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Abstract

In an attempt to cope with time-varying workload, tradi-
tional adaptive Time Warp protocols are designed to react
in response to performance changes by altering control pa-
rameter configurations, like the amount of available mem-
ory, the size of the checkpointing interval, the frequency of
GVT computation, fossil collection invocations, etc. We call
those schemes “ reactive” because all control decisions are
undertaken based on historical performance information
collected at runtime, and come into effect in future system
states. What must be considered a drawback of this class of
approachesisthat Time Warp logical processes (LPs) have
most likely reached a state different from the one for which
the control action was established - thus inducing perfor-
mance control activities which are always outdated.

This paper develops environment aware, self adaptive Time
Warp LPs implementing a pro-active performance control
scheme, addressing the timeliness of control decisions. Op-
posed to reactive TW schemes, our pro-active control mech-
anism based on a dtatistical analysis of the state history
ooy Si_an, Si—a, Sy periodically collected in (real) time
intervalsof size A, forecasts afuture LP state Sy A . A per-

formance control decision C'D(S;1a) is established, that
ismost appropriate for the expected future LP state, i.e. the
state when the corresponding control activity would become
effective. Depending on the forecast quality, a pro-active
scheme will presumably exhibit performance superior tore-
active schemes, at least for cases where state changesin the
time frame A are very likdly.

In this paper we study the ability of pro-active TW LPs, to
adapt to sudden load changes, especially to abruptly occur-
ring background workl oads injected by other applications
executing concurrently withthe TW simulationon a network
of workstations. Experimental results show that the proto-
col isableto capture abrupt changesin both computational
and communi cationresource avail ability, justifyingthetitle:
“ shock resistant Time Warp” .

1 Introduction

The parallel and distributed simulation (PADS) commu-
nity has face the problem of integrating heterogeneous and
dislocated computing resources intoasingle“ virtual” sim-
ulation environment since the days of the introduction of
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platform independent message passing libraries (like PVM
or MPI). Wheress the classical distributed simulation syn-
chronization protocol s have been reimplemented with these
libraries, the complexity of the message passing software
and the inherent non-predictability of application and sys-
tem behavior have made “traditional” performance tuning
techniques appear inappropriate. In fact, so much so, a
1994 opinion leading paper [1] was indeed very successful
inattracting considerable parallel and distributed simulation
research in the area of adaptive performance tuning strate-
gies. A (somewhat) recent survey browses through these
achievements [2].

Not only wasthe PADS community attracted by the“ new
performanceissues’, thewholeparallél and distributed com-
munity was concerned [3, 4, 5, 6, 7]. Within PADS, early
experiments tried to map severa logical (simulation) pro-
cesses (LPs) onto a single processor within a distributed
execution environment. “Automated” (static) load balanc-
ing was studied in [8, 9] while dynamic strategies (mostly
based on migration policies for LPs [10]) were followed in
[11], [12], [13] and recently [14].

Many of the performance engineering techniques devel-
oped in other contexts of “ network-of-workstation” (NOW)
based distributed computing [15, 16, 17, 18] diffused into
the PADS community, helping to define the state of the
art in load sharing or load balancing for paralel and dis-
tributed discrete event simulation (PDES): Unfortunately,
opposed to thetraditiona approach of defining “load” based
on processor utilization, these metrics are impractical for
establishing load control decisionsin TimeWarp (TW). The
reason isbecause CPU time is used optimistically, possibly
without significant contribution to the overall smulation
progress[1]. The approaches of dynamic load balancing for
PDES must use the event rate (committed events per unit
CPU time) to dynamically establish control decisions for
the redistribution of initial or forthcoming load configura-
tionsin order to optimize overall execution performance of
a distributed simulator. The load metric is extracted from
(dynamically collected) system state information, and ap-
propriate load management decisions are being undertaken
accordingly. Either a centralized load coordinator or a dis-
tributed scheme is used to put dynamic control decisions
into effect.

