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Abstract
The unthrottled optimism underlying the Time
Warp (TW) parallel simulation protocol can lead to
excessive aggressiveness in memory consumption due
to saving state histories, and waste of CPU cycles
due to overoptimistically progressing simulations that
eventually have to be “rolled back”. Furthermore, in
TW simulations erecuting in distributed memory en-
wironments, the communication overhead induced by
the rollback mechanism can cause pathological overall
stmulation performance. In this work direct optimism
control mechanisms are used to overcome these short-
comings by probabilistically controlling simulation pro-
gression based on the forecasted time stamp of forth-
coming messages. Several forecast methods are pre-
sented and their performance is compared for very
large Petri net simulation models erecuted with the

TW protocol on the Meiko CS-2.

1 Introduction

For the quantitative analysis of timed Petri net
models representing realistically sized physical time
dynamic systems, traditional evaluation techniques
like analysis or sequential discrete event simulation
tend to become practically intractable. To be able
to cope with very large models, parallel (distributed)
simulation mechanisms are demanded and parallel
simulation software tools are necessary for the mas-
sively parallel execution of such models.

A variety of approaches has been followed in the
literature to adopt standard parallel and distributed
simulation techniques to the concurrent execution
of timed Petri nets [9]. Parallel simulation strate-
gies either exploit algebraic properties of timed tran-
sition firing semantics [1], or the synchronism of
time progression in Petri nets with discrete timing,
yielding massively parallel simulators dedicated to
SIMD execution. Distributed simulation approaches
involve the spatial decomposition of Petri nets and
the asynchronous parallel execution of submodels by
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so called logical processes (LPs). LP simulations
of Petri nets have been developed along conserva-
tive Chandy/Misra/Bryant (CMB), as well as along
the optimistic Time Warp (TW) intra-LP causality
preservation protocols [11]. CMB protocols execute in
each LP events that occure in the respective submodel
in nondecreasing order of their occurrence timestamp,
while strictly preventing from the possibility of any
event causality violation across LPs. Such protocols
have been adopted for the concurrent execution of
Petri nets in [19, 17, 5, 6]. The primary motivation for
TW protocols is that events which occure in different
LPs — irrespective of their occurrence time stamp —
might not affect one another, thus giving rise to their
parallel, out-of-timestamp-order execution. This view
has lead to TW based Petri net simulators [5].

While letting causality errors occur, TW employs
a rollback mechanism to recover from causality vi-
olations immediately upon or after their detection.
The rollback procedure in turn relies on the recon-
structability of past states which can be guaranteed
by a systematic state saving policy and correspond-
ing state reconstruction procedures, causing respective
overheads. More than that can TW suffer from com-
munication overheads to a threatening extent: In sit-
uations where event occurrences are highly dispersed
in space and time, rollback invocations can recursively
involve long cascades of LPs which will eventually ter-
minate. An excessive amount of local and remote state
restoration computations is the consequence of the an-
nihilation of effects that have been diffused widely in
space and too far ahead in simulated time, consum-
ing considerable amounts of computational, memory
and communication resources while not contributing
to the simulation as such. This pathological behavior
is basically due to the “unlimited” optimism assump-
tion underlying TW, and has often been referred to as
rollback thrashing. Techniques to adaptively, i.e. ac-
cording to the parallelism inherent in the simulation
model, avoid these overheads are the matter of inves-
tigation in this work.

Outline This paper, after presenting related work on
optimism control in TW (Section 2), recalls the adap-



Simulation Engine(i) {

sl iel=initial(simulator, model, forecast method);
while(ie=nextie(iel)) chronological insert(ie, EVL);
log_new_state();
s2 while (GVT < ENDTIME || GVT_term) {
s3  while (m=read.next_input_buffer message()) {
#if THROTTLED
84 if (positive(m)) update_statistics(m);
F#endif
sb if (ts(m) < LVT) process_Straggler(m);
s6 if ('remove_dual(m,IQ)) insert(m,IQ);
#if THROTTLED
s7 estimate(LVTW, confidence);
s8 if (get_time first EVL _or_1Q() > LVTW)
89 if (random() < confidence)
delay(AVE_EVENT_PROC_TIME);continue;
#endif
s10 advance_.GVT(); fossil_collection();
s11 if (memory_used > MEMORY_LIMIT) continue;
s12 e = getfirst EVL_or IQ();
if (¢) process_event(e);
s13  fill.OB(0OQ);

send _out_contents(OB);

sl4analyse_stack(); clean_up();

}

Figure 1: Throttled Time Warp Simulation Engine

tive throttling strategy based on statistical arrival pro-
cess analysis and message time stamp prediction. In
Section 3 a collection of such analysis methods is de-
veloped at different levels of sophistication and with
increasing computational complexity. In a case study
in Section 4, the performance sensitivity of these fore-
cast methods is evaluated with a very large Petri net
business process model. Conclusions are drawn in Sec-
tion 5.

