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SUMMARY

The continual growth of computing power in smallides has motivated the
development of novel approaches to optimizing dpmral systems efficiently and
effectively. These optimization problems are oftea complex that solving them
analytically may be difficult, if not prohibited.r@ method for solving such problems is to
use online simulation. However, challenges in usinigne simulation include the issues of
responsiveness (e.g., because of communicatiogsjetxalability, and failure resistance.
To tackle these issues, this study proposes emhgddiine simulations into a network of
sensors that monitors the system under investigatio

This thesis explores an approach termed “ad hddhiited simulation,” which is
based on embedding online simulations into a semstwvork and adding communication
and synchronization among simulators to model djmeral systems. This approach offers
several potential advantages over existing appesch) it can provide rapid response to
system dynamics as well as efficiency since dathaxge is local to the sensor network, (2)
it can achieve better scalability to incorporaterensensors, and (3) it can provide better
robustness to failures because portions of theesystre still under local control. This
research addresses several statistical issues iadthoc approach: (1) rapid and effective
estimation of the input processes at model bouesa(?) estimation of system-wide
performance measures from individual simulator otgpand (3) correction mechanisms
responding to unexpected events or inaccuraciésnitite model.

This thesis examines ad hoc distributed simuladiwaiytically and experimentally,
mainly focusing on the accuracy of predicting teefgrmance of open queueing networks.

First, the analytical part formalizes the ad hoprapch and evaluates its accuracy at

XV



modeling certain class of open queueing networkk vagard to the steady-state system
performance measures. This work concerning stetadg-setrics is extended to a broader
class of networks by an empirical study, which prés evidence to show that the ad hoc
approach can generate predictions comparable teetfimm sequential simulations.
Furthermore, a “buffered-area” mechanism is progdsesubstantially reduce prediction
bias with a moderate increase in execution time.

In addition to those steady-state studies, anodmepirical study targets the
prediction accuracy of the ad hoc approach at @apsueing networks with short-term
system-state transients. This study demonstraéswiith slight modification to the prior
design of the ad hoc queueing simulation methodHose steady-state studies, system
dynamics can be well modeled. The results, agappart the conclusion that the ad hoc
approach is competitive to the sequential simutatoethod in terms of prediction

accuracy.
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CHAPTER 1

INTRODUCTION

1.1 Background

Many operational problems such as real-time traffiodeling for reducing
congestion are sufficiently complex that they cdnm® solved using analytical methods
alone. Simulation offers a potentially more effeetivay to solve such problems. Online
simulation tackles these problems by creating aehtwdmimic the underlying physical
system (called the “system under investigation'SbH in the literature) and driving the
model with real-time field data and problem-spectionfigurations.

Simulation serves as an economical problem-solapgroach in many fields. In
chip design, for example, modeling circuit behavi@fore fabrication saves time and
money by detecting errors early in the developnpeatess [1-3]. Faster-than-real-time
simulation enables the analysis of operationalesystand strategies to manage operations
and/or systems. For instance, weather forecasiimglations [4] have been used to
provide early warnings of dangerous weather. Sitrmriacan be applied to other
emergency situations such as the spread of wiklfsor oil spills [6], and the evacuation
during natural or man-made disasters [7]. In sommEes, simulation may be the only
practical means of analyzing situations becaudd ieployment may be too costly or
hazardous, as in the case of transportation maregeonthe spread of disease [8].

Computer simulation is widely used in virtually atience and engineering
disciplines in academia, industry, and governm8htThe applications typically fit into

one of the following three categories:



1. System analysisSimulation facilitates the analysis, design, aptnoization
of systems. It may be performed before building/stesn in order to reduce
design errors or to optimize the design. It cao &ks used after deployment to
tune system parameters for better operational pedoce. Example
applications include weather prediction systemsnpmater systems, and
logistics, among many others.

2. Training and games.Simulations embedded in a virtual environment mimi
the behavior of the modeled objects or phenomenia which participants
interact. The simulation models respond dynamidadlged on the input from
participants. In most cases, participants are hubsamgs for the training or
entertainment purposes. Examples of the formeigoageinclude the military
and emergency training exercises while video gam&mng to the latter.

3. Testing and evaluation. Simulation is also an approach to testing and
evaluating physical components in a well-controli®ad easy-to-measure
environment. Compared to field testing, this apphagpically costs less and is
much safer. For example, simulation can be moren@uoaal to test and
exercise the launch of missiles as opposed to tdsts.

This thesis focuses exclusively on the simulatiossd for the system analysis and

management of operational systems.
1.1.10nline Simulation

An online simulation is a predictive computatiomabdel that utilizes the data
pertaining to the current state of a SUI to profetiire system states. It is typically used to

manage and optimize operational systems in rea.tPnoviding real-world, up-to-date



data to an executing simulation enables the mad&dke into consideration the current
operation conditions of the SUI. In other wordss thllows model adaptation so that in
principle the SUI can be modeled more accurately.aAconsequence, the accuracy of
predictions is potentially improved, which facitéa system monitoring and control. Note
that a successful online simulation must execuséefathan real time to be useful for
predicting future system states.

Online simulation is also referred to as dynamitagiiven application systems
[10], symbiotic simulation [11], and cyber-physicistems [12] in the literature. These
approaches have been widely studied and appliecaious science and engineering
disciplines for a myriad of purposes [13]. One tgbiapplication is to optimize the
operations of a physical system. For example, inearergency situation, alternate
evacuation scenarios may be modeled and evaluatadeér to minimize evacuation time.
The evacuation plan may need to adapt as the evac@ewolves when unforeseen events
arise. Other online simulation applications inclyglanning path for unmanned aerial
vehicles [14], tuning parameter for computer neksofl5], the management of
semiconductor manufacturing systems [16], and ptenization of surface transportation
systems [17, 18]. Furthermore, online simulatiofpsaus better understand and gain
insights into the physical systems that are diffiar impossible to observe. Example
applications include identifying accidents using) phone data [19, 20] and determining
the boundary conditions of fluid-thermal system, [22].

Many existing approaches to online simulation amet@lized: the sensor data are
transmitted to a specific location for simulatiand the simulation results (instructions or
stimuli) are then sent back to the field to optienthe physical system. This centralized

paradigm can cause a number of problems. For onancinication by sensors to a central



site can be problematic in so far as it consumesggnand may incur large delays. For
some sensor nodes, the ratio of the power consamfitr communication compared to
that for computation can be up to 10,000 to 1 [Z8$0, communication failures may
impact the effectiveness of online simulation;egs must be expected in sensor networks,
especially those operating under harsh environrheatalitions (e.g., inclement weather
resulting in radio interference). Another concem dcalability—in the centralized
paradigm, modeling a large physical system may ireqgan excessive amount of
computing resources and communication bandwiddrder to produce results in a timely
fashion. All these problems motivate this thesigkyavhich will involve replacing the
centralized method with one that embeds online lsiimns within the sensor network

itself.
1.1.2Parallel and Distributed Simulation

Parallel and distributed simulation systems cattyaosimulation execution using
multiple processors [24]. These processors maylibesame machine (e.g., a multi-core
or multi-processor machine) or on a number of maehiconnected via a computer
network. Distinguishing a parallel simulation frandistributed one is largely based on the
computer system that executes the simulation. Basimulations typically run on a
computer system in which the processors are tigialypled, such as a computer cluster
composed of homogeneous processors confined tgsecally-bounded area (say, a room)
and connected through a fast, customized commumrcagtwork. By contrast, distributed
simulations are often (but not always) executedheterogeneous processors, and the
communication takes place via general-purpose n&svsuch as local area networks,

wide area networks, or the Internet. Although tineugation methodology proposed in this



thesis focuses on distributed simulations, the &nmehtal mechanisms can be applied to
parallel simulations; that is, the computer sysigwf secondary importance.

Parallel and distributed simulation benefits th@lations that are difficult or
impossible to be carried out by a single procegsderred to as “sequential simulations”
in the literature). It offers several potential adtages:

1. Reduced execution timeSubdividing a simulation execution intosmaller
computations may speed up the execution by ugdotar ofn. Fast execution
enables simulation to be used for the applicatishere the time to complete
the simulation would otherwise be prohibitive. ¢ @lso important in the
situations where real-time response is requiregl, @ virtual environment
applications.

