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Abstract

In recent years, the use of discrete event simulation to
solve problems from natural sciences has become more
common as the dynamic time evolution of the real-world
system is naturally incorporated in the discrete event sys-
tem model. The parallel simulation of these discrete event
systems puts some extra requirements on the parallel syn-
chronization schemes such as Time Warp. The large sci-
entific problems require efficient memory management—
both time and space efficient—and parallelism control to
achieve satisfactory performance.

1 Introduction

Thereisanincreasing interest in the application of discrete
event simulation to solve problems from natural sciences.
In particular, problemswith heterogeneousspatial and tem-
pora behavior are, in general, most exactly mapped to
asynchronous models [Bersini and Detours, 1994; Lumer
and Nicolis, 1994]. The interest in discrete event simula-
tion now is motivated by the ability of this protocol to cap-
ture the asynchronous behavior that is a qualifying charac-
teristic of these models. Besides the aspect of asynchronic-
ity, ageneral tendency is the construction of more realistic
models resulting in more complex and larger simulations,
which requires vast amounts of execution time. One fun-
damental method to reduce the execution time of large dis-
crete event simulationsisthe exploitation of parallelismin-
herent to thisclass of simulations[Livny, 1985; Overeinder
and Sloot, 1995]. Most research in Parallel Discrete Event
Simulation (PDES) is focussed on protocol design; and al-
though there are encouraging advances, none of the proto-
colsdevised thusfar have been shownto perform efficiently
for different applications.

We are specifically interested in the application of PDES
methods, in particular the Time Warp method [Jefferson,
1985], to dynamic complex systems that can be modeled
with Asynchronous Cellular Automata(ACA) [Overeinder
and Sloot, 1993]. Typical ACA models are for example
continuous-time Ising spin systems or spatial-decomposed
population dynamics models. In the next sections, we will

describe some new insights and extensions to the original
TimeWarp method in order to apply the PDES method suc-
cessfully to ACA models. In Section 4, we present the re-
sultsof aparalléel Ising spin simulation using the Time Warp
execution environment. Section 5 concludeswith adiscus-
sion and some future work.

2 Background

Discrete event systems are characterized by alimited num-
ber of events occuring at irregular time intervals. Efficient
simulation of such systems require concurrent execution
of events at different points in simulation time. The ab-
sence of aglobal clock necessitates sophisticated synchro-
nization algorithmsto ensurethat cause-and-effect relation-
ships are correctly reproduced by the simulator. Parallel
discrete event simulation is essentially concerned with the
correct ordering, or scheduling, of the asynchronous exe-
cution of events over distributed or parallel systems. There
are basically two methods to impose the correct temporal
order of the asynchronous event execution: conservative
and optimistic methods.

First, the conservative approach proposed by Chandy and
Misra[1979] strictly imposesthe correct temporal order of
events. Second, the optimistic approach, introduced by Jef-
ferson [1985], uses a detection and recovery mechanism:
whenever the incorrect temporal order of eventsis detected
arollback mechanismisinvoked to recover. Although both
approaches have their specific application area, optimistic
methods offer the greatest potential as a general-purpose
simulation mechanism.

The most well-known optimistic method is the Time Warp
simulation mechanism, which is based on the concept of
virtual time. Virtual time describes how different dis-
tributed objectsinteract in time, and can therefore be used
to serve as a basis for distributed smulation. The Time
Warp mechanism implements virtual time and adheres to
the temporal coordinate system imposed on a distributed
simulation.

In optimistic simulation, the parallel smulation processes
execute events and proceed in local simulated time as long



as they have any input at all. A consequence of the opti-
mistic execution of eventsis that the local clock or Loca
Virtual Time (LVT) of aprocessmay get ahead of itsneigh-
bors' LVTs, and it may receive an event message from a
neighbor with timestamp smaller than its LVT, that is, in
the past of the simulation process. The event causing the
causality error is called a straggler. If we allow causality
errors happen, we must provide a mechanism to recover
from these errors in order to guarantee a causally correct
parallel simulation. Recovery is accomplished by undoing
the effects of all events that have been processed prema-
turely by the process receiving the straggler. The net ef-
fect of therecovery procedureisthat the simulation process
rolls back in simulated time.

The premature execution of an event results in two things
that have to be rolled back: (i) the state of the simulation
process and (ii) the event messages sent to other processes.
The rollback of the state is accomplished by periodically
saving the process state and restoring an old state vector
on rollback: the simulation process sets its current state to
the last state vector saved with simulated time earlier than
the timestamp of the straggler. Recovering from premature
sent messages is accomplished by sending an anti-message
that annihilates the original when it reachesits destination.
The messages that are sent while the process is propagat-
ing forward in simulated time, and hence correspond with
simulation events, are called positive messages.