2 Adaptive Optimism Control in TW

Several approaches have been followed in the lit-
erature to limit the optimism of TW. The Adaptive
Time Warp (ATW) protocol [2] allows the execution
of events e with time stamp ¢(e) only ift(e) € [¢,t+A),
where A is adapted dynamically according to the num-
ber of lc constraint violations in the past. In [12] a
protocol is proposed that temporarily blocks an LP
if a potential straggler messages (that would induce
rollback) is anticipated. The Local Adaptive Proto-
col (LAP) [15] in much the same way uses statisti-
cal information from observing the simulation perfor-
mance on the fly to dynamically adjust optimism con-
trol parameters. An explicit cost function to deter-
mine whether it is more “cost effective” to execute
an arriving message instantaneously despite rollback
hazard, or to delay its execution to avoid potential
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process_Straggler(m) {
rl dual=dual_exists(m,IQ);
r2 if {(positive(m)&& !dual) | | (negative(m)&& dual))

13
rd

LVT=restore_earliest_state before(ts(m));
ant_evl=generate_antimessages(LVT);
while(ee=next_ee(ant_evl))
chronological insert(ee,0Q);
}

}

process_event(e) {
el new._ev, pre_evl, ext_evl =modified by_e(e);
while(ie=next_internal_e(new_evl))
chronological insert(ie, EVL);
while(ie=next_preempted_int_e(pre_evl))
remove_event(ie, EVL);
LVT = ts(e);lognew_state();
while(ee=next_external_e(ext_evl))
if ({dual_update(ee,0Q))
chronological insert(ee,0Q);

e2

e3
ed

eb
}

Figure 2: Rollback Procedure and Event Processing

rollback/antimessages is reported in [13]. A combi-
nation of controlling optimism, and an automatic ad-
justment of the amount of memory required in TW
is approached in the Adaptive Memory Management
(AMM) scheme [7]. All these protocols use statistical
data that reflects the central tendency (e.g. average in-
crease of local virtual time and average (real and simu-
lated) message interarrival time in LAP; average com-
mitment rate in AMM) to determine parameters for
optimism control in TW. However, optimism control
based on averages is not promising when simulation
models incur “phases” of different LP synchronization
behavior, where reactiveness and an automatic read-
justment of dynamically evolving changes in the sim-
ulation workload control parameters from “phase” to
“phase” is desired.

In [10], we have developed an LP synchronization
protocol which throttles the TW optimism probabilis-
tically. (A sketch of the protocol is given in Figure 1,
with conditional compile directives for the throttled
version of the TW protocol.) The adaptive scheme,
as opposed to CMB which would block the CPU if
there is the chance of a message with a time stamp in
the past (straggler message) arriving at the LP, and
opposed to TW which would optimistically progress
LVT even if the chance for receiving a straggler mes-
sage is very high, executes scheduled process elements
based on the probability of not receiving a straggler
(see [10] for detailed presentation of the adaptive pro-
tocol). This approach reduces the waste of CPU cy-
cles due to blocking in CMB, while at the same time



reducing the communication cost caused by annihila-
tion messages in case of rollback in TW. Technically,
the degree of “optimism” underlying TW is regulated
according to hypotheses that LPs are establishing dur-
ing simulation on the amount of available model par-
allelism as observed from the time stamps carried by
arriving messages. With the help of a forecast for
the forthcoming message, the “aggressiveness” of TW
is adaptively throttled to that point in the spectrum
between unlimited optimism and extreme pessimism,
that is the best compromise for the a particular Petri
net model.

Specifically the adaptive TW protocol operates as
follows: Assume the time stamp of the forthcoming
message m;41 to arrive at LP; to be t(m;41), and the
current instant of LVT to be LVT;. TW with un-
throttled optimism would execute any event e sched-
uled for occurrence, irrespective of its occurrence time
ot(e). Assuming t(m;41) is equally likely in [s,¢], TW
will have to enforce rollback for any e with ot(e) >
t. Clearly, the induced roliback(s) and communica-
tion overhead for sending annihilation messages could
have been avoided. In the adaptive protocol, the
time stamps of arriving messages (¢(mn—i-1),t(mn_;),

..t(m;)) are statistically analyzed to forecast t(m;y1)
as t(m;41). Assuming the confidence in the forecast
to be (1 — @), then an event e scheduled with ot(e) is
executed with probability

1
_(LVT"/'\("‘: 1))’
1+ e S{1—&)100

Plezecute e] = 1 —

otherwise its execution is delayed (the CPU is
blocked) for € time units where ¢ is the average CPU
time required to simulate one process element execu-
tion. {Note that the higher the confidence level (1~a),
the steeper is the ascent of the delay probablhty as
LVT progresses towards t) After LVT progression
has surpassed the estimate t, delays become more and
more probable, expressing the increasing rollback haz-
ard the LP runs into. A general observation is that
with (1 ~ a) = 1, throttling yields a synchronization
behavior close to CMB, whereas with (1 — o) =~ 0,
optimism is as unlimited as in TW [10].

A critical issue with the adaptive protocol is the
way in which #(m,4,) is computed: forecasts based on
the central moment of the arrival history will cause
less computational overhead, but may generate inad-
equate predictions, whereas methods based on a time
series analysis giving better predictions can become
excessive in memory and CPU cycle consumption.

Through the rest of this paper we shall investigate a
varlety of methods for computing #(m;41) = t(m;) +

A(8y,82,...6,) from the observed token time stamp
differences & = t(Mi—ntk) — t{Mi—ntk—1)
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3 Prediciting Time Stamps

It is obvious that the overall performance of adap-
tive throttling in TW with the approach presented
above 1s reliant on the quality of the predictor ¢ and
the confidence o = ((f) in the predictor. This qual-
ity is in turn influenced by the amount of information
available for forecasting, i.e. the size of the observa-
tion window n maintained for each input channel in
every LP, as well as the choice of the forecast proce-
dure. Generally, the larger n, the more information on
the arrival history is available in the statistical sense.
Considering much of the arrival history will at least
theoretically give a higher prediction precision but will
also consume more memory space. Intuitively, com-
plex forecast methods could give “better” predictions
than trivial ones, but are liable to intrude on the simu-
lation engine with an unacceptable amount of compu-
tational resource consumption. Therefore, incremen-
tal forecast methods of low memory complexity are
recommended, i.e. procedures where ¢(m;;2) can be
computed from the previous forecast #(m;;1) and the
actual observation t(m;41) in O(c) instead of O(cn)
time.