2. Model integration. Parallel and distributed simulation can integtagesmall
models that are not co-located on a single compessh model is executed by
a different simulator and they cooperatively moddarger physical system.
One example where this may arise is when the jjeatiog simulators are in
geographically separated locations and the relmcasi not practical, e.g., due
to the specialized resources at certain locatiéoisexample, the simulators for
the ships and aircraft involved in a simulatedlbatiay be placed at different
military bases. Another reason to “connect” simuisiis that porting software
to a new platform can be costly because it may iregextensive code
modification. Moreover, porting may not be possibie@r commercial
simulation software when the source code is nolabla.

3. Failure resistance. Distributed computing enables parallel and disitell

simulation to tolerate certain failures. For exagpgrocessor failures can be



detected so that the affected executions can hefénaied to other processors,
given the mechanisms to detect and recover frolarés are implemented to

realize this capability.

1.1.2.1Synchronization Mechanism

A parallel/distributed simulation contains a colien of sequential simulators
(called “logical processes” or LPs in the liter&yreach modeling a portion of the SUI
over time. The portion of the SUI modeled by anid Referred to as a “physical process.”
The interactions among physical processes are maddil exchanging messages among
the corresponding LPs. Each message results ioromere events being scheduled at the
receiving LP at the simulation time(s) specifiedhe message. Each LP must process all
its events, including those triggered by messageke order of the time stamps associated
with the events (or the “time-stamp order”). Fagltmo comply this order may induce errors,
referred to as “causality errors,” and the chaletm ensure this time-stamp-order event
processing is referred to as the “synchronizatiablem.”

The solutions to the synchronization problem arpicslly categorized into
two—conservative and optimistic. In conservativaayonization algorithms, an event
can be processed only if one can guarantee thétemevent will not be scheduled with a
time stamp prior to the current simulation time.(ithe time stamp of the event that is
being processed). These algorithms can be furthessiied as asynchronous or
synchronous, which differ according to whether @t ra global synchronization
mechanism is used. Asynchronous algorithms comairsuch global synchronization
point. An example is the well-known Chandy/Misra/8nt method [25, 26], in which null

messages are used to prevent LPs from enterindpd&aslates. Other examples tackle the



deadlock issue by deadlock detection and recov&ry 28]. By contrast, synchronous
algorithms separate synchronization activities ftbesimulation computation over time.
That is, LPs process and generate events/messagesocsimulation phases, but not
during synchronization phases. A synchronizaticaspimay be defined using barriers [29]
or time windows [30-33], during which a set of etgethat can be processed in the next
simulation phase is identified. The methods forntdging such events include the
bounded lag algorithm [34] as well as the algorghaking the advantage of the distance
information regarding the modeled objects [35].

In optimistic synchronization algorithms, LPs presevents without concerning
that messages may arrive in the past. If such rgedsathe-past incidents occur, a
recovery mechanism is activated. The most inflaénbptimistic synchronization
algorithm is the Time Warp method developed byeistin [36]. In this method, the
recovery mechanism relies on rollbacks and, hetiig,method is also referred to as a
“rollback-based method.” The Time Warp method cmstawo parts: local control and
global control. The local control concerns the kexy mechanism, which is performed
independently on each LP, while the global conteguires all LPs to participate in some
way to deal with issues such as memory reclamation.

The local control (i.e., the recovery mechanisnthsmTime Warp method works as
follows. It is triggered when an LP receives a ragssin its past, i.e., the message has a
smaller time stamp than the current simulation tahthe LP. The LP rolls back to a point
in time equal or prior to the time-stamp value bl teceiving message so that the
processing of the events with larger time stampevsked. This entails: (1) restoring the
local state of the LP and (2) “un-sending” the rages that were sent by the LP for those

rolled-back events. The state restoration may lsedan copy state saving, where a copy



of an LP’s state variables is made prior to proogssvery event, or incremental state
saving, where modifications to state variabled@gged so that they can be undone. Also,
the state can be reconstructed by performing thersée computation for the rolled-back
events [37]. To un-send messages, Time Warp inteslu“anti-messages.” An
anti-message is a copy of a previously sent medbageiffers from the original one only
in a flag bit indicating it is an anti-message. §mding a message is accomplished by
sending the corresponding anti-message to caneetftact of the original message (or
called the “positive message”). When an LP rece@esanti-message, it deletes the
corresponding positive message. If this positivesage has already been processed, the
LP must roll back the processing of the messag#igncase, one rollback may result in
many other LPs rolling back, and this phenomenaeferred to as “cascaded rollbacks.”
The global control of the Time Warp method compuateslue known as “global

virtual time” (GVT). GVT is a lower bound on thesilation time of any future rollback.
Hence, the state information pertaining to the &wmon prior to GVT can be discarded,
which enables the Time Warp programs to reclaimntieenory. Also, GVT serves as the
reference time point regarding the execution ofatercomputations that cannot be rolled
back, e.g., I/O operations. These operations arenstied as GVT advances past the time
points associated with the operations. Computingl @&n be done asynchronously and
the two well-known algorithms are the Samadi’s mdthwhich tags acknowledge
messages to ensure correctness [38], and the Watteethod, which relies on two-phase

cuts [39].

1.1.2.2High Level Architecture

The High Level Architecture (HLA), developed in tH©90's by the U.S.



Department of Defense, is an approach to integratifierent simulators (or “federates”)
into a single distributed simulation system (or fadération”). It aims at simulation
interoperability and reusability. These two projgertare beneficial to the construction of
future simulations for new purposes because reuwsstigiing simulators can dramatically
reduce the development cost.

The HLA is not specific to the defense applicatiomsstead, it has been
standardized [40-42] by the Institute of Electriaad Electronics Engineers (IEEE) with
the objective to encompass simulations of any mepm particularly those for system
analysis, virtual environments, and testing anduateon. To accomplish this, the HLA
provides sufficient freedom to federates regardimgr individual simulation tasks while
guards the interactions among them with a gengelcompact, set of rules. Specifically,
federates can be implemented by any software g@ranmaming language, and run on any
platform. They interact, e.g., for message exchanwggynchronization, by invoking the
services that are implemented by a run-time infuattire (RTI) software. However, the
specifics of the RTI implementation are not partief HLA.

The HLA includes three components: rules [40], obpeodel template (OMT) [41],
and interface specification [42].

1. Rules.The rules are ten principles that guide the depraknt of federates and
federations. For example, one rule specifies thigdaration must document
the objects shared among the federates by defaifegleration object model
(FOM), which must follow the OMT format. Anotherleurequires that each
federate must document what objects it can sha@esimulation object model
(SOM), which also must comply with the OMT formdturthermore, all

information exchanges are regulated to the servledsied in the interface



specification. Note that since the services arepeddent of any simulation
application, the instances of objects reside withaoerates (which implement
the simulation application), not in the RTI softeawhich implements the
services).

2. Object model template.All shared objects must be documented, including
their attributes and the interactions/relationslapsng each other. The HLA
only regulates the format, that is the OMT formé&dr describing the
information, but nothing regarding the content.

3. Interface specification.The HLA provides a number of services for fedevate
to interact with each other. These services arenel@fin the interface
specification and implemented based on the RTI. Séreices are categorized
into six classes: (1) “federate management” defires federates create, join,
and leave federations; (2) “declaration managematiws federates to
announce their intentions to publish or subscribgea data; (3) “object
management” concerns the creation, deletion, andifioation of object
instances and their attributes; (4) “ownership nganagent” is responsible for
transferring the ownership of object attribute3;“{Bne management” controls
the advance of simulation time, or, in other wongigvides synchronization
services to federates; and (6) “data distributiomnagement” supports the
routing of data from publishing federates to suibscg federates.