Mainly two observationsfrom the current “dynamic load
balancing” literature within PADS have motivated to de-
velop anew TW protocol:

(7/) Considering a NOW as the execution environment
for adistributed TW simulation, traditional balancing



approaches fail to deliver robust performance by ne-
glecting background loadsinherent to multiuser, mul-
ti session, multitasking operating systems and nonpre-
dictablel Ptraffic caused by standard | nternet services.
Control mechanisms based exclusively on LP statein-
formation are intuitively insufficient and inappropri-
ate.

(#7) Consideringthenonpredictability of background CPU
load (due to the nonpredictable amount and type
of user interaction in background applications), and
(consequently) the nonpredictability of LAN latency
(due to nonpredictable communication requests by
LAN users and the non-guaranteeing nature of |Pv4),
the implicit assumption of “timely” control effectsis
simply inadegquate. Control decisions affecting all
L Ps executing in the NOW alwaysapply withalagin
real time — more than that, the delay for becoming
effectiveis different for each LP.

The TW protocol proposed in this work therefore at-
tempts the following performance issues.

(/) TW is avery irregular distributed application “ per
s, with complex, data-dependent execution behav-
ior, and dynamic, time varying resource demands
[19]. A nontrivia coinfluence of performance fac-
torsmakes it impossibleto identify asingle “typica”
behavior or resource usage pattern upon which aload
control strategy could be defined. In addition, the
performance delivered by the execution platform is
hard to predict because a NOW typically links het-
erogeneous CPUs, each responding differently to the
application requests and often acting in an uncorre-
lated way (e.g. no coordinated process scheduling is
performed). Since controlling the execution behavior
of TW “from outside” is not enough, TW LPs must
be environment aware.

(#¢) Potentially large performance fluctuationsresult from
communi cation resources being shared by many users
and their respective background processes, and sev-
erd layers of software (eg. operating system, run
time support for paralldl APIs, etc.) interacting asyn-
chronously on each machine. Since load balancing
mechanisms reliant to the same communication re-
sources serving the TW application itself as well as
background users (e.g. to gather state informationin
acentral load coordinator and to broadcast control in-
formation to LPs) ispronetointrusion, TW LPs must
be self adaptive.

(#74) Sincetraditional NOW environments, particularly the
ones involving TCP/IP based communication, typi-
caly exhibit comparably small computation to com-
munication speed ratios, the (rea) time gap between
the state information collection and the launch of the
respective control actionscan never be neglected. Op-
posed to traditional approaches of baancing that “ re-
act” to changing load situations (reactive LPs), TW
LPs must be pro-active in that they adapt to antici-
pated future system states.

(iv) Since the injection of background load into a NOW
typically occurs as sudden events, occupying the re-
quested resources to an almost exhaustive extent (e.g.

acompilejob for computationa resources, or ftp for
communication resources), i.e. induces “shocks’ to
the TW execution, TW LPs must be shock resistant.

In the sequel of this paper we will develop environment
aware, sef adaptive, proactive, shock resistant TW LPs.
The paper is organized as follows; Section 2 presents the
concept of apro-active performance control strategy for TW.
Section 3 develops the notion of TW execution trajectories
in the space spanned by performance factors, for which Sec-
tion 4 develops an incremental clustering technique. Clus-
tersof approximately identical TW performance profilesare
identified on the fly, and memorized during the TW execu-
tion evolution. In Section 5 we present resultsand empirical
evidence of TW Logica Processes ableto pro-actively adapt
to load shocks. All experiments are executed in a network
of workstation environment with TW LPs utilizing the MPI
communication library. Conclusionsare drawn in Section 6,
encouraging the embedding of shock resistant TW in World
Wide Web based simulation environments, which by nature
lack quality of service guarantees and behave unpredictable
with respect to the consumption of computational and com-
munication resources.