3.1 Central Tendency Forecasts
3.1.1 Arithmetic Mean based Forecasting

A trivial forecast for t(m,+1) is the one that uses
the anthmetlc mean of time increments A = 5, with
(=1~ %, where s is the empirical standard devi-
ation of 61,62, ...6p. Both 6 and s can be computed
incrementally, i.e. given d, and s, after n messages.
Upon a new arrival carrying a time increment &, , the
new d,41 and s,41 are computed as

= (nby + Gny1)/(n + 1). (1)

n+1
d 1 n . n 5_2 —(52
g Y (6 ) = L aly
i=1
n+1
3Si+1 = n (52n+1’5n+1) (3)

The main advantage of using the arithmetic mean as a
forecast is its incremental computation involving O(1)
operations. (Note that for the incremental computa-
tion of 52 also 62 needs to be computed incrementally.)
A potential disadvantage appears when the distribu-
tion of §; is skewed —the prediction would then ei-
ther consistently over- or underestimate the next to-
ken time. In this case a forecast based on the median
appears more appropriate.

3.1.2 Median based Forecasting

Median computation involves sorting the vector of ob-
served message time increments. The forthcoming



message time is predicted to be ¢ = t, + A, where
A is the median of the time increments. Let X con-
tain the sorted vector (81,6z...6,)}, the median (or 50
% quantile g 50} is defined as:

Me(X) _ X[%], if n=odd (4)

1 o
2(X[%] + X[_g_+1]), if n = even

The primary advantage of the median is its property
of the smallest possible deviation:

STIX] = Me(X)) £ 1X[ — e Ve € R,
i=1 =1

and its robustness against outliers in the arrival
stream. Instead of the standard deviation, the in-
terquantile range (g.70 — ¢.25) could also be used to
determine the confidence. The disadvantage of the
median is that it prohibits an incremental computa-
tion, causing an O{log(n)) sorting effort in each step.

3.1.3 Exponential Smoothing

Ezxponential smoothing is a method to remove seasonal
trends from time series and allows for a weighting of
the more recent history over the less recent history
or vice versa. Here A is a weighted moving average
of ég,dp1,..., with weights decreasing exponentially
on the weighting factor « € (0, 1), incrementally com-
puted as:

Apsr = by + (1 — a)Ay (5)

To approximate the arrival process as “smooth” as

Figure 3: Effect of Exponential Smoothing.

possible, o needs to be chosen so as to minimize the
residuals:

min Y _ | — Ag(e)]

0<a<l1

Practically this minimum is approximated by comput-
ing the sum of residuals for ¢ * 10 different values of
o within the interval [0, 1] after every n‘" incoming
message.

Figure 3 shows a sample arrival process X and the
effect of varying smoothing parameters o = 0.05, o =
0.2, and o = 0.637. In the particular example, the
parameter o = 0.637 minimizes the residuals exposed
by X.

3.2 Time Series Forecasting

In cases where the arrival process {41, dz,...8,) ex-
hibits trends and seasonal behavior, the previous fore-
cast methods are prone to pathological behavior due
to repeated over- and underestimation of the forth-
coming message time stamp. To cope with arrivals
that exhibit phases and/or trends, the identification
the time series underlying the arrival process is im-
portant. Forecasts based on such time series models
will involve significantly higher computational com-
plexity, but will deliver more robust forecasts. The
technical details for describing the time stamp incre-
ment process as an unknown stochastic process, i.e.
considering (d1,d2,...,6,) as realizations of random
variables X;,t € T are given in Appendix A.

3.3 Kalmanfilter Forecasting

Yet another approach for estimating the time
stamps of forthcoming messages is to use a Kalman-
filter model, which (as an improvement) supports a
recursive forecast procedure (Appendix B). Still both,
the forecast methods based on time series analysis and
the Kalmanfilter approach suffer from the very com-
plex computation, which can potentially overwhelm
the gain of adaptive rollback prevention. On the other
hand can both approaches provably recognize corre-
lated arrivals and achieve a better prediction precision
than methods based on central moments. In the fol-
lowing case study we shall evaluate the potentials of
all of these methods as applied to the distributed TW
simulation of very large timed Petri net models.