The HLA has been approved as an IEEE standard ®0.2&ince then,

modifications have been developed concerning aadyof aspects such as scalability,
flexibility, supporting new technologies, and fatdterance. The latest standard (version

2010) is based on the “HLA Evolved,” and the impattupdates on the standard are
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summarized in [43].
1.1.3Ad Hoc Distributed Simulation

Ad hoc distributed simulation is an approach tol-teae system monitoring,
analysis, and operation optimization that involeesbedding online simulations into the
sensor network covering the physical system ofaste An ad hoc distributed simulation
contains a collection of autonomous LPs, each nioglel partial physical system, referred
to as the “coverage area” or “modeling area.” TiRs Iselect individual modeling areas
based on their own local objectives while they exdively model the entire physical
system. In this way, an ad hoc distributed simatats regarded as being constructed in a
bottom-up fashion, as opposed to the top-down a@mpraised by traditional distributed
simulations where physical systems are partitianezlnon-overlapping segments. As to
the synchronization among LPs, this ad hoc appradolpts an optimistic, rollback-based
approach. The features of the ad hoc approach beilelaborated in the rest of this
subsection along with an illustrative example degaldn Figure 1. In the figure, the grid
represents the physical system; the LPs are caeldaaith the sensors in the centers of
individual modeling areas, which are shown in negtdar boxes with curved corners.

The designation of the area(s) modeled by eachabfbe arbitrary. In some cases,
an LP may select its modeling area in order toguerfsome local monitoring tasks such as
predicting the travel time for a particular vehigtea transportation network. The work by
Hunter et al. serves as an example in which thereBigle in vehicles while the sensors
may be co-located with road-side cabinets or taffgnals [17, 18]. In other cases, an LP
may simply model the area covered by the sensochwtiie LP co-locates with for

predicting local future states. Figure 1 shows sartlexample where each LP models the
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designated rectangular region covered by the quoreling sensor. This configuration
distributes computational load and potentially @hiidata transmission costs.

This feature of arbitrarily assigning modeling areaay lead to the situations in
which some parts of a physical system are modefedditiple LPs (e.g., ¥in Figure 1)
while others are left uncovered (e.g., Wh Figure 1). The former case introduces
redundancy, which offers the potential for greabdustness (or resilience to failures); this
differentiates the ad hoc approach from traditiagiatributed simulations, in which the
physical system is perfectly partitioned so thahesegment is modeled by exactly one LP.
Redundancy may also increase prediction accurazause multiple LPs can provide state
predictions. Furthermore, widely varying predicsdyy different LPs may be indicative of
a malfunctioning LP (e.g., caused by incorrect nhadeumptions or inaccurate sensor data)

or an LP that has detected changes in system lwehaadvance of other LPs.
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Figure 1: lllustration of an Ad Hoc Distributed Sitation
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The ad hoc approach allows LPs to change their imgdareas during simulation
execution, as might be the case for the applicatiomolving mobile components. For
example, in an application of monitoring a surfer@@sportation system, an LP deployed
in vehicles or handheld computing devices (e.g$@evices or smart phones) may adjust
its modeling area based on vehicle movements awmiifoer's desire for the predictions
concerning the remainder of the planned route.

In an ad hoc distributed simulation, LPs shareantrand future state predictions
via a construct called “space time memory” (STMke &igure 1 [44, 45]. The STM holds
time-stamped system state updates from differest ttfe time interval associated with an
update specifies when the update is valid. Hermcegdd a system state, LPs specify not
only the name of the desired variable but alsonee tstamp. Figure 1 depicts several
examples of read/write operations: both BRd LR update (i.e., write) Ywhile LP; reads
Va This method of information exchange is differdrdm that used in traditional
distributed simulations where the LPs are notibgdhe events that are exchanged through
messages. Note that since multiple LPs may genstaite updates for the same variable,
the STM should aggregate these state updatesditicad realization of the STM depends
on the physical system in which an ad hoc disteatimulation is embedded. Ideally, the
STM should be distributed over the simulation isfracture, but could, in principle, be
implemented in a centralized manner.

The optimistic synchronization method in the ad fapproach allows LPs to
advance individual simulation executions withoutessarily waiting for other LPs. An
example situation would be the one in which certhggsired state information of an LP is
not available upon request; instead of waiting,ltRemay approximate the missing state

information based on the past state informatiothat of similar variables/objects, and
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then advance the simulation. Since the approximatmuld be inaccurate, LPs have to
detect the disagreement between the used datdamuddictions later produced by other
LPs or the field data from sensors, and initiatellback if necessary. Similarly, if the data
received previously by an LP is determined to berror, a rollback mechanism should be
used to correct the erroneous data. The rollbaatharésm is similar to that in the Time
Warp method. That is, it rewinds the target LP btackhe time prior to when it used the
invalid data, restores the previous system statd, rastarts the simulation with the
“correct” data according to currently-available apes. Furthermore, the predictions
produced by the LP prior to this rollback mightdmmtaminated by the invalid data; these
predictions should be revoked, which results incomputing the projections. The
re-computation may further cause other LPs to Heddack if the revoked predictions
indeed contaminated the data that those LPs has@. Uss a consequence, cascaded

rollbacks are possible.
1.2 Problem Statement and Research Challenges

Ad hoc distributed simulation introduces a numbfearaalysis issues. This section
organizes the discussion of these issues arourdeloycle of a modeling and simulation
study, which includes the following steps: (1) desb formulation, (2) conceptual model
development/validation and data collection, (3) wdation program development,
verification, and validation, (4) experimental dgsand execution, (5) output analysis, and
(6) result documentation [46]. The following dissio particularly focuses on steps 2, 4,
and 5 where the choice of simulation analysis nahagies influences the design. The
issues pertaining to input data analysis (dateecttin and data model construction) are

discussed in Section 1.2.1. Section 1.2.2 expli@se in experiment design; Section 1.2.3,
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model execution and adaptation; and Section 1ca2iput analysis.
1.2.1Input Data Analysis

Each LP in an ad hoc distributed simulation is etaly a conventional sequential
simulation with the exceptions that its input preseEs must be estimated using real-time
data and it is subject to rollbacks. Since the irgaia used to construct appropriate input
process models are generated by LPs or sensors,nmbg have not only complex
autocorrelation structures but also cross-depenegioeving to the overlapping nature of
LPs’ modeling areas. Hence, a central issue cosactdra definitions of these input
processes.

The applications of transportation systems [17, 48, apply an intuitive yet
practical approach to input approximation in ad tistributed simulation. In these studies,
the input flow rates at the boundaries of LPs’ niiondeareas are estimated based on the
aggregated traffic flow-rate predictions within iaefd-length, rolling time window. In
addition, the studies list three possible datasifor input process estimation: (1) the
projected state information from LPs, (2) the r@ale traffic data from sensors, and (3) the
behavioral patterns based on traffic history.

The operations research literature presents segétd-of-the-art methods for
estimating dependent input processes [48, 49] #aw/the methods for generating sample
paths from such processes [50, 51]. These methedy@cally time-consuming and are
not designed for data sets that are generated $tafistically dependent simulations.
Therefore, their applicability in the dynamic segtiof ad hoc distributed simulations is
challenging, if not prohibitive.

This thesis will explore an input approximation eggrh to modeling open
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gueueing networks with independent routings. Inawgroach, the arrival processes of the
links between LPs’ modeling areas are approximaigdrenewal processes with
gamma-distributed interarrival times; the distribntparameters are estimated based on
the data observed within a fixed-length, rollinméi window [52, 53]. This approximation
design is from the paradigm of Whitt [54, 55] aadimited to open queueing networks. Its
applicability to closed queueing systems, queuegtg/orks with state-dependent routings,
and transportation systems is the subject of orpaeearch.

Another issue of input approximation relates toghmpling mechanisms and the
sizes of pertinent data sets. If a simulated system steady state, extending sampling
periods allows for improving estimation accuracypwéver, a longer sampling period
introduces challenges, including (1) higher compaoital requirements for input data
analysis and (2) slower response to system transitaway from stable conditions. The
latter is a consequence of an LP only modelingagb@hysical system; that is, changes to
a specific part of a physical system would not beealed to other LPs until the
corresponding LPs share the information. This dlansient tracking may be undesirable
and error-prone especially for the applicationsniied to capture the changes in system
behavior or the anomalous events.

In order to obtain more observations within a fitedgth sampling period,
multiple LPs can be deployed to model the same arehthe estimation of a state variable
is then derived by aggregating the data from théxe One advantage of this method is
that the amount of data grows in proportion toribenber of LPs. However, the overlaps
between LPs’ modeling areas would potentially resulcorrelated data streams; such
correlations must be handled with carefulness. énter example would be aggregating

the data using some simple methods based on the aneaedian because they are not
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suitable in general. In addition, regardless of @lggregation method, predictions from
various LPs may be weighted differently. Greatengiwe could be given to the LPs
projecting with higher fidelity, which can be afted by sensor capability, computing
power, and modeling details, to mention a few.