2 Methodology

Opposed to dynamic load balancing strategies involving
acentralized load manager [15], the concept followed here
for making TW LPs “environment aware” is a fully dis-
tributed one. In our approach, each TW LP is enhanced by
a mechanism able to autonomously control the local execu-
tion — independently of any other LP. Assuch, aTW LP
once executing on a node in a heterogeneous NOW, consid-
ers al the other software processes executing on the same
node as its “environment”. In atime varying way, an LP
shares the local resources with its environment, such that
the simulation performance of that LP is directly depen-
dent on the resource consumption by the environment. A
heavily background-loaded node in a NOW e.g. can throt-
tle the ssimulation speed of the LP it hosts, which in turn
has an indirect effect on the simulation speed of LPs exe-
cuting on other nodes. Eventually, particularly in the case
of closed message loops or recursive rollback cascades, an
LP might suffer even from its own execution behavior. An
explicit representation of all the performance factors of an
LP's execution speed hence appears intricate and impracti-
ca. Wetherefore proposethat L Ps— by observing their own
performance behavior — implicitly develop a picture of the
behavior of their environment, and act (devel op performance
control decisions and execute them) accordingly.

An environment aware LP is built around a “classica”
TW LP (implementing the TW synchronization protocol on
top of a discrete event simulation engine) by adding an LP
control component (see Figure 1). (We cdl the “classica”
TW LP simulation component in Figure 1.) The LP con-
trol component (LPCC) basically collects information on
the incoming and outgoing message dynamics of the LP to-
gether with its execution dynamics, and combines those to
an abstract state vector (sensory input analysis). Based on
the trajectory described by the state vector history, the state
forecast component makes an attempt to forecast the antic-
ipated LP state at time¢ + A, for which a control decision
component develops an optimal performance control plan.
The performance control plan is put in action via a set of
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Figure 1. LP Control Component and LP Sim-
ulation Component

actuators, which directly affect the execution speed of the
“controlled” LP.

Many different performance control mechanisms could
be embedded in this generic frame of sensor/actuator inter-
play (e.g. performance control via the checkpointing inter-
val, thefrequency of cancelback calls, thefrequency of GVT
computations, etc.). InFigure1 wefollow amechanism that
l[imitsthe optimismin TW in order to control performance -
but wish to stressthat thisisjust oneinstance of avariety of
possibilities. Trandating the idea of memory based throt-
tling (originally developed in the context of shared memory
TW implementations[20]), we can control the performance
of a TW LP by restricting the amount of available mem-
ory: whenever an event occurrence is to be simulated, an
artificia throttlewill delay the execution should insufficient
memory be available to the simulation engine. The key
rationa behind memory based throttling is to prevent LPs
from progressing too far into the simulated future thus run-
ning into rollback hazards which degrade performance, but
also to provide sufficient memory to prevent performance
degradation caused by frequent cancelback calls. In this
work, the key rationale behind using memory based throt-
tling as an example is to demonstrate that only information
local to an LP isused for conducting performance control.

2.1 TheLP Control Component

In order to collect LP performance and state data the
LPCC relies on sensorswhich are inserted into the program
code. In the present implementation, a sensor is simply
a globa variable which is assigned the value of the corre-
sponding performance/state metric at an appropriate point
in the program code. Two types of sensors are defined:
point sample sensors which register the momentary value
of aperformance/state metric and cumulative sensorswhich
sum a specific metric over the duration of execution (e.g.
the occurrence of run-time events).

The appropriate performance metric for TW simulation
istheamount of meaningful simulationwork accomplished.
The corresponding sensor, CommittedEvents, is imple-
mented as a global integer variable which is incremented

Sensor/Actuator Description

S1 CommittedEvents | total number of events committed
Sy SimulatedEvents

Ss | MsgsSent

total number of events simulated
total number of (positive) mes-
sages sent

Ss | AntiMsgsSent
S5 | MsgsRevd

total number of antimessages sent
total number of (positive) mes-
sages received

Se | AntiMsgsRevd total number of antimessages
received

S7 | EventsRollback total number of events freed during
rollbacks

Sg | EventsUsed

momentary number of events in

use

Figure 2. Time Warp Sensors

Indicator Description

I | EventRate number of events committed per
second (perf. indicator)

I> | SimulationRate number of events simulated per
second

number of (positive) messages sent
per second

number of antimessages sent per

I3 | MsgsSentRate

14 | AntiMsgsSentRate
second

number of (positive) messages re-
ceived per second

number of antimessages received
per second

number of events freed during roll-

Is | MsgsRcvdRate
Is | AntiMsgsRcvdRate

I7 | EventsRollbackRate

backs per second

Is | MemoryConsumption | average number of events in use

Figure 3. Time Warp Indicators

at fossil collection time in accordance with the number of
events committed. The sensor Committed Events isconse-
guently acumulative sensor sinceitsval ueincreases steadily
over the course of execution.