4 Case Study
4.1 Sensitivity of Adaptive Methods

To investigate the performance sensitivity of adap-
tive methods, timed Petri net models describing the
document flow in a very large business organization
were chosen (more than 1 M documents, more than
60 offices). To avoid presenting the full complexity of
the models in this paper, we just present a simplified
abstraction as shown in Figure 4. In this abstrac-
tion, the documents flowing into a work area (office)
are represented by tokens arriving at a place Pi,. A
transition T..; propagates documents to other offices
{regions), or routes them to the appropriate places of
execution within that work area, i.e. region. In the
experiments we study an office system consisting of
64 offices, connected to each other by the arcs orig-
inating from respective 77.,s, and discharging into



P, place n of Ty in

causes a document (token in the Petri net
be transferred to the successor region R;. If R; and
R; are assigned to different LPs assigned to differ-
ent processors, the TW protocol generates and sends
a message for each document flowing from R; to R;,
whereas documents flowing within one region are local
and do not invoke any message sending. See [14] for a
more detailed description of the kind of models inves-
tigated. To introduce sufficient variation with respect

Q Teo the
e A A

O
5
(o)

23

(R

i+l)
Figure 4: Petri net region of a Document Flow System

to model behaviors, we examine transitions T adher-
ing to the race firing policy and three different kinds
of enabling time 7: (i) exponential (7(T;) ~ exp(Ai)),
(#) deterministic (7(T;) = (1/X;)) and (i#) mixed
(T(T3) ~ (4/Xi + exp(Ni))).

For the analysis of the TW sensitivity using the
above model, the following parameters were consid-
ered:

e Number of Available Processors: With an
increasing number of processors, more and more
inherent model parallelism may be exploited but
interprocessor communication costs also rise. At
some point communication costs are expected to
dominate over useful simulation work.

e Initial Token Count: The larger the number
of tokens in one region (i.e. initial tokens in P;y,),
the larger the model parallelism, i.e. the number
of possible concurrent process element executions.
However, as the number of tokens in the region
increases, so does also the number of events which
must be managed by the simulation engine.

¢ Token Flow Rate among Regions: By ad-
justing the ratio of the firing rates Ajnt @ Aest,
it is possible to simulate the behavior of regions
with varying degrees of “locality”, i.e. a large
int : Aegt Tatio simulates a model where the ma-
jority of the simulation steps (i.e. process execu-
tion) affect only processes within the LP’s own
partition whereas a small ratio causes increased
communication overheads. We shall refer to the
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o Forecast Method: We use all the forecast meth-
ods to estimate the arrival time of the next mes-
sage as described above.

¢ Throttling Delay: We consider three cases to
delay the execution of a scheduled event. In the
first case, once the simulator decides not to ex-
ecute the next event, control just loops back to
the reading the input buffers section, thus implic-
itly delaying its execution. In the two other cases
the simulation is explicitly delayed for a certain
amount of time: the delay is either set to the
amount of CPU time used to execute one event
on average, or the amount of CPU time used to
execute one event at maximum.

All the experiments reported in the rest of this pa-
per were obtained from a significant number of execu-
tion runs on a 134 node Meiko CS-2.

4.2 TW with implicit Throttling

In the first set of experiments, the performance of
TW with implicit throttling delays was investigated
for N = 2°,... N® processors of the CS-2, each simu-
lating 64/N regions of the kind in Figure 4. All the
transitions in all the regions had exponential enabling
delays. As a performance measure the classical “event
rate” was translated into a metric called the “acceler-
ation factor”, which stands for the total number of
committed transition firings per processor per unit
time (transition firings that do not contribute useful
simulation work, i.e. are subject to annihilation in
a rollback situation are not counted). Figure 5 com-
pares the acceleration factor for an internal/external
event ratio of 1 to 10000. It is seen that for a large
number of initial tokens the simulation engines using
adaptive methods are able to execute 15 % more tran-
sition firings (events) than a simulation engine using
plain TW, given a sufficiently large token population.
In cases with a low number of initial tokens, however,
plain TW performs better than adaptive TW. Almost
irrespective of the simulation protocol, if there are
less initial tokens, simulation engines have less sim-
ulation work: the average length of the event list EVL
is shorter, and therefore state saving and possible roll-
backs are performed faster. In our model with 32
processors the average event processing and state sav-
ing time is 3981psec for 1024 documents (tokens) and
2872pusec for 64 documents. The average rollback time
decreases from 105153 usec to 1024pusec.

For an analysis of the gain of the adaptive mech-
anisms we express the relation between the costs for
rollbacks and the forecast method as

N N’
Ztn,Rollback(TW) > Z tn' Roliback(Method) +

n=0 n'=0
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M I
+ Z tm,Update + Zti,EstimateMethoda (6)
m=0 $=0

where N is the number of rollbacks in plain TW,
tn,Rollback(Tw) 1s the time for performing the nt? roll-
back, N’ and t:l,)m”back(Method) are the paramecters
for TW with a forecast method. M is the number of
external positive messages and I is the number of esti-
mate function calls. Under normal conditions we can
say, that M > N and > M. The adaptive methods
perform better (only) if the aggregated times on the
right side of equation (6) are smaller than the sum
of the rollback times in plain TW. In our examples
this seems to be the case at a “token load” of 512 and
higher. Otherwise the computational forecast over-
head dominates the gain.

™

TW+Mean ™ TW+Mean

Figure 6: Token Load: 1024 (left), 64 (rigth)

Figure 6 shows a comparison of the aggregated costs

of rollbacks and calls of the forecast function for sub-
nets with an internal/external event ratio of 1 and
1024 tokens (left) and 64 tokens (right), mapped on
32 processors, using plain TW and TW with arith-
metic mean forecast. Both cases reveal a reduction of
the rollback cost. The additional calls of the forecast
function in the loaded system are overwhelmed by the
gain with respect to rollbacks. In the case with 64
initial tokens, however, the CPU time of the estimate
function calls is much larger than the rollback cost
reduction.