A direct consequence of the rollback mechanism is that
more anti-messages may be sent to other processes recur-
sively, and allowsall effectsof erroneouscomputationto be
eventually canceled. Asthe smallest unprocessed event in
thesimulationisawayssafeto process, it can beshown that
this mechanism aways makes progress under some mild
constraints.

In optimistic smulation the notion of global progress in
simulated time is administered by the Global Virtual Time
(GVT). The GVT is the minimum of the LV Ts for al the
processes and the timestamps of all messages (including
anti-messages) sent but unprocessed. No event with times-
tamp smaller thanthe GV T will ever berolled back, so stor-
age used by such event (i.e., saved state vector and event
message) can be discarded. Also, irrevocable operations
such as I1/0 cannot be committed before the GVT sweeps
past the smulation time at which the operation occurred.
The process of reclaiming memory and committing irrevo-
cable operationsisreferred to as fossil collection.

3 Optimistic Parallel Discrete Event
Simulation and Ising Spin Systems

The Asynchronous Cellular Automata (ACA), like the
“classical” Cellular Automata (CA), is a set of dynamic
systems where space and variables are discrete. The syn-
chronousCA evolvesindiscretetimet = 1,2,.... Thestate

of acell att + 1 isdetermined by the state of the cell and its
neighborsat t and may explicitly depend ont and the result
of arandom experiment. The ACA evolves, unlikethe CA,
not in discrete, but in continuoustime. In the ACA model,
the state changes at different cells occur asynchronoudly at
unpredictable random times, and thus is a discrete event
system. Zeigler [1982] also postulated that discrete event
ACA models might be a more natural and adequate repre-
sentation of the universe at the level of basic physics.

A specific example of an ACA isthe continuous-timelsing
spin model. Glauber [1963] introduced continuous-time
probabilistic dynamics for an Ising system to represent
the time evolution of the physical system. The Ising spin
model with continuous-time probabilistic dynamics cannot
be solved by Monte Carlo simulation, sincetime has no ex-
plicit implication on the evolution of the system in this ex-
ecution model. To capture the asynchronous continuous-
time dynamics correctly, the most efficient underlying ex-
ecution model is discrete event simulation. In this respect,
the Ising spin model is an ideal application to study the ef-
fectiveness of PDES methods, as the dynamic behavior of
the Ising spin model is essentially determined by one pa-
rameter, namely the temperature of the system. The tem-
perature determines the ratio of communication to compu-
tation in the Ising spin model, and gives awell-defined pa-
rameter to evaluate the Time Warp method with aredlistic
application.

Thelsing model is a popular model of asystem of interact-
ing variables in statistical physics. To introduce the Ising
model, consider alattice containing N sites and assume that
each lattice site i has associated with it a number s, where
s = +1foran“up” spinand s = —1 for a“down” spin.
Thetota energy of the Ising model is given by

N
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wheres = +1, Jisthe measure of the strength of theinter-
action between the spins, and the first sumis over all pairs
of spinsthat are nearest neighbors. The second term isthe
energy of interaction of the magnetic moments, L, associ-
ated with the spins with an external magnetic field, H. In
our discussion, the external magnetic field H is zero.
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Figure 1: Theinteraction energy between nearest neighbor
spinsin the absence of an external magnetic field.

If J > 0, then the states 11 and ||, are energetically favored
incomparisontothe statest| and |1 (seeFig. 1). Hencefor
J > 0, we expect that the state of the lowest total energy is
ferromagnetic, i.e., the spinsall point to the samedirection.
If J < 0, the states 1] and |1 are favored and the state of



the lowest energy is expected to be antiferromagnetic, i.e.,
alternate spins are aligned.

At random times, a spin is granted a chance to change the
state, a so-called spin flip. The attempted state change ar-
rivals for a particular spin form a Poisson process. The
Poisson arrival processes for different spins are indepen-
dent, however, thearrival rateisthesamefor each spin. The
attempted spinflip, or trial, isrealized by calculating the en-
ergy difference AE between the new configuration and the
old configuration. The spinflip isaccepted with a probabil-
ity P given by

p— 1, if AE <0,

| exp(—AE/KT), otherwise,
given temperature T and Boltzmann’s constant k. For con-
veniencewe measure energy in unitsof k and takeJ = 1, so
that T is effectively unitless.

