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Abstract

This paper provides a framework for studying the com-
plex performance interactions in parallel simulation along
three main components: simulation model, parallel simu-
lation strategy/protocol, and execution platform. We pro-
pose a methodology for characterizing the potential paral-
lelism of a simulation model based on analytical modeling
techniques. A clear understanding of the degree of event
parallelism inherent in the simulation problem/model is es-
sential for the simulation practitioners to assess the perfor-
mance benefits of exploiting parallelism before substantial
programming effort is invested in its implementation. Es-
tablishing the baseline event parallelism available in a sim-
ulation model is crucial to the simulation practitioners for
assessing the performance (parallelism) loss that may arise
from the parallel synchronization protocol, and the archi-
tecture of the parallel execution platform used. We analyze
how causality dependency of event affects the performance
of simulation model, and determine the potential event par-
allelism in simulation models.

1 Introduction

Parallel discrete-event simulation (PDES) research in the
past two decades have focussed mainly on the pioneering
works by Chandy and Misra {1] and Jefferson [4]. Based
on the concept of logical process (LP) and the virtual time
paradigm, the two main synchronization protocols are con-
servative and optimistic {3]. A synchronization protocol
ensures that causally related events are processed in times-
tamped order. For a conservative protocol, each LP does
not proceed with the execution of its next event until it
can ascertain that future message with a smaller timestamp
will not occur. In the optimistic protocol, each LP executes
events regardless of the possibility of receiving messages in
their logical past. Performance analysis of parallel simula-

0-7695-0128-1/99 $10.00 © 1999 IEEE

102

teoym@comp.nus.edu.sg

tion is a hard but indispensible issue that must be addressed.
It is important to predict the performance of parallel simu-
lation before a simulationist invests a substantial effort in
developing parallel codes. If the inherent parallelism of
the simulation application is not sufficiently large, it is not
worthwhile to take the parallel simulation approach [8].

Performance analysis of parallel simulation is critical to
the future success and general acceptance of parallel simu-
lation in practice. Many experimental studies on the perfor-
mance of parallel simulation protocols using metrics such
as speedup and the number of events executed per unit time
have been reported [2, 11]. Although these metrics are help-
ful in evaluating the usefulness of a particular simulation
protocol on a given execution platform, these studies do not
reveal whether there is sufficient parallelism in the simula-
tion applications to be exploited before considering sophis-
ticated parallel simulation protocols and parallel execution
platforms.

This paper presents a hierarchical framework for study-
ing parallel stimulation performance from simulation model
to its implementation. Section 2 presents an overview of
related work. Section 3 discusses the main performance in-
teraction components in a parallel simulation. In section 4,
we present our performance analysis methodology for quan-
tifying the degree of available parallelism in a simulation
model. We derive the parallelism of a simulation model us-
ing a divide-and-conquer approach: (a) without considering
causality effect of events by applying operational analysis,
and (b) with causality effect of events using stochastic anal-
ysis. This approach is useful in analyzing large and complex
simulation systems with different degrees of performance
accuracy. Section 5 contains our concluding remarks.

2 Related Work

The notion of critical path [10] has long been used in an-
alyzing the performance of parallel simulation. The critical
path length for a simulation is calculated from the real time



it takes to execute each event, and from the precedences in-
duced among the events by causal dependencies. Research
in critical path analysis can be classified into two major ar-
eas: critical time and super-criticality.

For conservative mechanism, the highest critical time of
any event in a simulation provides a lower bound of the
time it takes to execute a simulation. Critical time can
be computed in two ways: using events trace or space-
time diagram [10, 12}, or by direct instrumentation of
the simulation program [7]. However, critical time can-
not generally provide a lower bound for optimistic sim-
ulation because some optimistic protocols exhibit super-
critical speedup[S, 14]. There are a number of drawbacks
in using critical path analysis (CPA). Firstly, CPA assumes
that an implementation exist for gathering the necessary in-
formation to construct the acyclic dependency graph. This
may not be practical when applying the analysis to predict
the performance of a simulation application before it is de-
veloped. However, CPA may be a suitable tool for tuning
existing simulators. Secondly, CPA uses the run time of
events collected from a sequential simulation run to approx-
imate its event critical time. This may not be representative
for a parallel simulation.