Finally, recall that ad hoc distributed simulatioase fundamentally online
simulations embedded in sensor networks. Thawishis ad hoc approach, prediction
accuracy is an objective, but speedy (i.e., fasi@n-real-time) execution is essential. Both
are important in evaluating an input approximatioethod. Since execution efficiency is
controlled by, for example, the method complexiteagl the available computational
resources, the best approximation to the underlgatg model is determined by not only
the data quality but also the effectiveness of ithut analysis method under such

computational resource constraints.
1.2.2Experiment Design

The first issue encountered in designing the expanis using the ad hoc approach
concerns the assignment of coverage areas to Lis.ig referred to as the “system
partitioning problem.” One solution is to assigreled P the area where sensor data are
locally available. This is cost effective in terra6 communication as sensor data are
consumed locally; long-distance transmission isrequired. However, local data alone
may be insufficient for making useful predictions commendations. By contrast,
instead of separating a physical system geograbhis®me applications may benefit
from the methods based on component similaritiese €uch application is to model the
systems that involve a large number of interactiam®ng the components of the same

category but very few across categories. Examptetide modeling the spread of
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computer viruses in the Internet and the informmatitiffusion in social networks. In
addition, a more general consideration should weothe computational resource
restrictions imposed by the environments in whichuations are executed. The balance
between the resource restrictions, the LP deployic@mfiguration complexities, and the
desired output measures create a complex dependerayg each other, which is not yet
completely understood.

A related issue to the system partitioning probtmncerns the choice of shared
information. ldeally, an LP would share as mucloinfation as possible. However, this
ideal configuration is impeded by the communicaiod computational limitations (as the
simulation must execute faster than real time istnapplications). The information to be
shared must be sufficient in terms of driving theut processes of individual simulations,
and must allow identifying state changes so thHdiaoks, when necessary, may be utilized
efficiently to catch up system dynamics.

An issue pertaining to how many LPs are requiredadel a segment of a physical
system is referred to as the “system coverage @nobISolutions to this problem have the
potential to significantly influence the output maee accuracy. Intuitively, a large number
of LPs are preferable as this should increase abe at which a system transient is
recognized. However, a key to the success of degomultiple LPs is the ability to
distinguish between the LPs that indicate the chanig system states versus those

“outliers” that do not reflect a true system trend.
1.2.3Model Execution and Adaptation

Ad hoc distributed simulations are most likely ®odarried out in sensor networks.

However, sensor networks are highly constrainedrenments with significant limitations
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and deficiencies. For example, the limited batemgrgy necessitates a balance between
the sensing and simulation tasks as well as a talletween the computation and
communication within each of the tasks. Anothereaiment comes from the CPU clock
speed and the available memory for they may be pesgerful compared to modern
computers, which would then prevent real-time resps. Wireless communication, which
is widely adopted in sensor networks, is also astasibe owing to the limited bandwidth,
the potential large latencies, and the likelihobdreors. Last but not least, LP failures may
be frequent when simulations are for emergencyqaey; the failures can be caused by a
myriad of possible damage arising in the embedded@ments, e.g., floods, wildfires,
or earthquakes. Therefore, replicates are impomamhproving the robustness of the ad
hoc approach.

The rollback-based optimistic synchronization metéa in the ad hoc approach
allows LPs to advance simulations as fast as plessiithout being held back by slower
LPs. It helps recover from the usage of incorrepuut models by triggering rollbacks.
Recall that if a requested system state (as inpud simulation) is unavailable, the
requesting LP may approximate the input rather twait. The approximation can be
inferred from the available historical or real-timiata. While each approximation method
has different impacts on the accuracy of the intesystem state predictions, the final
prediction relies heavily on how the invalid inpabdels are identified and corrected by a
rollback mechanism, or specifically rollback trigae criteria.

An effective rollback triggering criterion must féifentiate between the uses of
invalid input data and the normal statistical fiations because a rollback is unnecessary
if the distinction between the adopted input moaedi the corresponding system state

results from pure randomness or expected fluctnstid herefore, one major issue in
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deriving such criteria is to quantify the differenand set the bounds of acceptable
differences. A straightforward method is to speeifiolerance range with a fixed width.
However, the appropriate width varies by cases;eaerpl guideline can hardly be
formulated. A more reliable alternative is to $et width in a relative sense (e.g., allowing
a 10% deviation). Another type of methods appli¢gstigical hypothesis tests to
distinguish one model from the other. Without la$sgenerosity, consider the case in
which the null hypothesis states that the two n®del comparison are statistically
identical. Then, increasing the tolerance can beomagplished by choosing a lower
significance level, which is the probability ofeefing the null hypothesis. However, doing
so would raise the probability of the type Il egofhat is, it becomes harder to reject the
hypothesis, which is actually false. In additicegardless of the rollback criterion, it may
be helpful to evaluate the sensitivity of outputtnes to the variations in input data, as a
prior step.

Resource constraints (on computation and commuaicabr more generally
power consumption) add complexities to designimgllaack mechanism. When power is
a limiting factor, it must be considered how to iagk the best mapping of an ad hoc
distributed simulation over the available computregources. In some cases, restricted
optimism may be applied to sacrifice executioncetficy in order to prevent resources

from being excessively consumed by potential ralksa
1.2.40utput Analysis

Statistical analysis of the output data from ad Idbstributed simulations
introduces several challenges that are not presecinventional simulations. First, the

overall predictions from an ad hoc distributed dation are tightly coupled with the
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complex mechanisms involved in the input processr@pmations and the rollback
mechanism. While the simulation literature contaseseral methods for adjusting the
point estimates and confidence intervals of thepwutmeasures from conventional
simulations in order to account for uncertaintiasinput parameters [49, 56], these
procedures are not suitable for the dynamic naitieel hoc distributed simulation.

The rollback mechanism in the ad hoc approach doatps the problem of
removing initial transient effects in steady-statalysis. In conventional simulations, this
problem can be addressed by batching [57]. Howeher,batch method is not directly
applicable to ad hoc distributed simulations beeati® output processes can exhibit
temporary departures from the stationary state gwone.g., the communication failures
and the incident-driven changes in field data.

Estimating metrics spanning across multiple LRsisther challenge. For example,
estimating the distributions of travel times in ad hoc traffic/queueing network
simulation involves various complications. Considstimating the mean travel time of a
unit across a route, which is a relatively straigitard problem for conventional
simulations. In an ad hoc distributed simulatidre toute may cross the areas covered by
different and potentially overlapping LPs. If thmute is acyclic, the mean travel time may
be estimated by forming an optimal linear combmmatof the estimators from the
corresponding LPs. On the other hand, if the rootgains one or more cycles, as in the
gueueing networks with probabilistic routings, tleistimation problem becomes even

more difficult.
1.3 Research Contributions

This thesis addresses several issues in desiguirg@ distributed simulations,
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particularly focusing on the accuracy of prediciaegarding the performance of open
gueueing networks. The principal contributionsasédollows:

1. Formalization of ad hoc distributed simulation. To facilitate the analysis of
ad hoc distributed simulation, | have formalized #pproach using the notion
of functions and sets to describe the behavioheirtvolved components (e.qg.,
LPs and STM) and the mechanisms (e.g., rollbactera). Also, | have
delivered the pseudo codes that help convert tigh-level, conceptual
description of the ad hoc approach into an impldatem.

2. Theoretical analysis of steady-state prediction accacy for open queueing
networks. | have proved that the ad hoc approach can yieltly-state results
being statistically equivalent to those from sediaisimulations in modeling
the open queueing networks under some conditioh® dpen queueing
networks that satisfy these conditions are idesdifand documented using
Kendall's queueing model notation [58].

3. Experimental analysis of steady-state prediction awracy for open
queueing networks.Since most open queueing networks do not satisfy t
conditions mentioned in the previous bullet, the remt approach cannot
guarantee the prediction accuracy at modeling théfowever, some
applications allow a minor bias in estimation inclkeange for other
performance gains such as scalability, flexibiktyd fault tolerance. Therefore,
to study the steady-state prediction accuracy ef dd hoc approach at
modeling general open queueing networks, | havestootted experiments
with various network configurations (e.g., the ssgvtime distributions). In the

experiments, overestimation is observed but thenatibn biases are tolerable,
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which supports the conclusion that the ad hoc amprocan provide the

steady-state predictions comparable to those frequential simulations.