Internal/External Event Ratio: 10000.0

Q.16
0.14 ™W — 3
TW+Mean -+
012 b TW+Median = 1
TW+Smoothing

Acceleration over TW

.

512

256
Number of Tokens

64 128

1024

Figure 7: Adaptive Throttling Performance Gain

A comparison of the relative accelerations as in-
duced by the various forecast strategies (for the par-
ticular case of Ain:/Aerr = 10K executing on 32 nodes
of the CS-2) is summarized in Figure 7.
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A second group of experiments considered deter-
ministic transition timing. Because of thé symmetric
nature of the model its deterministic timing, the time
gap between the local virtual time and the global vir-
tual time within each LP appeared to be comparably
small. In other words, the probability of a roliback is
small in this cases, and rollback costs are much lower
than with transitions with exponentially distributed
enablings. The average time needed to perform a
roltback on 32 processors decreases from = 7msec
to & 2msec (The simulation of one event still needs
about 3msec.). The cost induced by the larger num-
ber of estimate function calls (each about 140pusec on
32 processors), exceeded the gain in rollback perfor-
mance, and a 7 % performance degrade over TW was
observed. Finally, when transition timing was mixed,
the performance gap between TW and the adaptive
methods was not sifgnificant.

4.3 TW with explicit Throttling

The previous section demonstrated that TW could
be accelerated by just starting a new loop (continue
in step s9, Figure 1), instead of simulating every event
immediately. This new start of the loop already rep-
resents an implicit throttle, with a delay depending
on the number of received messages. (An additional
bonus of this stratgy is the possibility to detect strag-
glers earlier, since the input buffers are polled more
frequently.)

Another variation of throttling is to explicitly de-
lay the execution of events in step s9 of the adaptive
TW engine (Figure 1). Figure 8 shows the acceler-
ation gained when the CPU is delayed by 3000usec
in step 89, before starting a new loop (Note that aver-
age event processing time varies between 2000usec and
4000usec, depending on the internal/external event
ratio and the token load). Explicitly delaying yields
an additional acceleration over TW (as in Figure 5,
first row), but (slightly) degrades performance over
the implicit throttling approach. An intuitive sugges-
tion for the issue of finding an “appropriate” delay
value is to adapt the explicit throttle to the load of an
LP, since with a fixed explicit throttle, the blocking
time is always either too short or too long. Experi-
ments with a dynamic, periodic readjustments of the
delay times (after n = 1, 10, 100 transition firings) are
also reported in Figure 8 (second row). Again, the
acceleration for a high token load is little better than
for plain TW, but still worse than the acceleration in
the case of implicit throttling.

In conclusion, for the explicit throttling approach
we can thus say that for the particular type of sim-
ulation models, and the target execution platform, it
is more important to poll the input buffers for strag-
glers more frequently, i.e. to detect potential rollbacks
earlier, than to idle for possibie future stragglers.

211

5 Conclusions

We have extended the standard Time Warp parallel
simulation technique by introducing an adaptive opti-
mism control mechanism for the parallel simulation of
spatially decomposed timed Petri nets. Our simula-
tion engine, by temporarily blocking the processing of
local transition firings, avoids the generation and send-
out of token messages in states for which it is likely
that they will have to be “rolled back”. A statistical
analysis of the token message arrival history is used
to make forecasts for the timestamps of future tokens,
thus enabling every logical process to adapt its local
synchronization behavior to the most efficient strategy
with respect to the anticipated future.

Two classes of forecast methods were studied:

¢ For estimates based on (weighted) means, efficient
(incremental) procedures can be implemented for
next message timestamp forecast, causing negli-
gible or minor intrusion on the simulation engine.
Those methods (arithmetic mean, median and ex-
ponential smoothing), while improving TW per-
formance significantly in the absence of trends
and seasons in the arrival process, cannot cope
well with nonstationary arrivals.

o At the cost of higher computational complexity,
more sophisticated forecast methods with a much
higher prediction precision in the case of periodic
or seasonal {correlated) channel time increments
can be used. We have proposed a time series
analysis of the token time increments, and have
developed forecast methods based on autoregres-
sive moving average models and on Kalmanfilters.
This approach can even further accelerate TW
for “loaded” systems, i.e. where the message load
is comparably high. It can, however, also tend
to slow down TW in case there are not enough
messages circulating among LPs, such that either
no statistical significance can be achieved for the
established forecast model, or the computational
complexity of the model building and forecasting
overwhelms the overall execution time gain.

For the parallel TW simulation of very large Petri
net models we achieve convincing performance im-
provements, €.g. a 2560 to 300 fold acceleration of the
overall execution speed using 32 processors on the
Meiko CS-2 multiprocessor as compared to executing
the same model (using TW) on a single node. This
effect mainly results from the decomposition of the
Petri net model into smaller submodels which reduces
memory access overhead at quadratic order. For Petri
net models with high token populations, the adaptive
protocols can further accelerate execution speed. Em-
pirical evidence has been derived for the sensitivity
of adaptive protocols to both the token load and the
model timing,.
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Figure 8: Document Model with an Internal/External Event Ratio of 10000
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Appendix A: Time Series Forecasting

This Appendix gives the statistical and algorithmic de-
tails for timestamp forecasting based on the considera-
tion of (81,02,...,0,) as realizations of random variables
tht E T-

Generally when analyzing time series, a first insight into
the dependencies among random variables is gained from
covariance analysis. We briefly recall: If {X;,t € T} is a
process such that Var(X;) < oo for each t € T, then the
autocovariance function v (-, ) of {X:} is defined by

Yz(r, 8) = Cov( X, X¢), (7)

r,s €T.