In order to achieve a more exact system state character-
ization, seven further sensors have been implemented. The
six sensors SimulatedEvents, MsgsSent, AntiMsgsSent,
MsgsRevd, AntiMsgsRevd and EventsRollback cumulate
the number of events simulated, (positive) messages sent,
antimessages sent, (positive) messages received, antimes-
sages received and number of events rolled back respec-
tively. Each sensor isincremented at an appropriate pointin
the program code. The point sample sensor EventsUsed re-
flects the momentary number of events which are currently
in use by the simulation engine. The sensor EventsUsed is
incremented when an event istaken from the free (memory)
pool and decremented when an event is returned. Conse-
quently, this sensor reflects the amount of memory TW is
currently using in order to continuewith simulation. Events
which are “in use’ are typicaly either 1) on the state stack
waiting to be freed by fossil collection or rollback, 2) in the
input queue holding an event contained in a message that
has been received and not yet simulated or 3) in the output
gueue waiting to be sent out. Sensors are summarized in
Figure 2.

Since cumulative sensors increase continuously during
program execution and point sample sensors may fluctuate
considerably from one sampling point to the next, the LPCC
applies a smoothing function to all sensors S; in order to
obtain a metric which reflects the current tendency of the




sensor and which may be used to compare system states and
assess their similarity. We refer to this derived metric as an
indicator. In the present implementation, each indicator /;
is derived from exactly one sensor: I; = f(S;). Indicators
are summarized in Figure 3.

For cumulative sensors, the LPCC uses the rate of in-
crease (in units per second) of the sensor in a moving win-
dow [t,t — A] as the corresponding indicator value and for
point sampl e sensors, the mean val uein the moving window.
Assuming n observationsof the sensor S; inthecurrent win-
dow, the value of the corresponding indicator /; at sampling
timet iscalculated as:

Cumulative Sensor Point Sample Sensor

jrt—A<t; <t

St
(1) = S=S0=8) | ) = M v

In order to characterize the current performance of the
executing simulation, one (or more) indicators are desig-
nated as performance indicators. For TW, thisis naturaly
thenumber of events committed per second, the EventRate.
Thetask of the LPCC isto optimize the v ue of the Even-
tRate indicator. Thisis achieved by setting the values of
executional parameters called actuators.

As with sensors, actuators are inserted at appropriate
points in the program code in order to control execution
characterigtics. As previoudy stated, the control mecha
nism aims at throttling optimism by controlling the amount
of memory available to the TW simulation engine. The ac-
tuator MemoryLimit prohibits the smulation of the next
event if the value of the sensor EventsUsed is higher than
the value of the actuator. The actuator throttle resides in
the main simulation loop immediately preceding the actua
event simulation step. Thus, if the simulator is blocked due
to insufficient memory, the simulator loops back to the top
of thesimulation loop and may continuereceiving messages
and GVT calculation packets until enough memory isfreed
throughfossil collection or rollback in order to proceed with
simulation. Alternately, due to changes in the current sys-
tem state, the LPCC may chooseto raisethe Memory Limit
which may ultimately allow for further ssimulation.

It is important to note here that the actuator Memo-
ryLimit actualy represents a mean value for the number
of eventsin use (as it is derived from the indicator Mem-
oryConsumption which is itself a mean value). Setting
a hard ceiling on the number of available events at Mem-
oryLimit would effectively limit the mean memory usage
to avaue substantialy lower than MemoryLimit since all
natural fluctuationsin memory usage would be “cut off” at
the value of MemoryLimit.