Furthermore, | have studied the overestimationeigbmough another set of
experiments to show that the issue is due to thetiapproximation method.

Moreover, the results confirm that the issue be@mere apparent when the
service-time coefficient of variation (CV) increase

4. An accuracy improving mechanism.While the overestimation issue can be
solved directly by an input approximation methodttproduces the models
with higher fidelity to the underlying data, thissthod is not computationally
efficient for ad hoc distributed simulations asytla@e expected to run under
constrained computing resources. Instead, | havposed a “buffered-area”
mechanism, which builds upon the idea of enlargimg “distance” between
where the imperfect input approximations are mad@ &here the system
performance estimates are measured. The empingdtree is presented to
show that this mechanism substantially reducesestanation bias with a
moderate increase in the execution time.

5. Performance evaluation of system partitioning methds. | have explored
the system partitioning problem in the ad hoc apgnoat modeling open
queueing networks, and have focused on the infeiefpartitioning methods
over the prediction accuracy. In total 11 partithgn methods are evaluated
experimentally, and the results indicate that thggsétioning methods do not
appear to significantly affect the prediction aemyr as long as the entire
modeled queueing network is covered by a suffiarembber of LPs.

6. Experimental analysis of prediction accuracy for oen queueing networks
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with short-term system-state transients.| have extended the empirical
studies further to demonstrate the potential ofatidhoc approach regarding
instantly capturing system dynamics. This worktstarith examining the ad
hoc queueing simulation method in the aforementsteady-state study and
identifies a design flaw, which causes a delaysdaese. | have fixed the issue
and showed the effectiveness of the new designamows conditions: the
experiments evaluate 6 different network configorsg with the system
dynamics introduced by both increasing and deangasgie external arrival
rates. Moreover, the ideas behind the new desigrelaborated with counter
examples to reveal the possible impacts from thppropriate usage of the ad

hoc method.
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CHAPTER 2

PRINCIPLES OF AD HOC DISTRIBUTED SIMULATION

An ad hoc distributed simulation of a physical systs constructed by employing
multiple logical processes (LPs), each modelingodign of the system, and adding
communication among the LPs via a synchronizatemvise to collectively model the
entire system of interest. Without the synchromiaservice, these LPs are essentially
independent sequential simulations. That is, theyat coordinate individual modeling
tasks, including the modeling areas, the shareatnmtion, as well as the required input
data to the individual simulations. The synchrotic@aservice “links” these simulations
together as a comprehensive modeling task, andekign of the involved mechanisms
(e.g., rollback triggering criteria) is importamt ierms of the effectiveness of the ad hoc
distributed simulation.

In this chapter, | will formalize the ad hoc appba particularly the
synchronization service, and deliver the pseud@sdor better understanding the service.
Also, | will prove that, in modeling some open geig networks, the ad hoc approach can
produce high-quality system-performance estimatésch are statistically equivalent to

those from conventional sequential simulations.
2.1Formalism

A modeled physical system can be represented &se which is a set oM
objects, denoted &= {G,, G, ..., Gu}. Each objecGy (1 g M) stands for a portion of
the physical system. These objects are shared abfesigwhich implies that an LP can

read or write the value of any object through tyechronization service. To facilitate the
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following formulation, the number of LPs involved an ad hoc distributed simulation is
assumed to b and the LPs are denotedld, LP,, ..., LPy. Furthermore, the local state
of LPp’s modeling area ik, (1 Ip N). For clarity, herg is used to index objects afpd
to index LPs.

An LP writes the value of an object with a timeue. Typically, the value is a
prediction of the object at that time. It is dedvey invoking a function, which maps the
LP’s local state to an appropriate representatidh vespect to the object. Hence, the
function, named Local2Global, can be formulated as

Local2Globa}, g: {Lip} x {t} ® {vg},
wherey is the value 0G4 at timet thatLPy, shares with other LPs. The subscrifgsand
g, next to the function name indicate that the dpeftinctionality depends on the LP and
the object. Similarly, a function Global2Local cents the value of an object to an input
for the simulations that model the object. Thischion, which is generally triggered after
an LP reads the value of an object, is defined as

Global2Loca}g: {Vg} x {t} ® {ing},
wherev is the value 0G4 with respect to timg anding is the input that is fed intioPy, for
simulatingGg.

The synchronization service of the ad hoc appr@dichivs LPs to read and write
values of objects, and also to “undo” these reatéwaperations in case errors are detected
in the read or the written values. The synchroiopaservice is supported by a logical
construct called space time memory (STM), whichtdi@s collection of records. The
records are created through read/write operatindsee removed by anti-write (i.e., undo)
operations; | will elaborate on these operatiotsrafiscussing the capability of the STM.

Arecord in the STM is a 5-tuple that follows tleerhat:
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(rw, Ip, g, v, t).
The first parametenw indicates the type of the operation correspontinthis record,; it
can be either “” for read operations or “” for write operations. The next two parameters,
Ip andg, are the indexes of the invoking LP and the retpakesbject, respectivelyp is an
integer between 1 and while g is between 1 and/, inclusive in both cases. The
read/written value oGgy is v, which is the fourth parameter. The last paraneiea time
interval that specifies whewn takes effects. The time interval is bounded bylosex
starting pointts and an open end poity denoted as = [t, t). The meaning of a record
depends onw: if rwis , the record indicates thaPy, readsv as the value dBy and will
use the valug in its simulation with respect tpotherwise, ifrw is , the record implies
thatLPy, predicts the value d@by to bev with respect ta.

The STM provides an interface to the synchronizeservice for accessing records.
Considering data integrity and software modulardyproper design must not allow
simulation applications to directly manipulate teeords in the STM; this STM interface
should be visible to the synchronization servicé.ofhe STM interface defines three
functions and their pseudo codes are shown in Eigur

1. STM_Add(rw, Ip, g, v, t). This function adds to the STM the record with the

corresponding arguments; see lines 01-04 in Figure

2. STM_Erase(w, Ip, g, v, t = [tg, tg)). This function removes from the STM the

records with the corresponding arguments; see ed3 in Figure 2. Note
that comparing two time intervals requires spetiehtment. For example,
considering an existing record= (rw, Ip, g, v, t; = [ts, tre)), the relationship
between the two intervatsandt, belongs to one of the following six cases:

I. te ts Inthiscase, the two time intervals do not oertdence, this record
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is not deleted.

ii. ts<ts<te te The two time intervals overlap betwegmndt... That is,
one part of the record with respect to the oveitagppime interval {;, t¢)
should be removed. However, the other part ofélcend with respect to the
rest time interval should remain. As a consequetheetime interval of the
record is shortened intt tJ).

i, ts <ts<te <t Similar to Case ii, the two time intervals overkpts, te)
and the record with respect tg fc) should be deleted. Unlike Case, {)
breaks the time interval of the record into two +umerlapping time
intervals: f, t) and [, t). Hence, the time interval of the record is
modified to be s, ts) and, in addition, a new record is added withséwme
arguments as the original one except that the ititeeval is set totf, t.).

iv. ts ts<te t Inthiscase, the two time intervals overlap bemig andt;e,
which results in deleting the entire record.

V. ts ts<te<te The two time intervals overlap df ts), which is similar to
Case ii. As a consequence, the time interval ofeékerd is modified to be
[te, tre).

vi. te ts Same as Case i, the two time intervals do notlaggethe record
remains untouched.