The process {X:,t € Z}, with index set Z
{0,£1, £2,...}, is said to be stationary if

@)
)

(141)  vz(r, s)

E|X.|?
EX:

Vte Z,
vte Z,

A

o0
m

Ye(r +t,s+¢) VrstelZ.

If {X:,t € Z} is stationary, then v,(r, 8) = v2(r — 5,0) for
all r, s, € Z. 1t is therefore convenient to redefine the auto-
covariance function of a stationary process as the function
of just one variable.

vz(h) = v2(h,0) = Cov(Xesnr, X:) t,he Z. (8)
The function vz(-) will be referred to as the autocovari-
ance function of {X:} and vz (h) as its value at "lag” h.
The autocorrelation function (acf) of {X.} is defined
analogously as the function whose value at lag h is [4]

p(h) = v2(R)/72(0) = Corr(Xiqnr, X¢) ttheZ. (9)

If y(-) is the autocovariance function of a stationary pro-

cess {Xi,t € Z}, then

v(0) > 0, (10)
lv(h)] < 7(0) Vh € Z and (11)
v(h) = +v(-h) VheZ. (12)

From the observation {z1,%z,...,2n} of a stationary time
series {X;} we have to estimate the autocovariance func-
tion ~(-) of the underlying process {X:} to be able to con-
struct an appropriate model for the message arrival pat-
tern. The estimate of ¥(-) which we shall use is the sample
autocovariance function.
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Definition A.1 The sample autocovariance function of

{z1,22,...,2n} is defined [4]
n~h
i) = 23 (@pen —Das~2),  0<h<n (13)
J=1

and ¥(h) = #(—h), ~n < h < 0, where T is the sample

mean T =n"'Y " z;.

3=1

The divisor n is used rather than (n — h) since this en-
sures that the matrix I', = [%(i — 7)]7;=; is non-negative
definite. In the future we will only consider centered time
series {X:} (Z = 0) (i.e. transformed with respect to the
series mean z; = &; — u). The partial autocorrelation
(pacf), like the autocorrelation function, expresses essen-
tial information about the dependence structure of the sta-
tionary process. The partial autocorrelation a(k) at lag k
may be regarded as the correlation between X; and Xi41,
after removing the effect of the intervening observation
X2,..., Xk. The pacf is obtained from [4]:

p(0)  p(1) p(k =1)] [dr
p(1)  p(2) ---p(k—2)] |dk2

p(1)
_1e(2)

p(k = ok —2)-- p(0) | [owe]  Lo(k)

The partial autocorrelation a(k) of {X.} at lag k is a(k) =
drr for k > 1. where ¢ry 1s uniquely determined by equa-
tion 14.

Stationary ARMA Processes

Since the 1970 work by Box and Jenkins [3] autoregressive
moving average (ARMA) models have become popular and
important tool in the modeling and forecasting of time
series data.

Definition A.2 (The ARMA(p, q) Process) The pro-
cess {X:,t = 0,%1,%2,...} is said to be an ARMA(p,q)
process if {X:} is stationary and for every t,

Xt"¢1Xt—1"' ‘ "‘¢pXt-p = Zc—elzt.q—' .- qut—-q (15)
where {Z:} ~ WN(0,0?).

Using the backward shift operator, the equation (15) can
be written in the more compact form

&(B)X: = 0(B)Z:, t=0,+1,£2,..., (16}
where ¢ and @ are polynomials at degree p and ¢ respec-
tively:

o) = 1~d1z~...—¢pz” (17)
() = 1+8:iz+...+ 8427, (18)

and the backward shift operator B is defined by
B X: = X;—;, j=0,41,%2,... (19)

A process is called an moving average process of order g

(denoted as MA(g)), if ¢(2) = 1:

X, = 8(B)Z: (20)



T X(0=0.72(t-1) -0.2Z(1-2) + WN(0,1)

Figure 9: (a) An Moving Average (MA(2)) Process
and (b) an Autoregressive (AR(2)) Process
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Figure 10: Autocorrelation of (a} an MA(2)-Process
and (b) an AR(2) Process

A realization of {Xi,...,Xe} of an MA(2) X, =
0.7Z¢w1 —0.2Z4—o + WN(0, 1) is show in Figure 9a.

A process is called an autoregressive process of order p
(denoted as AR(p)), if 8(z) = 1:

¢(B)Xe = Zt. (21)

As an example, a realization {X1,...,Xs0} of an AR(2)
X =09X;—; —0.2X—2 + WN(0, 1) is show in Figure 9b.