In order to alow for natural fluctuationsin memory us-
age, the LPCC testsif it is plausible that the current mem-
ory usage at time ¢, EventsUsed(¢), stems from a nor-
mal distribution of N (MemoryLimit, ¢em) & a confi-
dence level of (1 — «) = 95% where é,,cr, IS an esti-
mate for the standard deviation of memory usage calcu-
lated by the LPCC. Using the fact that for a random vari-
able z, if # ~ N(p,0) then (x — p)/o ~ N(0,1) and
P((x — p)/o < z4) = a, the LPCC effectively tests if
(EventsUsed—MemoryLimit) /6 mem < 20.05.

3 Sampling the Execution Trajectory

In a geometrical interpretation, the set of indicators can
be envisioned as spanning an n;-dimensiona vector space,

theindicator space. Each vector of sampled indicator data,
5t) = (I1(t), I2(1), . . ., In, (%)), can be viewed as a point
in this space. During the course of program execution,
the sequence of sampled points consequently describes a
trajectory through the n ;-dimensional indicator space. The
execution trgjectory thus represents the ordered set of al
system states which have been visited during the course of
program execution.

The task of the LPCC is to use the information con-
tained in the execution trgectory to identify a set of sim-
ilar system states and steer program execution towards
those states which have better performance component(s),
i.e. a higher EventRate. After a promising target state,
gopt = g(topt) = (Il (topt)a IZ(topt)a ) IS(topt))y has
been chosen, the actuator value MemoryLimit is set to the
indicator value MemoryConsumption of the target state.
Execution now continues under the constraints set by the
current actuator values.

Critical to the above is the identification of similar sys-
tem states. Since the LPCC is free to set actuator val-
ues as it deems necessary, indicators derived from actu-
ators (in the particular case MemoryConsumption) need
not be considered when assessing system state similarity
since (almost) any arbitrary value can be reached by set-
ting the actuator(s) accordingly. Furthermore, asthe LPCC
aims at optimizing the performance indicator, the indicator
EventRate aso need not be considered since it is hoped
that the EventRate will move towards that of the target
state after the actuator have been set to those of the target
state. Therefore, only the remaining pure indicators Simu-
lationRate, MsgsSentRate, AntiMsgsSent Rate, MsgsR-
cvdRate, AntiMsgsRcvdRate and EventsRollbackRate
need be considered when ng the similarity of system
states. Two system states can therefore be considered sim-
ilar when the Euclidean distance between their vectors of
pure indicatorsis relatively small.

Recording every system state visited during the course
of execution, however, is clearly not feasible due to the
enormous amount of memory this would require. Even if
this were possible, data retrieval would be much too time
consuming to be of any avail. Consequently, a method for
recording the execution trajectory information is required
which isfast and also dlowsfor quick retrieval.

Clustering fulfills these requirements, especially since
the primary task of the LPCC isto identify similar system
states. Statictechniques, however, are not feasibledueto the
fact that new pointsmust be repeatedly added to the data set
and clustered. To overcome this difficulty, an incremental
(“on-the-fly") clustering technique is used for classifying
similar system states.

4 Clustering Similar System States

Numerous incremental clustering techniques exist, each
having its own specific advantages and di sadvantages so that
the choice of technique appears primarily motivated by the
requirementsof the problemtowhichitistobeapplied. The
algorithm chosen for implementation here is a variation of
the doubling al gorithmwhich has been applied successfully
in the domain of information retrieval [21].

The doubling agorithm assumes a fixed set of n¢ clus
ters C; with centroids ¢;. When a new point is added for
clustering, it is merged with an existing cluster if the dis-
tanceto nearest cluster islessthan the minimumintercluster



1. Initialization

The first n data points become the centroids of the n clusters. All intercluster distances

d; ; = ||& — ¢;|| are calculated, sorted and stored on the heap. The “hit count” of all clusters
issetto 1.
LOOP | 2. Add new data point and determine nearest cluster

The current vector of indicator datap = (11 (¢), I.(?), . . .,
centroid of a new cluster Cy,.,,. Distances between the n cluster centroids and the
new data point dpew ; = || — &l , 7 = 1...nc arecaculated. The nearest cluster
Cj, With dyeqs j, = min; dy ey 5 IS determined.

I,,(t)) isconsidered asthe

3. Retrieve minimumintercluster distance

The minimum intercluster distance d;, ;, isretrieved the heap.