For simplicity, a notatioy =t is used in the pseudo code to indicate that the

two time intervald; = [t; t1e) andt, = [tas toe) Overlap. In other words; =t

impliestys ths<tjeOrtys t1s<tre
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$%

Figure 2: Pseudo Codes of STM Interface

3. STM_GetRecordsfw, Ip, g, v, t). This function returns a set of the records
with the corresponding arguments; see lines 14nZtdure 2. Similar to the
last function, the comparison of two time intervagst consider both the start
and end points. In this function, a record is ideld in the set if its time interval
overlaps and, of course, all the other four arguments match

The synchronization service is the core of the @d dpproach, and provides LPs

with the ability to communicate and share inforraatiThis service is realized through an

interface, which defines six functions. Three fumrcs are to be invoked by LPs to perform

29



the read, write, and anti-write (i.e., undo) opera; they are referred to as the
“operational functions.” The remaining three arellbeek functions—simulation
applications must implement them so that the syordbhation service can request for
certain application-dependent decisions or enfaR£to execute rollbacks. Details of the
operational functions (the pseudo codes of whighimarFigures 3 and 4) as well as the
expected behaviors of the callback functions arfeléswvs:
1. Read(p, g, Vv, t). LP;, invokes this function to read the value@fwith respect
to timet. This valuev is computed based on the currently-available ptixstis
by invoking the callback function AggregateValugs@e lines 03-04 in Figure
3. In line 03, the asterisks “*” are used to repréghe notion of “all.” That is,
line 03 states that the detis composed of the write records corresponding to
G, with respect td, regardless who wrote the value and what valuenviten.
The notation “*” will be used throughout the whgdeeudo codes with this
same meaning. After the value @Gf with respect to time is computed, the
follow-up operation depends on the parameter
I. If vis not specified (or “NULL” by our convention)yead record is created
in the STM with the computed value, i.e,,which will be returned via the
function parametev. In this case, the function returns FALSE to nyotife
function caller that a new value may be insertéd vnOne special case is
that if the corresponding predictions (i.e., wrgeords in the STM) are not
sufficient for estimating the value &f;, v may be NULL. In this case, the
read operation is not logged.

ii. If vis not NULL, the next step is to determine i acceptable compared

against those currently-available predictions. Téidone via the callback
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function AcceptDifference(), the details of whicklwe revisited soon. ¥

is within tolerance or if the corresponding preics are insufficient, a

read record witlv is created in the STM and the function returns ERU

which indicates thav is accepted. Otherwise, the function set® the

computed valuey, creates a read record within the STM, and returns

FALSE.

Ok

*+t

$%,+

*+t

-kt

. /00 %!

*

$ %

*t

B

*pt

Figure 3: Pseudo Codes of Synchronization Servitaxflce (1)
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2. Write(lp, g, v, t). LPy, calls this function when it predicts thats the value of
G4 with respect to timeand it wants to share this information with othEs. A
write record is created in the STM, which is folksvby a procedure to check if
rollbacks are necessary to some LPs, or more $pabyf to those LPs who had
read the value dby with respect to time The checking process (lines 16—24 in
Figure 4) is based on individual read records. Tikatfor a read record
pertaining toGy with respect to time, the value in the record is compared
against the currently-available predictions. If fadue is unacceptable, the LP
associated to the record needs to be rolled bakk. rdllback notification
piggybacks a new value (computed via Aggregate\&judor the LP to
replace the invalid one.

3. AntiWrite( Ip, t = [ts, )). LPyp invokes this function if it is rolled back to the
time pointts and it needs to remove all the possibly-contaretshatad and
write records. Since removing read records doesifett the projection of the
modeled physical system, the read records can leedewith no further
concern. However, this situation does not applyeimoving write records.
Specifically, removing a write record necessitaeamining the LPs that had
read the corresponding object; see lines 09-1214nd Figure 4. Hence, the
entire procedure of removing write records involygy finding all the read
records that might be affected due to those toddeteld write records, and (2)
after those write records are deleted, checking effected read record with

respect to rollbacks, which is the same as thdbpeaed in write operations.
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Figure 4: Pseudo Codes of Synchronization Servitaface (ll)

4. AggregateValuesR). User applications must implement this callbackction
to aggregate the predictions in the paramBterto a valueR is a set of the
write records corresponding to the same objects Timction should either
return the aggregated value or NULL if the writears inR are insufficient to

generate an estimate because, for example, theaph-defined confidence
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level is not satisfied.

5. AcceptDifference(p, g, v, t, R). User applications must implement this
callback function to determine if the valweis within the acceptable range
based orR, which is the set of the currently-available pefidns pertaining to
Gy with respect to timé The decision may take into account the LP who had
usedv (i.e., LPp). This function should return TRUE ¥ is acceptable,
otherwise FALSE.

6. Rollback(lp, g, Vinvaiid, t, Vhew). User applications must implement this callback
function so that the synchronization service catifnd.Py, to rollback. This
rollback request is based on the fact tia}, had usedinaig in modelingGy
with respect to tim¢. However, as NOWinaiig turns out to be in errot,P,
should usevnew for simulatingGq at t. This function does not have a return

parameter.
2.2 Accuracy on Modeling Open Queueing Networks

This section derives a sufficient condition for #itehoc distributed simulations of
open queueing networks to produce asymptotic riesule statistically equivalent to those
produced by traditional, replicated sequential $atons. In modeling queueing networks,
a common objective is to derive the estimation esxxyregarding the system performance
measures in steady state. Hence, the followingyaisafocus on the accuracy of point
estimates and the confidence-interval (CI) coverage the steady-state system
performance measures at each queueing statioranéiysis further assumes that the open
gueueing networks under study are stable.

This analysis relies on partitioning a modeled ogeeaueing network into several
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non-overlapping subnetworks so that each LP madedsof them. The internal arrivals for
a subnetwork are the departures from the queu¢atigiss surrounding this subnetwork.
The links along which internal arrivals enter arsefivork are referred to as the “internal
input links;” these links are also the links alongich internal departures leave another
subnetwork, and hence they are also referred theadinternal output links.” The data
models that capture arrival processes on intenmaltilinks are crucial to the accuracy of
system performance measures, which are producietlmprresponding simulations of the
subnetworks. Typically, one cannot know a priodetrarrival process on every internal
input link; approximations must be made. As a cqusece, to guarantee the desired
accuracy performance of ad hoc open queueing nktsionulations, the condition is
derived as follows.

Proposition 1. Suppose that (1) the subnetworks modeled by aifafn a perfect
partition of the entire modeled network; (2) theasty-state flow on every internal output
link forms a renewal process, and the inter-departimes on these links are used to build
and update the corresponding empirical distribi@md (3) the arrivals on internal input
links are generated following those periodicallydaed empirical distributions. Then, as
the simulation run length increases, the ad hoaoggh yields more accurate point
estimators and confidence intervals (CIs) for tteady-state performance measures at
every queueing station. These point estimatorsGedwvill be statistically equivalent to
those produced by a sufficiently-long executios@fuential simulations.

Proof: Recall that the external arrivals feeding the nedi@etwork are generated
from the appropriate theoretical data models, wii¢he same in both the ad hoc approach
and the sequential simulation method. What disisiggs the two simulation

methodologies is the mechanism that models intemadals. In the ad hoc approach, the
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internal arrivals are generated following the peically-updated empirical distributions.
Since these empirical distributions are construbtesked on inter-departure times, they will
converge weakly, with the probability 1, to thepestive theoretical distributions after a
sufficiently-long transient phase (according to tec20 in [59]). Then, given that the
interior of each subnetwork is simulated propartyder some mild continuity assumptions,
point estimates for mean performance measures eafiverge to the respective
steady-state means [60]. Also, under appropriaténignior ergodicity conditions [61], one
can establish the asymptotic normality of poinineates and the equality of underlying
variance estimates with those from sequential sitraris.

The aforementioned assumptions are clearly onertspne that requires the
renewal property is one such example. As Table 6% shows, very few queueing
stations have renewal departure processes. Byasbnstationary arrival and departure
processes at queueing stations in the networks wotiplex routes are in general
dependent processes with complex multivariateiligions [63-66]. Fitting multivariate
models to such processes and generating realigatiom the fitted models is a hard
problem, especially under the expected computdtiomastraints in ad hoc distributed
simulations.

According to Table 1, the two types of networkst tim@et the above assumptions
are acyclic Jackson networks and the tree-like odsvthat are composed of GlD/
gueueing stations along with state-independentirgdtional routing. In the former case,
departures at each queueing station are routediéstanation with a probability, which is
irrelevant to the network state. That is, this fereeveral independent Poisson departure
processes at that queueing station. Hence, thdysttate input process at every queueing

station is a superposition of Poisson processdbeltatter case, the routing mechanism at
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each queueing station results in delayed (albgiedéent) renewal flows. Moreover, the
acyclic nature of both the classes of networkswaldhe establishment of asymptotic

validity of estimators for additional performanceasures, such as the mean travel times
of units across paths.