At the preliminary stage of a simulation study, it is prac-
tical to assume that a simulator does not exist for taking
measurements as required by some performing analysis ap-
proaches. Wagner and Lazowska [15] views a PDES ap-
plication as a queueing network. To determine the per-
formance potential for a given simulation model, they pro-
posed an analytical method that is based on the summation
of normalized utilization of independent LPs. The normal-
ized utilization of an LP is obtained by setting the largest
LP utilization to 1 and changing other LP utilizations pro-
portionally. This method is used to obtain an asymptotic up-
per bound of parallelism in a simulation model. However,
when analyzing the performance of a simulation model, we
are also concerned with its performance for different work-
loads. Thus, the asymptotic upper bound on simulation
model parallelism provides an estimate that is too coarse
for most practical cases.

3 Performance Interactions

We divide the performance interactions in a parallel sim-
ulation into three main components. The simulation model
views the system to be simulated as a queueing network
of logical processes (LPs) that communicates by exchang-
ing timestamped messages or events. Each LP models an
entity in the simulation problem. This is the typical simula-
tion model adopted in parallel simulation [4]. The parallel
simulation strategy implements the synchronization proto-
col to ensure that each LP executes events in the timestamp
order. The computational speed of processors, communica-
tion topology and latency, etc. in the execution platform can
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influence the simulation performance. The main aim of this
paper is to predict the inherent parallelism in a simulation
model before its implementation. This is crucial in assess-
ing the suitability of applying parallel simulation technol-
ogy before committing resources for its implementation.

Table 1 contains a list of performance parameters used
in this paper. In parallel processing, typically a parallel
algorithm/program is analyzed to determine its degree of
available parallelism. A common measure of program par-
allelism () is defined as

-

7rToo

N
where T and T,,, are the total time required to execute the
program on one processor and on an infinite number of pro-
cessors, respectively [6].

In the context of parallel simulation, a simulation prob-
lem can be described as a simulation model and event as the
unit of work. Therefore, we can define the parallelism of a
simulation model, 7y, 04¢ as follows,

T;

T, )

Tmodel =
where T is the total time taken required to execute the sim-
ulation application sequentially, and T, is the total time re-
quired to execute the simulation model consisting of n LPs
on n processors. To exploit maximum simulation model
parallelism, we assume that each LP is mapped onto one
processor for execution.

If W; denote the total event execution time on L P;, then

T = Xn:VVz
i=1

Substituting 77 in the equation (2), we have
n
W;
Tmodel = Z -
i=1 Tn

Clearly, % is the utilization for L P;. Therefore,

n
Tmodel = E U;
i=1

where U; denotes the utilization of L P;, and 7, 04.; denotes
the parallelism for a simulation model consisting of n LPs.
Thus, the parallelism of a simulation model can be defined
as the sum of all LP utilizations in the network. This result
is similar to that proposed by Wagner and Lazowska for
describing the parallelism of PDES applications [15].

In a simulation problem, let the job arrival rate be A,
the service rate of the server be pu. The utilization of
the server is U = 2. For a system with k servers, the
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PARAMETER DESCRIPTION
simulation problem | p; routing probability to the ith server
A mean arrival rate of jobs to the ith server (open system)
A sum of \; for V servers
n number of jobs (closed system)
simulation model oi mean execution time of an event at the ith LP
wi mean message arrival rate at the ith LP
causality U; utilization of the ith LP
effect X event throughput of the simulation model (open system)
derived | free Trmodel’ parallelism of the simulation model (open system)
X(n,p) event throughput of the simulation model (closed system)
Tmodel’ (1, p) | parallelism of the simulation model (closed system)
causality P causality factor of simulator
effect T odel parallelism of the simulation model with causality effect

Table 1. Performance Model Parameters

3

parallelism in the simulation problem (mprobtem) is
For a simulation model, let the message arrival rate at each
LP be w, and the LP message processing rate be o, then
the LP utilization is wo. For k LPs, the simulation model
parallelism (7,04¢1) is kwo. Since A and p are application
related parameters, and w and o are simulation model
parameters, the parallelism in a simulation problem and
that of its simulation model may be significantly different
and their relationship has to be established.