4a. Merge with existing cluster

4b. Merge two existing clusters

ifdnew,jg < djh]é then

hju + 1.

merge C., and C, into cluster C;, with
new centroid &, = (hj, &, +9)/ (hj, +1).
The*hit count” of cluster C;, issettoh;

ifdjhj2 < dnew,ju then

merge clusters C;, and C;, into C;, with
CmtrOidC_‘;l = (hjl .E}l +hj2 6"72)/(]7']1 +
= | h;,) and*hit count” h; = hj, + hj,. The
new data point p becomes the centroid of
cluster C;_ with “hit count” h._ = 1.

5. Calculateminimumintercluster distances

heap.

Distances between al clusters and cluster
C}, are calculated, sorted and stored onthe

DistancesbetweenclustersC’;, andC';, and
existing clusters are calculated, sorted and
stored on the heap.

Figure 4. Incremental Clustering Algorithm

distance. If, however, the distance to the nearest cluster is
grester than the minimum intercluster distance, the two ex-
isting clusters which have the least minimum distance are
merged together and the new point becomes the centroid of
anew cluster. Unlike the doubling algorithm, a“hit count”
is recorded for each cluster. When a point is added to a
cluster, its hit count is incremented by one. In the calcula
tion of the new centroid for the cluster the hit count is used
to weight the displacement of the centroid. Clusters having
alarge number of hits thus become less and less mobile as
execution continues. Thealgorithmisdescribed in Figure4.

5 StateForecasting and Execution Control

The experimentation environment isa cluster of four Sil-
icon Graphics workstations within the department’s LAN
(Figure5 left) with each LP executing on a single machine.
The TW simulation engine was implemented in C using the
MPI message passing library MPICH [22]. The structure
of the simulation model (Figure 5 right) guarantees for a
balanced load among the four LPs. The simulation model
consists of 32 “nodes’ which are interconnected by a torus
topol ogy and partitioned among the L Ps according to thefig-
ure. Each nodeisinitialized with a constant (and persistant)
number of events which then circulate along closed loops.
Thevirtual timeincrementsof eventsbetween nodesin* hor-
izontal” loops (i.e. between . Py and L P, and between L P,
and LPs)isAp ~ N(100.0, 1.0) whileincrementsin “ver-
tical” loopsis A, ~ N(1.0,0.01) which guarantees for a
good deal of rollbacks.

An imbalance in processing power, however, exists
among the machines, since one is an Indigo? running at
195 MHz while the other three are identical O2’s running

at 180 MHz. To aggravate the situation even further, aload
“shock” was injected every 20 seconds on the O2 simulat-
ing L P> (gcc job executing for 5 seconds which consumed
approx. 50% of the nodes processing power). The experi-
ment was run for 100 hours (on four consecutive weekdays)
against the unpredictable background load of the depart-
ment’s LAN and user loads on the individual machines.

The results in Figure 6 show the aggregated means and
standard deviationsfor each indicator over a 100 hour time
period. The EventRate for the performance control method
Isapproximately 37% higher than for unthrottled simul ation
which confirms the effectiveness of the approach. Further-
more, the standard deviation of the EventRate for controlled
simulation is lower than for unthrottled showing that the
LPCC is able to reproduce similar results despite unpre-
dictable background loads.

As would be expected, the SimulationRate iS highest in
both cases for . 7, whichisexecuting onthefastest machine,
and lowest for P, which is executing on the “shocked”
0OS2. This consequently leads to a higher MsgsSentRate ON
LP, since faster smulation leads to higher message send-
out rates. Due to the fact, that much of this simulation
work must consequently be rolled back, P, aso presents
thehi ghest AntiMsgsSentRate and EventsRollbackRate fOr un-
throttled simulation. In the case of controlled simulation,
both indicators are considerably lower showing that the
L PCC can effectively decimate the number of rollbacks (and
their severity) which then leads to better performance. The
MsgsRcvdRates and AntiMsgsRevdRates Mirror the values of
the corresponding send rates as would be expected. Finally,
MemoryConsumption IS markedly lower for controlled simu-
lation, confirming that an optimum “knee-point” [20] in the
memory usage/event rate rel ation must indeed exist.