Table 1. Queueing Stations Producing Renewal DeqgaRrocesses in Steady State

Queueing Departure

) Description
Station Process
i Poisson arrivals, exponential service times, mand

M/M/m Poisson _ _
_____________________________________________________________________ dentical servers
. MO Poisson No service time (0) with system capacity

General independent-and-identically-distributediser

M/GI/1/1 Renewal times with no waiting capacity (excluding the one i
__________________________________________________________________________ service)
________ MD/A  Renewal  Constantservicetimes
________ MGV Poisson ___Infinite number of servers

M/Gl/mwith PS _ . . o

_ L Poisson Process-sharing (PS) service discipline

senvicediscipline e
M/GI/nm/L with . ,
_ _ Last-come-first-serve (LCFS) preemptive-resume (PR)
LCFS-PR service Poisson _ o

L service discipline
_______ e

GI/D/m Renewal Renewal arrivals

Note: All systems have infinite system capacitfinite calling population, and
first-come-first-serve service discipline, unletiseswise specified.

2.3 Conclusions

This chapter focused primarily on the theoreticglets of the ad hoc approach.
First, this approach was formalized and modulariZed software engineering
considerations. The interface between LPs andythehsonization service provided by the
ad hoc approach were defined as simple but alsmeprehensive as possible, which

improves flexibility while assures the correctnésssynchronization. In addition, the
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separation of the STM from the synchronization serymainly considers the software
reuse and replacement. This design allows the Siplementation to be arbitrary, such as
reusing existing software or designing specificétly a user application for optimizing
execution performance. Furthermore, modularizatnakes it possible to replace the old
STM implementation should the advanced data managetachniques become available
in the future.

Secondly, this chapter explored the theoreticaabdiy of the ad hoc approach on
modeling open queueing networks. It was proventtieestimates produced by an ad hoc
open queueing network simulation can be as accasatkose generated by the sequential
counterpart for the queueing networks satisfyingesconditions. However, in practice the
conditions are rather limiting. Also, it is chaltgng to further relax these conditions while
hold the theoretical accuracy, not to mention tihanhight be infeasible if additional
requirements are to be enforced, such as resgricimputation resource consumption and
achieving desired execution efficiency. As a consege, Chapter 3 will address the issue
of prediction accuracy in practical applicationsdxperimenting on various designs of the

ad hoc approach as well as different queueing n&taanfigurations.
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CHAPTER 3

AD HOC QUEUEING NETWORK SIMULATIONS

Although ad hoc distributed simulation is motivatedconstructing real-time,
microscopic in-vehicle transportation simulatioosdrban areas [47], this approach offers
the potential for use in other applications, whiohtivates the work described next. To
explore the capabilities of this approach, a typigecedure involves applying this
approach to a general, abstract model that camumaptmyriad of practical realizations.
Hence, this chapter focuses on applying the ad dmmroach to simulate queueing
networks as they are used to model a variety afstréhl systems, ranging from computer
networks, communication systems, to supply chainsthis context, each simulator
(logical process, or LP) in an ad hoc distribut@dutation could model potentially
overlapping portions of a global supply chain, ihtonsists of production facilities (e.qg.,
semiconductor fabs), warehouses, and transportatistems (e.g., vessels, planes, and
trucks). More specifically, each LP can involveigas geographical areas or facilities.

The remainder of this chapter is organized as \ficdloSection 3.1 describes the
software architecture for the ad hoc queueing nétwionulations in the following sections.
Section 3.2 elaborates on the mechanisms in thesgasions while the experiments for
the performance study are described in Section S&tion 3.3 also includes the
experiment results and analyzes some deficiendesreed in these results. To address
these deficiencies, a buffered-area mechanismoigosed in Section 3.4, along with an

empirical analysis to show its effectiveness. Byn&ection 3.5 concludes this chapter.
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Figure 5: Primitive Software Architecture for Ad &lBistributed Simulation Based on
Discrete-Event Simulation

Ad hoc distributed simulation is an approach todpréng future states of
operational systems by “connecting” autonomous Ig8sit can be regarded as more a
synchronization mechanism rather than a modelintpogelogy, such as the time-stepped
simulation approach or the discrete-event simutatapproach. In other words, the
modeling method adopted by each LP is in principlelevant although the choice of
which would affect the software implementation tHglues” the synchronization
mechanism and the modeling method. Figure 5 depctdesign of the software
architecture for the LPs modeling a system undefedtigation (SUI) using the

discrete-event simulation approach. That is, theragpns of a SUI are modeled by a

3.1Implementation Architecture

sequence of time-ordered events.

An implementation of a discrete-event simulatiopi¢glly contains two parts: the
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simulation application and the simulation executsee Figure 5. This design separates the
SUl-related code from those independent of the S®&pecifically, the simulation
application models a SUI by maintaining the statgables that represent the SUI's state
and providing event handler procedures for evemtmimic the operations of the SUI
through modifying those state variables as we&®eduling future events if needed. By
contrast, the simulation executive manages thelation time and future events, which
are stored in a pending-event list; the procedsitmmmon to any SUI. That is, a standard
implementation of the simulation executive repelgtéaops through a block of codes,
within which the event associated with time closesthe current simulation time is
retrieved from the pending-event list, the simwlattime is updated accordingly, and the
respective event handler procedure in the simulajplication is invoked to process the
event. Moreover, the simulation executive providges interface for the simulation
application to schedule future events into the peprdvent list.

Similar isolation of the components that are inaej@at of the SUI can be adopted
in implementing the ad hoc approach. One implentiamtas to isolate the space time
memory (STM), as shown in Figure 5. Recall thatgdescribed in Section 2.1, the STM
holds a collection of data and provides an accedhdse data through the following
function calls: STM_Add(), STM_Erase(), and STM_Betords(). Although it is
suggested in Section 1.1.3 that the STM shouldfy@eimented as a distributed set of
objects, the implementation and experiments desdritere use a simple approach where
the STM is implemented centrally as a single LP.

While the STM is separated as an independent coemppthe rest of the ad hoc
approach needs to be closely coupled with the muglgart (including the simulation

application and the simulation executive) becatisgght affect the model. For example,
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when a rollback is triggered, the simulation timestrbe rewound, the state variables have
to be restored to their previous values, and tmelipg-event list requires reconstruction.
Hence, as shown in Figure 5, the ad hoc approdatpiemented as a component that can
access both the simulation application as wellh@ssimulation executive. The ad hoc
implementation at each LP is further decomposeal tiné ad hoc operational functions:
Read(), Write(), and AntiWrite(), and the ad hodllmck functions: AggregateValues(),
AcceptDifference(), and Rollback(). Recall from 8ec 2.1 that applications must
develop their specific callback functions as thesetions are invoked by the operational
functions for resolving application dependent issule addition, the operational functions
would call the STM services for accessing the r@s@f previous read/write operations. In
this implementation, this is realized via the rime infrastructure (RTI), which is not
unlike that used in the High Level Architecture (&Lto interconnect simulations.

The ad hoc implementation in Figure 5 allows fastomization of LPs as they can
have their own implementations of the callback fioms. An LP may adjust the adopted
mechanisms based on its available resources ¢apability), the desired prediction
accuracy or execution efficiency, and other condgi Regardless, in the following
experiments in this chapter, all LPs employ the esamechanisms for the callback
functions. That is, the functions for the ad hoemapions and the ad hoc callbacks can be
extracted out of LPs, and they are incorporated ihé centralized code that drives the
STM; see Figure 6. This implementation strategyasnly for programming convenience
although it also reduces the communication overleddeen the ad hoc operations and
the STM services (the study of which is outsidesb@pe of this chapter). The only part of
the callback functions that is left at each LPas follback handling since each LP has

different system states to be reconstructed.
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Figure 6: Adopted Software Architecture for Ad HQaoeueing Network Simulations

All the ad hoc queueing network simulations in thisapter are executed in a
computing system with a cluster of tightly-couplamcessors. These processors do not
share memory spaces, and instead the underlyinghocomation in the RTI is through the

message passing interface (MPI).
3.2 An Open-Queueing-Network Model

The remainder of this chapter examines the ad ppcoach on modeling open
gueueing networks, in which the queueing statioredés) are arranged in am x n
rectangular configuration. The primary focus is &vwe 8 grid network shown in Figure 7.
Each node in the network contains a single senvén an unlimited buffer and the
first-come-first-served (FCFS) service disciplirgervice times of all the servers are
independent and identically distributed (I11D) witie mean equal to one second, and the
service-time distribution varies by experiments.

