amming anguage. , Reading, MA, anenbaum 88] A. S. anenbaum. Computer Networks. Prentice-Hall, wo o Cli�s, NJ, second edition, aubner 88] D. aubner. On the implementation of Petri nets. [Rozenb erg 88], pages 418{439[Thomas 90] S. Thomas. XSIM: An X11-based con�gurable graph echnical Note 163, Department of Computer Science and University of ashington, Seattle, W A,

[Thomas 91] G. S. Thomas. Persephone User’s Manual. Department of puter Science Engineering, Universitof ashington, Seattle, W alette 87] R. alette. in pro duction systems. [Brauer et al. 87b191{217.

autherin 87] J. autherin. Parallel systems sp eci�cations with coloured nets and sp eci�cations. In [Rozenb erg 87], pages 293{308ernon et al. 86] M. K. ernon, J. Zahorjan, and E. D. Lazoa. A ison of p erformance Petri nets and queueing network mo dels. eccal Rep ort 86-09-09,Department of Computer Science and University of ashington, Seattle, W

A, Septemb er oss 87a] K. oss. Nets in data bases. In [Brauer et al. 87b], pages oss 87b] K. oss. Nets in o�ce automation. In [Brauer et al. 87b], pages agner & Lazoa 89] D. B. agner and E. D. Lazoa. Parallel simulatiof queueing networks: Limitations and p otentials. In dingsof 1989 SIGMETRICS eande ’89, 146{155,

May agner 89] D. B. agner. Conservative al lel ete-Event Principles and e. PhD dissertation,University of W

A, 1989. ailable as Department of Computer Science Engineering echnical Rep ort 89-09-03.