The resulting continuous-time Ising spin model is par-
allelized by spatial decomposition. The lsing spin lat-
tice is partitioned into sub-lattices, and the sub-lattices are
mapped onto the parallel processors. To minimizethe com-
munication between sub-lattices, local copies of the neigh-
bor boundaries are stored locally (see Fig. 2). By main-
taining local copiesof neighbor boundaries, spin valuesare
only communicated when they are actually changed, rather
than when they are only referenced. A spin flip along the
boundary is communicated to the neighbors by an event
message. The causal order of the event messages, and thus
the spin updates, are guaranteed by the Time Warp mecha-
nism.

Figure 2: Spatial decomposition of the Ising spin lattice.
Thegrey areasarelocal copiesof neighbor boundary strips.
For example, processor PE 2 has a local copy of spin “a’
owned by processor PE 1. Processors PE 2 and PE 3 both
own a copy of spin “c”. The arrows in the figure indicate
the event messages sent upon aspin flip.

Asynchronous Cellular Automata, and thus also the Ising
spin model, put some additional requirements on the orig-
inal formulation of the Time Warp method. For example,
the Time Warp method, as all optimistic PDES methods,
must save its state vector each time an event is executed.

The state vector of an spatial decomposed ACA can be ar-
bitrarily large, that is, all the cells in the sub-lattice are
part of the state vector. For efficient memory management,
we incorporate incrementa state saving in the Time Warp
method [Overeinder and Sloot, 1993]. Incremental state
saving stores not the full state vector, but saves only the
changesto the state vector dueto the execution of an event,
which is only asmall fraction of the full state. Besides ef-
ficient memory management, incremental state saving also
reduces the time overhead related to the memory copy.

With incremental state saving, no full copy of a state vec-
tor at acertain simulation time existsin the simulation exe-
cution environment. Instead, upon arollback of a series of
events, the state vector is reconstructed by processing the
event—partial state collectionin reverseorder. Althoughin-
cremental state saving requires less state saving time and
memory, there is an increased cost of state reconstruction.
In general, the number of rolled back eventsisafraction of
the number of events executed during forward simulation.
The fraction of rolled back events and the time overhead
difference between state saving is an order of 10 bytesver-
susan order of 10 bytes, thereforeincremental state saving
isfavorablein spatial decomposed ACA applications.

Alternatively, Lubachevsky [1987] presented a conserva
tive parallel simulation method to simulate ACA. Our per-
spective and experimental framework essentialy differs
from hiswork, as we apply ACA to optimistic methods to
study the application parametersthat influencethe dynamic
execution behavior of the Time Warp method.

4 Results

To validate the efficacy of the proposed extensions to the
origina Time Warp method, we have designed and im-
plemented a parallel discrete event execution environment
called the Amsterdam Parallel Simulation System (APSIS).
APSIS is by design a portable simulation environment,
which runs currently on a number of Unix platforms, such
asSolaris, Linux, and BSD/OS, and with variouscommuni-
cation libraries, like PVM, MPI, and the lightweight Com-
munication Kernel [Overeinder et al., 1995]. The exper-
iments with the Ising spin model were performed on the
Distributed ASCI Supercomputer (DAS). The DAS con-
sists of four wide-areadistributed clusters of total 200 Pen-
tium Pro nodes. ATM is used to redlize the wide-areain-
terconnection between the clusters, while the Pentium Pro
nodes within a cluster are connected with Myrinet system
area network technology.

A seriesof experimentswereexecuted to getinsightintothe
efficiency and scalability behavior of TimeWarp, for differ-
ent problem sizes and Ising spin parameter settings. In the
first series of experiments, we study the absol ute efficiency
of the parallel Ising spin simulation compared to the best-
known sequential 1sing spin simulation for different tem-



peratures, problem sizes, and event granularity (that is, the
amount of work per event). The sequential continuous-time
Ising spin simulation is basically aMonte Carlo simulation
extended with a Poisson arrival processto incorporatetime
evolution into the model. The Monte Carlo ssimulation ex-
ecution mechanism is a lightweight process compared to
sequential discrete event simulation execution mechanism.
With Monte Carlo simulation there is nearly no overhead
involved in the execution of the spin flip trials. A random
spin is selected and atrail is executed. With discrete event
simulation, atrial isan event that must be scheduled for fu-
tureexecution, that is, inserted into the event list (ingeneral
a priority queue). Later, if the scheduled trid is the next
pending event, the event is dequeued and the tria is exe-
cuted. Parallel discrete event simulation includes, besides
the event list management overhead, also the state saving
and rollback overhead as described in the previous section.
The absolute efficiency figuresinclude all these extraover-
head costs compared to the sequential Monte Carlo smula-
tion.