4 Parallelism Analysis Methodology

Based on the performance interaction components dis-
cussed, a hierarchical parallelism analysis methodology is
depicted in figure 1. This paper focusses on characterizing

Simulation Model
_— Op 1 Analysis
e topology of LP networks
e routing probability
® causality effects Stoch Model
H
.
PDES Strategy/Protocol | __ < “Critical Path Analysis o
Execution Platform J

Figure 1. Parallelism Analysis Methodology

the parallelism of a simulation model. This metric is in-
dependent of synchronization protocol and execution plat-
form. We consider the effects of LP topology, message rout-
ing probability and causal dependency of events on simula-
tion model parallelism. Extension of this approach to in-
clude performance loss due to the PDES strategy and the
execution platform is beyond the scope of this paper.
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Definition 1. A simulation problem can be viewed as a
graph G(V, E), where the vertex V denotes the servers and
the edge E denotes the connection between servers. A sim-
ulation problem is represented by a function P(}, i, G),
where the vector X denotes the arrival rates at servers, and
the vector /i denotes the service rates.

Definition 2. The simulation model for a given simulation
problem is represented by a function M (X, i, G, &, &). The
vectors & and & are simulation model parameters that de-
note the message arrival rates and the event execution times
at LPs respectively.

To characterize the parallelism of a simulation model and
the causality effect of events, we partition a graph G(V, F)
into a set of subgraphs, S, where S = 5),...,5,,

G = OS,‘
i=1

and each subgraph is separately analyzed. We summarize
the steps to characterize simulation model parallelism as
follow:

o Step 1. Establish the simulation model for a given sim-
ulation problem, i.e. M (X, i, G,d, 7).

Step 2. Consider a simplified simulation model M
called M’, where M’ is a function of G, &, and &,

and evaluate the simplified model M'(G, &, &) analyt-
ically to obtain the model parallelism 7, ge;’ -

Step 3. Partition the model graph G into a set of sub-
graphs S. For each S; € S, analyze the causality factor
(p;) with respect to the parameters of A, &, and S;. The
causality factor (p) quantifies the parallelism loss due
to causal dependency of events in a simulation model.

Step 4. Determine the total causality factor for the
simulation model, i.e. p = f(p1,...,p;), where f



is a function of the partitioning scheme. The method
to determine the function f is left as future work.

e Step 5. Compute the parallelism for a simulation
model, M (X, £, G, &, &) as follows:

’
Tmodel = Tmodel’ X P

We analyze simulation model parallelism without and with
causality effect separately.

4.1 Parallelism Analysis without Causality Effect

This section shows how to derive the parallelism of a
simplified simulation model M, (G, &, &), i.e. without con-
sidering causality effect. Figure 2 shows an abstraction of
an LP consisting of an input queue, an output queue, and
an event execution unit (EEU). The EEU can be viewed as

Figure 2. A Logical Process

a sequential discrete event simulator. We define LP utiliza-
tion as the ratio of time that a EEU is busy processing event
over the simulation duration. Since EEU executes events
sequenﬁal]y and at most one event can be processed by an
EEU at a time, its utilization cannot exceed 1. We con-
sider the effects of LP network topology and message rout-
ing probability that influence the parallelism in simulation
model.

4.1.1 Topology of Simulation Model and Parallelism

For simplicity of analysis, we divide a simulation model
into three basic LP topologies: serial, parallel, and hybrid
(see figure 3). First, we assume that causality error due to
message mis-orders at LPs will not affect the simulation re-
sults. This assumption is valid when the PDES exhibits su-
percritical speedup, and provides a performance bound for
applications where supercriticality exists.