It can be shown that for every model (15) a represen-
tation exists as either an infinite AR (AR(0)), or an
infinite MA (MA(o0)) process. The model can be writ-
ten either as

o
}: X, —j=n(B)X, = Z, (22)
7=0
or as
Xe= Y 9,Zimy = $(B)Ze (23)
J=0
10¢
1,0 ¢ 08‘ .
N 06 -
05+ '. 04~ .
; . 02+ &
0,0' "; ° Yy ‘\‘ 00 t——2—6—4¢—9—0—90—0—2
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Figure 11: Partial Autocorrelation of (a) an MA(2)-
Process and (b) an AR(2) Process

Where

oo

n(z) =Y ma’ = (2)/6(2) <1 (24)
¥(z) = Z%z = 8(z)/(2) z]<1  (25)

are an mﬁnlte series of constants {n} ({¢}) such that

oo lmsl (3252 Is]) < oo

Prediction of Stationary Processes

The idea to predict the values {X;, ¢ > n + 1} of a station-
ary time stamp increment process based on {X1,...,Xn}
is to use the observations of this process made so far.
Besides the direct computation of the predictors, where
a large system of linear equations has to be solved [4],
a recursive method exists for the one-step predictors
Xn+1,n > 1. Given the observations from a zero-mean
stationary time series, with ¥(0) > 0, we can fit an au-
toregressive process of order m < n to the data using the
Durbin-Levinson algorithm. The fitted AR(m) process in
this case is
Xt - d’let—l Teee ¢mth—m =Zt {Zt}NW’N{O,'Om)
26

which can be determined for m = 1,2,...,n—1 recursively
from the relations, @11 = (1), 8o = $(0},

ngm: V(m) Z¢m 1,17(7”"‘7)]/'{)1%—11 (27)

1=1
‘%ml 7 (Z?m-——l,l ?m—l,m-l
¢m2 ¢‘m——1,2 s ¢m—-1,m-—2
. = . - d)m,m = . (28)
ﬁzm,m——l- (zm—l,m-—l ¢A7m—1,1
B = Bmo1 (L= $oam) , (29)

where the ¢q1, d22,... are estimates for the partial auto-
correlation & at lags 1,2,....

Alike the Durbin Levinson Algorithm for fitting autore-
gressive models, there is a recursive way of fitting moving
average models

Xt :Zt-—én—u Zt—l—‘ . émmZt—m {Zt}”" WN(O, Gm) (30)

of orders m = 1,2,... by means of the innovations al-

gorithm. The estimates of ., and white noise variance
dm,m = 1,2,... are obtained as follows: If %(0) > 0,

we define the estimates 6 and 9., in equation (30) for
m=1,2,..., by the recursion, o = %(0},
" k—1
em,m—-k-'—-"é; ’y(m—k)—ZHm,m_JHk,k_jﬁj ,
=0

k=0,...,m—1 (31)

om = F(0) ~ Zemm_J . (32)

3=0
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Preliminary Estimation for ARMA(p,q) Pro-

cesses [f {X.} is an zero-mean ARMA(p, ¢) process,
— 01Xt — =Xty =Ly ~ 017y — - Bg Dy
{Z, Y~ WN(C 23 (27}
¥V i¥ \\J v ) \UU}

then (5) can be written as an infinite MA model

Xe=Y ¢iZi,.
=0

We can also rewrite (25), such that the coeflicients ¢; sat-
isfy

Yo =1,
Y =10; +

min(4,p)

Y b G= 12 (34)

and by convention 8; = 0 for j > q and ¢; = 0 for 7 >
p- To estimate ¥1,...,¥p4q, We can use the innovation
algorithm estimates 81, . . ., 0m ptq of an MA(m) (p4q <
m 2 n'/?). Replacing ¢; by 6m; in (34) and solving the
resulting equations,

n(3,p)

min(
=1

¢iém,j—i1 J = 1727~~-7P+q1 (35)

we obtain initial parameter estimates for ¢; (1 < ¢ < p)
and §; (1 < j < ¢). From equation (35) with 7 = ¢ +
1,...,q+ p, we see that ¢; should satisfy the equation:
Om,q+1 é g émy "e:m,q+1-p 1

Pz | NImart ma o maae | 92
Bm,atp Omqtp—10m,qyp—2: - Om,q e

After solving equation (36) for ¢; (1 < 1 < p) the estimates
of §; (1 £ j < q) are obtained from

min(j,p)

é] = om] - éiémd—i! ] = 1727~“9q' (37)

=1

The white noise variance o2 is estimate by 07 = i,

Maximum Likelihood Estimation for ARMA
Processes The preliminary estimates of §; and ¢; are
now used as an initial start value for the non-linear op-
timization carried out in the course of maximizing the
maximum likelihood. The one-step predictor Xn41 of an
ARMA(p, q) is given by

n

Z on] (Xn-{-l—] _Xn-{-l——J) i

j=t

P
2%
=1

1< i< m = max(p,q),
q A
Xn+1—]+20nj (Xn+1—j_Xn+1—J)7

=1

Xng1= (38)

1> m.
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and the likelihood of the observation (X1, X,..., X,) is
L(é‘, q;, 0’2) = (27(') / (UoUl . "Un_l)_l/z*
exp ]I:—-%Z (XJ X; ) /v ;1-’ . (39)
7=1

Criteria have been developed (e.g. Akaike’s BIC and AIC
criterion) attempting to prevent from overfitting by effec-
tively assigning a cost to the introduction of each addi-
tional parameter. We use the AICC criterion defined by:

- - -

AICC(5,§) = —2Im L(, 8,0 )+M

n-p-q-z (0

Identification Techniques

The problem of identifying the appropriate ARMA(p,q)
model order to represent the time series {X:} is to deter-
mine p and gq. For an pure moving average process order
identification is simple: the autocovariance function of the

MA(q) process
q
Xt = Z 9," Zt—J’
7=0

has the form (as depicted in Figure 10 (a)):

9
o* Z 9J0]+|k|1 ‘ki <q

3=0
0,

(k) = (41)

[k > q,

where 6 is defined to be 1 and 6;, 5 > g, is defined to be
zZero.