Perhaps the most important aspect of these resultsisthe
fact that the performance control method “harmonizes’ the
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Figure 5. Experimentation Environment (left) and Simulation Model (right)

Method LF, | LP; | LP, | LP; LFy | LP | LP, | LP;
EventRate, Mean EventRate, Sdev

Unthrottled | 981.6 | 9834 ] 9817 9833 | 3452 ] 3346 ] 3451 3345

Controlled | 1282.1 | 1355.8 | 1282.0 | 13559 | 133.7 | 152.7 | 1339 | 152.6
SimulationRate, Mean SimulationRate, Sdev

Unthrottled | 415351 2709.1 | 21628 | 34133 | 4123 ] 2653 ] 3832 308.3

Controlled | 3263.3 | 2362.4 | 18804 | 25688 | 336.2 | 2421 | 1883 | 229.6
MsgsSentRate, Mean MsgsSentRate, Sdev

Unthrottled 7435 496.4 410.8 629.0 52.6 51.8 62.3 36.8

Controlled | 5142 | 4273 | 359.8 | 460.2 50.1 43.7 34.2 40.6

AntiMsgsSentRate, Mean AntiMsgsSentRate, Sdev

Unthrottled 5011 253.7 170.2 388.1 100.5 87.3 46.3 57.8

Controlled | 202.0 96.7 476 | 1296 334 26.5 15.7 33.0
MsgsRcvdRate, Mean MsgsRcvdRate, Sdev

Unthrottled 420.6 680.9 691.8 486.4 59.8 555 66.8 541

Controlled | 364.7 | 4943 | 480.2 | 4224 33.8 41.7 45.5 43.2

AntiMsgsRcvdRate, Mean AntiMsgsRcvdRate, Sdev
Unthrottled 1/8.3 438.1 451.2 2455 476 484 120.9 85.3
Controlled 525 | 163.6 | 168.0 91.8 135 37.3 24.2 22.2
EventsRollbackRate, Mean EventsRollbackRate, Sdev
Unthrottled | 3168.2 | 1722.1 | 11774 | 2426.3 | 2555 | 299.7 166.7 1721
Controlled | 1980.4 | 1006.0 | 597.7 | 12124 | 2608 | 171.7 | 133.6 | 185.8
MemoryConsumption, Mean MemoryConsumption, Sdev
Unthrottled | 3833.4 | 4106.7 | 2590.8 | 3612.9 | 12684 | 1292.1 | 1292.0 | 1679.2
Controlled | 7474 | 899.2 | 5529 | 9010 | 1842 | 276.0| 1382 | 2919

Figure 6. Mean Indicator Values for 100 Hour Experiment

mesan indicator values across al machines which ultimately
leadsto amorebalanced TW performance. For example, the
AntiMsgsSentRate Fanges from 170.2 to 501.1 antim: [S]
per second for unthrottled (a difference of 330.9) whilethe
span isonly 154.4 for the performance control method.

Figures 7 through 12 show the eight indicators plotted
against rea time for two typica simulation runs. The re-
spective group of 4 plots on the left-hand side show the
indicator values over time for unthrottled simulation while
the right-hand 4 plots show performance controlled simula-
tion. The arrangement of the plotsin each group of four is
in accordance with Figure 5 with the upper l€eft plot repre-
senting 7.7, and the lower right plot .p,.

Figure 7 shows the EventRate Which exhibits practically
identical curveson all machinesdueto thebalanced nature of
the simulation model (each LP must commit approximately
the same number of eventsin each GVT epoch). Simulation
ends at 164.4 seconds for controlled simulation while un-
controlled simulation takes 290.5 seconds to terminate, The
respective SimulationRates in Figure 8 illustrate the relative
processing power of the machines. The*shocks” introduced

on LP, (lower | eft plot) arevisiblefor unthrottled simul ation
whereas for controlled simulation the effect of the shocks
on simulation speed is not as evident.