Suppose message flows are uni-directional. In an open
system where the event arrival rate is greater than the ser-
vice rate, event messages are accumulated in the input
queue of LPs. When input queue is full, arriving messages
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may be lost. In our analysis, we assume balanced message
flow, i.e. event service rate is equal or faster than the mes-
sage arrival rate. Applying operational analysis to a serially
connected LP network as shown in figure 3(a), the utiliza-
tion of each LP based on the utilization law [9] is

U; = Xo; )
where throughput (X) is defined as the number of events
executed per second, and o; is the mean event execution
time on L P;. Substituting equation (4) to equation (3), we

have
n n
Tmodel! = E Xoi=X E i
i=1 i=1

For a parallel LP topology shown in figure 3(b), the uti-
lization of each LP is computed as follows:

&)

Ui = piXo; (6)
where p; is the message routing probability to L P;. Using
equation (3), we have

Tmodel’ = Z piXUi @)

=X Z pici
i=1 i=1
A hybrid LP topology (see figure 3(c)) combines the se-
rial and parallel LP networks. Suppose each branch ¢ con-
sists of m; LPs connected linearly and 7, 0q4e7 i denotes its
parallelism. From equation (5), we have

my mi
Tmodel’ i = E piXoi; =piX E gij

&)
j=1 j=1
For the whole network, by applying (7), we get,
n n m; n m;
Tmodel’ = Z = ZP.XZ o= X Zpi oij
i=1 =L g=1 izl j=1
®

Equation (9) shows that the parallelism of an LP model is
a linear function of throughput. In summary, to analyze
an LP network for a given workload we determine the
throughput of the system, and the utilization of each LP.
Summing up all LP utilizations gives the parallelism of
the simulation model without causality effect. In the next
section, we apply the Mean Value Analysis (MVA) [9] to
compute the throughput for a closed LP network.

4.1.2 Effects of Routing Probability

Figure 4 shows a closed queueing network consisting of
three LPs with one fork point and one merge point. Let
o; denote an exponentially distributed random variable that
models the execution time for an event at L P;. For ease of
analysis, we assume that 0y = o2 = 03 = 0. Let p and
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(a) Serial LPs

(b) Parallel LPs
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(c) Hybrid LPs

Figure 3. Basic LP Topologies

Figure 4. An LP Network with Three Servers

(1 — p) denote the routing probabilities from LP; to LP»,
and LP,; to LPs respectively. Let n denote the number of
events executed in the LP network. Using equation (9), we
derive Tyoderr (7, p) for p € [0, 1] as follows:

Wmodel’(lap) =1
2
17 2 = 2 - 5
Wmodel( 1p) X 3—P+P2
3-p+p’
odel’ 3) = 5 a._ . 0.9
Tm del( p) 4_3p+3p2
4—3p+3p?

mo ’4, = 2
mmodet' (4, P) x5—6p+7p2—2p3+p4

. _5—6p+7p? —2p° + p
6 — 10p + 14p? — 8p3 + 4p*

Tmodel’ (5:p) =

71'madel’(syp) =2X
6 — 10p + 14p? — 8p® + 4p*
7 — 15p + 25p? — 21p® + 13p* — 3p® + pb
7rmodel'(7ap) =2x
7 — 15p + 25p% — 21p® + 13p* — 3p° + pb
8 — 21p + 41p — 45p3 + 35p* — 15p° + 5pb
Wmodel’(syp) =2x
8 — 21p + 41p? — 45p3 + 35p* — 15p° + 5p°

9 — 28p + 63p? — 85p° + 81p* — 49p° + 21p® — 4p7 + p®

Figure 5 shows that the simulation model parallelism

Model Parallelism

0 02 04 06 08 1
Routing Probability p

Figure 5. Model Parallelism (7,41’ ) and Rout-
ing Probability (p)

(Tmoder (m, p)) increases as workload (n) increases. The
coefficient of each term is generalized as follows:

constant: al =n+ 1,

pitem: o}, = —(C2),

plitem: a2 =C3+a0_,,

plitem: a3 = —(C} +dl_,),

ptitem: al = CS +a2_5,

where C? represents the combination coefficient

()