For an pure autoregressive process AR(p) the order p
can be obtained from the cut off in the partial autocorre-
lation function a(-) (see Figure 11 (b)): p could be easily
determined as we know that

: kk k
aw={ 3" |

In contrast to the partial autocorrelation function of an
AR(p) process that of an MA(g) process does not vanish
for large lags. It is however bounded in absolute value by
a geometrically decreasing function [4] (see Figure 11 (a)).
For fitting an AR(p) or MA(q) to an observed sam-
ple, the sample (partial-) autocorrelation a(m) or v(m)
is not zero for m > p or ¢. If the order of the pro-
cess is p or g, then for m > p, a(m) or m > g, v(m)
will fall between the bounds +1.96n'/2. If the underly-
ing process is ARMA(p, g), then the model order identi-
fication requires the investigation of all meaningful pairs
(p, q) and choose that pair which minimizes one of the
criteria given above. Pragmatically we first compute the
AICC criterion with the preliminary estimates obtained by
(36) and (37) for ARMA(po, po) models with pp = 1,2, ....
Then we try to eliminate one ore more coefficients of the
ARMA(po = p, po = g)-model! in order to minimize AICC.

(42)



Appendix B: Kalmanfilter Forecasting

This method assumes that the series of interest {X:} is
not observed directly, but only as component in the ran-
dom regression model

ytzMﬂ_’;t‘{—U t=1,2,..,,n (43)
where M is a know 1 X p design vector which expresses
the pattern that converts the unobserved stochastic vector
Z: into the observed series y;. v is a zero-mean normally
distributed noise vector. The random series Z; is modeled
as a multivariate process of the form

ftzéft_1+iﬁt t:1,2,...,n (44)
where @ is a p x p transition matrix describing the way the
underlying series moves through successive time periods.
{X:} does not need to be stationary. The initial value &
is assumed to be a normal random vector with the p x
p covariance matrix 2. @ is a p x 1 noise vector with
zero-mean uncorrelated normal distributed terms and with
common covariance matrix Q.

The model defined by equation {43) and (44) is a gen-
eralization of the ordinary AR(p) model in (21). A re-
cursive method using the EM (Ezpectation Mazimization)
algorithm described in {e.g. [8]) has been proposed by
Shumway and Stoffer [18] to compute the Kalman filter
estimators, which is explained in the sequel.

The log likelihood of the complete data &g, £1,..., Zn,
#1,.- ., Pn can be written in the form

IogL=~§log[E[— E(fo) =) (45)

I s P
—%log Q| - B Z(?Jt —®F:4)' Q7 & — BFe—1)
t=1

1, . v —1gn .
_g-log lv] - 3 Z(yt — MY 1(y; —~ M%)

t=1

The log likelihood given in (46) depends on the unobserved
data series Zo,#1,...,Zn. We apply the EM algorithm
on the observed series &o, i1, ...,%J. to maximize the log
likelihood with respect to the parameters 2, @, @, v. That
is, determine the estimated parameters in iteration (r + 1)
as the values 2, ®, Q and v which maximize

G(E,@,Q,U) = ET(log ng09g17"‘1§ﬂ) (46)
where E, denotes the conditional expectation relative to
a density containing the r-th iteration values X, ®(r,
Q(ry, and v,y [18]. Rewriting equation (46) using

Zr = E(Z|t1, -, Fn)s (47)
and the covariance Functions
P = cov(Zdlgr, . -, Un) (48)
and
P:‘zt__l = COU((I—Z"t, 5t-—1|§1,--~,§n) (49)
yields

G(E, 9,0, U):—%log 5| - %tmce e +EED))
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~ZloglQ| - %trace {@7' (C-B% — 2B +04%")}

2
7
~Zlog o (50)
1 1=y . vy o - n
=—2=trace {; Z[(yt — MEU{G - MDY + MP, M’/]}
t=1
where
k13
A = D (P +ELF) (51)
t=1
k3
B = Y (Pl +&7E) (52)
t=1
and
C o= > (P tEEy (53)

t=1

The Kalman filter terms X, P]* and Pl,_, are computed
under the parameter values of ®(,y, Q(n and v(n) (X is
fixed at a reasonable baseline levela using the recursions
given by [16] pp. 201, 217 and [18] pp. 263.

Fort=1,...n
L = By PITIRL, +Qpy (54)
Ki = PIT7M'(MPITM o)™t (55)
Pl = PIT'— KMPE? (56)
77 = Sy (57)
F o= T+ K(§ -~ MY (58)

where we take £5 = § and P{ = . In order to calculate
Zy and PP one performs the set of backward recursions

(fort=n,n—1,...,1) on the equations
Jemw = PTG ()T (59)
o= TN+ S (B - S FD) (60)
Pry = PIol 4 dia(PP—-PSYIL (61)

and P;;_; can be calculated using the backward recursion
(fort =n,n—1,...,2) where

Prny=(I = KaM)® P} (62)
Pl =P} T+ Jed (Pl — By PET1) T2 (63)

We get the next iteration of D(rr1), Qerer) and vy if
we set

BA™Y,
n~'(C -~ BAT'B)

(64)
(65)

D(rt1)

i

Qre1)

and
1 - — e A Y e =n\/ n !
Virpr) = ;Z[(yt ~ ME?)(: — MDY + MPPM'] (66)
t=1

which maximize the last two lines in the likelihood function
(51).

Now the vector £7 for ¢ > n is the forecast value for the
underlying series.