The absolute efficiency figures Fig. 3 and Fig. 4 indicate
that the parallel performance increases with the problem
size and event granularity. The event granularity deter-
mines the PDES protocol overhead ratio, apart from syn-
chronization errors. The temperature T for the Ising spin
system determines the computation/communication ratio:
asthe temperatureincreases, the behavior of the system be-
comes more dynamic and hence more communication oc-
curs between the nodes. In particular, the efficiency for
the relative small lattice size of 32 x 32 is sensitive to the
temperature T, as with small lattice sizes relatively more
changes occur along the boundaries. See for example the
absoluteefficiency figuresfor the32 x 32 (Fig. 3) and 128 x
128 (Fig. 4) latticeswith temperaturesT = 2.0and T = 3.0.
While thefiguresfor T = 2.0 are amost equal for both lat-
tices, thefiguresfor T = 3.0 differ. Due to the higher tem-
perature of the spin system, more trials are accepted. The
fraction of successful trials that must be communicated to
the neighborsis proportional to theratio of boundary lattice
points and the total number of lattice points, which is ap-
proximate 4/L, where N = L x L. For lattice size 32 x 32
theratio is 0.125, while for lattice size 128 x 128 the ratio
is approximate 0.031.

The event granularity (amount of work per event or in
this discussion per trial) is expressed as the amount of ex-
tra computational work in terms of a sinus and exponen-
tial evaluation. The results for event granularity O are for
the basic Ising spin system. The results for increasing
event granularities give an indication how a similar prob-
lem scales asthe amount of computational work to evaluate
a state change increases.

In Fig. 5 the ratio between the committed events and the
total number of processed events is depicted. Committed
events are the definite events after the GVT sweeps past
their simulation time, see Section 3. The number of pro-
cessed events is the total number of committed and rolled
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Figure 3: Absolute efficiency versus event granularity
(work/trial) for parallel Ising spin simulation of 32 x 32
Spins on 4 processors.
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Figure 4. Absolute efficiency versus event granularity
(work/tria) for parallel 1sing spin simulation of 128 x 128
Spins on 4 processors.
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Figure5: Ratio of committed eventsversus event granular-
ity (work/trial) for parallel Ising spin simulation of 128 x
128 spins on 4 processors.

back events. Theratio of committed eventsisthus an indi-
cation how effective the Time Warp simulation mechanism
is to synchronize the parallel smulation processes. From
the figure we can see that the ratio of committed events
ranges between 0.8 and 0.9, for respectively high and low
temperatures. Althoughtheratiosof committed events, and
thus the efficacy of Time Warp, do not dramatically differ
for the different temperatures, the way it is accomplished
does. Figure 6 shows the average rollback length for the
different temperatures. Whereas the ratios of committed
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Figure 6: Averagerollback length versus event granularity
(work/tria) for parallel 1sing spin simulation of 128 x 128
spins on 4 processors.

events are almost identical, the average rollback length for
T = 2.0 is dmost twice as large as the average rollback
lengthof T =2.4and T = 3.0. With low temperatures, the
fraction of successful trialsissmall and hencethefrequency
of synchronization between the neighborsis low. Conse-
quently, the infrequent synchronization makesit likely that
thetimeretardation between the simulation processesisrel-
atively largeand one of the processesmust rollback thisdis-
tance in simulated time.

Thetypical variation of the T = 2.0 curve for event granu-
larity 4-10in Fig. 6 isdiscussed at the end of this section.

To determine the relative efficiency and scalability of the
parallel Ising spin implementation, the execution time of
the parallel simulation on one processor is compared with
the execution time on different number of processors. Fig-
ure 7 shows the relation between execution time and the
number of processors for a fixed problem size. Together
with the results from Fig. 8, we can see that the parallel
Ising spin for T = 2.0 scales aimost linearly up to 6 pro-
cessors, but eventually dropsto arelative efficiency of 0.83
for 8 processors. For temperature T = 3.0 the relative ef-
ficiency decreases gradually to 0.68 for 8 processors. The
decreasing efficiency is mainly due to the increased costs
to synchronize the parallel processes. With the increase of
the number of processors, the time period necessary to syn-
chronize the parallel simulation processes also increases.

1000 +

execution time

100 T T |

processors

Figure 7: Log-log plot of the scalability of parallel Ising
spin for lattice size 128 x 128.
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Figure8: Relativeefficiency of parallel 1sing spinfor lattice
size 128 x 128.