The coefficients of a p’ term, for i < n — 1, can be repre-
sented by the following recursive equation:

I

a, = (=1 (CAF' + a3 )
When n = 2k + 2 and k is a non-negative integer
a® =1

n

Let



An(p) =ap +atp+...+ay"'p"!
when n is odd number, and
As(p) =an+arp+...+an PP 4"

when n is even number.
The generalized equation for simulation model paral-
lelism can be expressed as follows: '

An—
nmode,/(n,p) = 2-—T(1(El

10
p) (10

It follows from equation (10) that
Tmodel’ (",P) 2 ,,2'_'*_"—1 ,» and Tpmodelr (nxp) < 2
Therefore,asn — oo, T, o gerr 00— 2.

For a generalized network as depicted in figure 6, and

Figuré 6. A Generalized LP Network

using equation (9), we have

r m q

Tmodel’ (M, p) = Z Ui+ Z Usj + Z Us k

i=1 Jj=1 k=1
=rX(n,p)o +mpX(n,p)o + ¢(1 - p)X(n,p)o
=[r+q+(m—-q)plX(n,p)o (1
Equation (11) shows that routing probability affects the
simulation model parallelism. Since X (n,p)o represents
the utilization of L Py ;, fori = 1...r, we have,
X(n,q)o <1 (12)
Therefore, Tmoget’ (n,p) < [r+ g+ (m — ¢)p] will always

hold, and the throughput

X(n,p) < (13)

Q-

However, for different workloads and routing probabilities
the system will produce different throughputs. Given pa-
rameters r, m, and ¢, the throughput can be computed by
Mean Value Analysis.
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A Case With Causality Effect of Time-stamps

Figure 7. An Example of Causality Effect

4.2 Parallelism Analysis with Causality Effect

Consider two time-stamped message streams (from LP,
and LP,) that arrive at LP, (see figure 7). Within each
stream the messages are in time-stamp order, and the mes-
sages must also be processed in time-stamp order by LP,.
We first assume that the two message arrival streams from
independent Poisson processes, and that the successive
time-stamps in each stream are independent sequences of
Poisson epochs. Consider a snapshot of duration T, LP,
produces a stream of five messages and LP, a stream of
three messages that are routed to LP, for execution. In
the case without considering causality effect, all eight mes-
sages are executed by LP, within the period T (see fig-
ure 7). If causality effect is considered, messages must be
executed according to the time-stamp order resulting in a
lower throughput of six messages. This is similar to the
idealized conservative synchronization scheme without null
messages. To maintain event causality, a message with a
higher time-stamp that arrives earlier is delayed for execu-
tion until all other messages with lower time-stamps arrive.

4.2.1 Feed-Forward Open LP Networks

Shorey and Kumar [13] presented an approach to com-
pute the message throughput for a simulator using a feed-
forward open queueing network example as shown in fig-
ure 8. The queueing model is mapped onto the distributed
simulator with each LP simulating a server. Consider &
Poisson processes that model the message arrival streams
with rates w;, for 1 < ¢ < k, and that the successive
time-stamps in each stream are Poisson epochs with rates
Ai. Assume wi/X;i # wi/A;, where i # j. Let j*
min; ¢i<k(wi/As). The departure process at L P41 com-



Figure 8. A Feed Forward LP Network with
Merging

prises geometrically distributed flows of messages depart-
ing at the arrival epochs of stream j*. The message depar-
ture epochs form a renewal process of rate w; Zf:l Ai, and
the time-stamp process is Poisson with rate Zle Ai. Such
a stream is denoted by (w;-, Aj+, A), where A = Zf___l A

Theorem 1 (Shorey & Kumar [13)). If the processors
of the LPs at the non-leaf nodes have an infinite service rate,
then the departure process of the simulatoris (wj«, Aj«, A)
where j* = arg miny<j<k(w;/A;), and k is the number of
leaf nodes. The throughput of the simulation model with
causality effect taken into consideration is

k
X = (miiluj/)\j) X A (L))
J:

Assuming message flow balance and ignoring causality ef-
fect, the throughput is

(15)

k
X = ij
ji=1
Next, we define the causality factor p as

(minf_; w;/A;) x A

k
Zj:l wj

XI
}—_

p:

where p < 1.