The difference in MemoryConsumption between unthrot-
tled and controlled simulation in Figure 9 shows that the
LPCC haseffectively “learned” that higher performance can
be achieved by limiting the amount of available memory. It
should be noted here that the LPCC knows nothing about
the “meaning” of the indicators or the effect of actuators.
For the LPCC, each system state is purely a point in the
ny-dimensiona indicator space. The LPCC simply chooses
asimilar state which has been previoudly visited during the
course of execution and sets the actuator(s) to those of the
target state.

The AntiMsgsSentRates and AntiMsgsRcvdRates in Flg-
ures 11 and 12 exhibit complementary behavior for both
unthrottled and controlled simulation (indicating also the
differencein execution speed on the different machines) but
rates are clearly reduced for controlled smulation. (TheMs-
gsSentRates and MsgsRcvdRates (not ShO\Nn) reflect the same
a complementary behavior.) Most markedly, P, and LP;
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Figure 8. Average Simulation Rate: Unthrottled (left), Controlled (right)

have drastlcally reduced their AntiMsgsSentRates and thus
no longer swamp the weakest machine (7.7;) with antimes-
sages. Mirroring the antimessage behavior, the EventsRoll-
backRates (Figure 10) are effectively reduced on all LPs for
controlled simulation.

6 Conclusions

Adaptive Time Warp protocols have been in the litera-
turefor a couple of years. The basic mechanism to achieve
adaptivity isto collect simulation stateinformation, loca or
global, to make decisions on how to modify performance
control parameters “on the fly”. State information is de-
duced from e.g. the event list history, the past rollback be-
havior or message arrival patterns, and then thisinformation
is used to tune control parameters like e.g. simulation time
windows, blocking delays, scheduling quantaor the amount
of allocated memory. Common to all know approaches is
theimplicit assumption that the probability of astate change
within the time frame from when the state information was
collected and the time instant when the considered control
action becomes effective is negligible. In this sense, and
particularly for “ network of workstation” execution environ-
ments, control decisionsare awaysoutdated once becoming
effective - and thus most likely inadeguate.

Inthispaper we have devel oped aframework for adaptive
TW LPswhich are

(4) environment aware in the sense that by monitoring
their own simulation behavior, they impli citlﬁde\/el op
amode of the background load with which they share

resources (control decisions take the behavior of the
environment into account),

(1) self adaptive in the sense that control decisions are
established based on local information only (perfor-
mance control is managed in afully distributed way),

(444) Fro-activei nthe sensethat control decisionsare estab-

ished for anticipated future system states, in order to

be able to launch the right control actions at theright
time (performance control isno longer “re-active’),

(<v) and shock resistant in the sense that an LP, by observ-
ing the environment it “livesin”, can react to sudden
changes in the availability of system resources (per-
formance control appears to be very responsive to
sudden changes in the availability of resources).

Asaparticular instance of thisframework, we have built
control components based on a mechanism for memory
based throttling to be associated with TW LPs. Techni-
caly, aplain TW LP through the insertion of sensors and
actuators in its code is monitored and performance con-
trolled by a pro-active performance management module.
LP states are characterized by indicators derived from the
current values of sensors and actuators and recorded for
the purpose of anaysis and, subsequently, for further LP
state forecast. Interpreted geometrically, LP behavior is
envisioned as a trgectory through an n-dimensiona perfor-
mance space (spanned by the set of indicator vectors). To
record and classify LP (performance) states, a novel incre-
mental clustering technique has been applied which records
thetrajectory of LP execution by grouping similar LP states
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together in clusters. In each update step, one cluster is se-
lected which is similar to the current LP state in terms of
the indicators, but at the same time promises higher per-
formance. Control parameters are set via the mechanism
of actuators to “steer” the LP towards this cluster of better
performance.

As a case study, we have partitioned a balanced simu-
lation model on a group of four LPs executing in a NOW
with heterogeneous nodes. By intent, we have exposed
one of those nodes (and by that the TW LP executing on
that node) to repetitive “shocks’, by launching high prior-
ity, resource intensive jobs on that node (while TW was
executing). The experiments give empirical evidence not
only for the L Ps being environment aware, self adaptive and
pro-active, but aso (and presumably most important) can be
considered “shock-resistant” due to the very short reaction
time to changing background |oads.
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