Theinfluence of the number of processors on the synchro-
nization of the parallel smulation processes is further in-
vestigated. With parallel executions up to six processors,
the influence of the increase in temperature is relatively
small, but with eight or more processors, the Time Warp
method requires more timeto synchronize the computation
over the processors. The increased overhead of the Time
Warp method isdirectly apparent from the number of rolled
back events, which increases up to 40%—60%.

From the three parameters determining the parallel
performance—the event granularity, the computa-
tion/communication ratio, and the number of rollbacks—
the number of rollbacks seems the most predominant.
The detailed execution trace shown in Fig. 9 and Fig. 10
exposes that during periods of synchronization, it takes up
to ten seconds to resynchronize the parallel computation
before any progress can be made (each GV T update takes
0.05 seconds in this execution). The event rate is the
number of events that are committed per second, and
in this respect a measure for progress. During normal
operation, the simulation reaches a event rate of 19 000
events per second. In Fig. 9 we can identify four serious
glitches in the event rate, around GVT update period 400,
950, 1150, and 1750. In these periods, the event rate drops
to 10% of the steady state performance (about 2000 events
per second). In particular the period centered around 1750
takes about 10 seconds to resynchronize (see Fig. 10) and
weight heavy upon the parallel performance.

The periods of resynchronization are a typical example of
thrashing, where most of the time is spent on simulation
rollback instead of forward simulation. While one simula-
tion process rolls back, another process advancesin sim-
ulation time. When the rollback is completed, the simu-
lation process restarts with event execution and as a re-
sult sends event messages to neighboring processes. These
event messages arrive in the smulation past of the neigh-
boring processes, and trigger arollback, etc., etc., until the
simulation processes are in synchrony. The thrashing be-
havior is a combination of a number of factors: number of
processors, lattice size, event granularity, and temperature
(synchronization frequency). This behavior is also appar-
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Figure 9: Simulation progress (event rate) during execu-
tion. Parallel Ising spin with lattice size 256 x 256 on 6
processors. The curveis smoothed by taking the exponen-
tial weighted moving average (EWMA), asthe EWMA fol-
lowsthe dynamic behavior accurately and can be efficiently
computed.
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Figure 10: Simulation progress (event rate) during execu-
tion (detail of Fig. 9 between 1600 and 1900).

ent from Fig. 6 for temperature T = 2.0. Although it not
significantly influences the parallel performance, the sud-
den increase in average rollback length for event granular-
ity range 4-10 is an indication of instability.

To shorten these periods of resynchronization, the opti-
mism of the protocol must be throttled, that is, the smula-
tion execution mechanism should not executeeventsthat lie
in the remote future as it is likely that these events have to
berolled back eventualy. In effect, the progressof theindi-
vidual simulation process should beboundto alimited sm-
ulation time window. In thisway, the processes are forced
to synchronize with each other in a short time frame, after
which the simulation can continue as before. The effect of
a simulation time window can be clearly seen in Fig. 11.
For simulation time window 3000, the absolute efficiency
drops abruptly for the event granularity range 4-10, after
which the absolute efficiency figure slowly recovers (see
also Fig. 6). If the optimism is throttled with a simulation
time window of 2000, the absolute efficiency starts below
the results for the time window 3000 in the event granu-
larity range 0-3. However, in the 4-25 range the throttled
simulation with timewindow 2000 performssuperior to the
timewindow 3000 simulation. Afterwards, their resultsare
almost identical. This observation motivates an adaptive

approach that recognizes the periods of resynchronization
and adjusts the simulation time window dynamically, such
that the efficiency isimproved significantly.
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Figure 11: Absolute efficiency for different Virtual Time
windows. Parallel Ising spinwith lattice size 256 x 256 and
T = 2.0 on 6 processors.

5 Conclusions

The application of optimistic parallel discrete event smu-
lation methods such as Time Warp to asynchronouscellular
automataisin potential aviable approach to parallelize the
simulation. However, two essential extensionsto the Time
Warp method have to be included: incremental state sav-
ing and optimism control (throttling). Theresults show that
given afast communication network such as Myrinet, Time
Warp isviablealternativefor parallel smulation. In partic-
ular, low communication latencies are essential to achieve
performance, as the event messages are small.

In order to design and implement effective optimism con-
trol, we will further study the different phases in the dy-
namic behavior of Time Warp. The formulation of sim-
ple though applicable metrics to control the amount of op-
timism in the Time Warp method determines the success of
the mechanism.
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