Let m},,4e; denote the simulation model parallelism
when we consider the causality effects of message time-
stamps. The parallelism relationship between =, ;. and
Tmodel’ 1S expressed as follows:

(16)

’
Tmodel = P X Tmodel’

Discussion 1.
Assume k homogeneous LPs with message arrival rates
W1 = wg = ...wk, €vent execution time 6y = 02 = ...0%,
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and job arrival rates in the simulation problem A\, = A, =
... = Ax. We have

(minf_; wj/A) X T A
k

Zj:le

wj/)\j X /\j X k _

k x Wj -

Pk

1

and

k
E Wi X Og41

k
Y —
Tmodet = 1 X Z(wj x aj) +
j=1 j=1

=k xw X (0’1 + 0'k+1) (17)

Therefore, the model parallelism is linearly related to the
number of LPs before the merge point.
Discussion 2.

To vary the workload in the simulation problem, we
change the job arrival rates );. Based on the same assump-
tions in “discussion 17, thus p = 1. Therefore, the model
parallelism remains constant, i.e. model parallelism is inde-
pendent of the job arrival rates in the problem.

Discussion 3.

Varying the messsage arrival rates w;, the model paral-
lelism is linearly related to the message arrival rates. This
observation is valid when the message arrival rate is less
than the event execution rates of LPs, i.e. w; < 1/c;.

4.2.2 LP Network with Split-then-Merge

We replace the k Poisson job generator processes with a sin-
gle Poisson process with rate A as shown in figure 9. The

()
:>*
()

Figure 9. An LP Network with Split-then-
merge

message arrival rate (w) is splitted to feed k LPs with equal
probability. Messages that depart from these k£ LPs are
merged as they arrived at L Pi4;. Assuming a job flow bal-
ance system, we show that message throughput of L Px 4, is
equal to w.

Since the message flow at splitting point is w, the mes-
sage flow to feed LP; will be p;. Assume that job flow at



the same point has the same splitting phenomenon. The job
flow to feed the server which is represented by LP; is p; A.
Since the LP model is job flow balanced, we assume that
the service rate at LP; (fori = 1...k) is large enough, the
message throughputs of LP; is wp;. The job throughput of
each server in the simulated system, which corresponds to
LP; is Ap;. Therefore, we get k message flows merged to
feed LPg4;. According to theorem 1, the throughput for

LPeyy is
mip{ 2}

{w/A}xA=w (18)

This implies that the message throughput of LP,; is the
same as the message arrival rate at the splitting point. In this
case we have p = 1, i.e. the causality effect of of message
time-stamps does not influence the event parallelism of the
LPs network.

k
X

5 Conclusions

We focus on characterizing simulation model parallelism
to provide simulation practitioners with an estimate of the
performance potential of a simulation application before
substantial efforts are invested in its implementation. The
proposed parallelism metric is independent of synchroniza-
tion protocol and execution platform, and measures the
event parallelism inherent in the simulation model. It pro-
vides a useful upper bound on exploitable event parallelism
for assessing the performance loss due to synchronization
protocol and the execution platform used. For example, if
the synchronization protocol used does not exploit all the
inherent parallelism in the model, the exploited event par-
allelism will be smaller, and their difference indicates the
performance improvement achievable.

The analysis of parallelism potential of PDES model
was carried out in two steps. We simplify the model
by ignoring the causality effect. By applying classical
performance analysis such as operational laws and the
mean value analysis, we obtain an upper parallelism bound.
This bound is also applicable to PDES applications that
exhibit supercritial speedup. Next, we apply the results
of open queueing network from [13] to show how the
causality effects of time-stamps influence the parallelism
of the model. We show that in a LP network with a
split-then-merge topology, causality effect does not have
a significant impact on model parallelism. Extension of
this parallelism framework to include sychronization proto-
col and execution platform are discussed in a separate paper.
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