Arrivals to a node in the network in Figure 7 avefold: external (from outside the
network) and internal (from any node in the netwoBkternal arrivals to each node form

a Poisson process with the rate 1 / 6 per secondoBtrast, internal arrivals to a node are
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the processed units from the neighboring nodes dbase the routing probabilities
illustrated in Figure 8, which differ by node typ®&kdes are classified into three types: the
corner nodes (i.e., nodes 0, 7, 56, and 63), the eddes, (e.g., nodes 1, 2, and 3), and the
interior nodes (e.g., nodes 9, 10, and 11). Fig(a¢ shows the routing probabilities at a
corner node: a processed unit leaves the netwdtkthe probability 0.6 or moves to any
of its neighboring nodes with the equal probabi(t?; similarly, Figures 8(b) and 8(c)
depict the routing probabilities at an edge nodeaminterior node, respectively. Note that

the processed units are routed independently d¢f ether.

Figure 7: An 8 x 8 Grid Network
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Figure 8: Routings at Nodes

This 8 x 8 grid network in Figure 7 is quite laag® it contains many cycles, which
leads to complex potential routings. Also, theficahtensity of a node can be up to 0.8;
that is, a server can be heavily loaded. As a apresece, modeling such a network is no
easy task—it has the potential to expose deficemnof the current, early-stage design of

ad hoc queueing network simulations.
3.2.1Partitioning

The first set of experiments aims at evaluating @adehoc queueing network
simulations with a symmetric partition. Specifigalhe modeled grid network is evenly
partitioned into portions (subnetworks) while, he tsame time, an overlap may exist
between any two adjacent portions. This is refetceds the “regular partitioning.” The
specifics about applying this partitioning methodhe modeled network will be discussed
in Section 3.3.1.

Considering the regular partitioning as a baselihe,second set of experiments
focuses on the potential impact of the partitionmgthods to the accuracy of system

performance estimates in ad hoc queueing netwarkilations. The network under
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investigation is partitioned so that LPs model areéh different sizes and shapes. This
“irregular partitioning” will be elaborated in Sem 3.3.2.

Regardless of how the modeled network is partitipram LP models the arrivals
and departures of the units circulating in its mMedesubnetwork using the discrete-event
simulation approach. This leads to the problem that processes capturing the units
arriving at the boundary of a subnetwork are unkmaithe beginning of a simulation. For
example, an LP does not have prior knowledge oétheal process from node 4 to node 3
(in the network in Figure 7) if the latter nodersts modeled subnetwork while the former
one is not. Therefore, these processes are prgooadi as Poisson processes with the rate
1 / 6 per second, and they will be adjusted dynallyicbased on the information
exchanged among LPs during the simulation execution

As in typical cases, an ad hoc queueing networkilsition starts in an empty and
idle state. Then, LPs start exchanging informationugh the space time memory (STM)
after five minutes in simulation time, which is marily for preventing the shared data
from being influenced by initial transients. Thetadls pertaining to the information
exchange and other involved mechanisms will berds=t in the following subsections.
Note that in the remainder of this chapter all twakies refer to the simulation time, rather

than the wall-clock time.
3.2.2Information Exchange

The objects shared among the LPs in an ad hoc opgeoetwork simulation are
the flow states of all links in the modeled netwoslere a link is a connection between
two nodes with the direction being from the depaythetwork to the arriving one. The

value of a flow state is defined to be a set ofsfagistics of interdeparture times on a link.
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The statistics include the number of observed daearture times and the first two sample
moments; grouping them together forms a “predicti@enoted by ff,, My, Myp) IN
which the subscriptp indicates the LP that provides this predictione Tdbservation
period is set to be the last five minutes; thigefiainute rolling window is primarily to
prevent the statistics from becoming overly sewsito the statistical “fluctuations.”

After the five-minute transient period at the begny of a simulation, every 30
seconds each LP produces a prediction for evety itirmodels with respect to the
following 30 seconds. Specifically, Igt, be the time point an LP produces a prediction,
say (ip, My ip, My p). The data constitute to this prediction are obsein fow 300, thow)
while the prediction is regarded as the projectérihe corresponding flow state with
respect tothow, thow + 30). Hence, a write record with vale (nip, my,p, My p) and timet =
[thows thow + 30) Will be created in the STM, as the resul @frite operation invoked by the
LP. This write operation also involves checkingoifbacks need to be triggered at the LPs
who had requested the corresponding flow state mgpect tothow, thow + 30) before this
new prediction is generated. This aspect will labdetated in Section 3.2.5.

Every 30 seconds, an LP queries the flow statevefyelink that originates at a
node outside but connects to some node inside ddelad subnetwork. The query
provides a value the LP would like to use for te&tr80 seconds; the value is set to the last
statistics the LP has used for the previous 30rs#col he provided value may be granted
so that this LP keeps using it, or it may be denwbde a new value is returned. This LP
then replaces the provided value with the new dhe. validity of the provided value is
evaluated according to the same criteria for dateny if a rollback is necessary (see
Section 3.2.5). As to the returned new value, it aemputed based on the

currently-available predictions; the details arsalibed in Section 3.2.3. It is noted that
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this approach is somewhat different from the traddl read operations where an LP issues

a request and waits for the value in response.
3.2.3Estimation Aggregation

Given a set of predictions, denotedhf( m,, M)}, aggregating them may be
necessary when, for example, an LP queries theec@sp flow state with which these
predictions are associated. To fit the format @irediction, the aggregated prediction is
also presented in a 3-tuple€n,rﬁl,ﬁ12); n is the number of predictions involved in
calculating the aggregated prediction (ires [{(np, My, Mp)}), and M and m, are
the estimated first and second moments, respegtiVéle estimated first moment is a
random sample from the predictions while the edtihaecond moment is calculated from
the pooled variance.

Specifically, the estimated first moment (i.&,) and the first moments from the
predictions (i.e.myy’s) are regarded as the samples of an unknown nanvadoiable. The
density function of this random variable is estiathtising a standard Gaussian kernel [67].
The estimated first moment is generated by randgmeking one of the samples and then
sampling a normal variate centered at the choseplsa This kernel-density-estimation
method is chosen because it is non-parametrictaredjuires a very small computational
effort. Given the estimated first moment, the eated second moment is calculated so that
the estimated variance is equal to the pooled neei@f the predictions.

The estimated first moment is expressed in Equat®h), in whichh is the
bandwidth based on Silverman’s suggestion [67] asa standard normal random variate.
Since the first-moment estimates might form a dtistion other than a uni-modal one (e.qg.,

a bimodal one), the bandwidth is sehts 1.06An**> with A being the minimum between
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the sample standard deviatiof (n Equation (3.2)) and the sample inter-quartdage
divided by the value 1.3.
ffy = RandUnfm,,f)+h (3.1)

= i -m 2 i m :1
Sl—\/ 1L (myy - M with m = et (3.2)

The estimated second moment is shown in Equati®), @e derivation of which

is based on equating the estimated vari&de Equation (3.4) and the pooled variance of

the predictionss(zp) in Equation (3.5).

-1 (0 -9

H =P Ip 22
m, n, (nlp ) +m (3.3)
Ip Ip
n,
| ~ ~
s* =2 (- riY) (3.4)
Ip P
(nlp - 1)3;2) n ( 2
_ o My - )
) =2 oy it S =" nl'p_l . (3.5)

3.2.4Data Resolution Conversion

Although LPs model unit arrivals and departuregytldo not share every
interdeparture time, considering the possible comoation overhead. Instead, as
discussed in Section 3.2.2, the first two momeftmterdeparture times are published.
This implies that an LP will not obtain the detdilmformation more than the first two
moments upon requests. Given only the first two sy arrivals can be generated by

various approaches. Two methods are adopted: tbsiedildresses the cases in which
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service times follow exponential distributions ahd second covers the remaining cases.
In the cases where all service times follow exptiaémistributions, each LP
approximates the arrival processes on the linkssacits modeled subnetwork as Poisson
processes. For a specific Poisson arrival protieesnean is set to the given first moment
while the given second moment is discarded; theramtival times are generated by
random sampling. On the other hand, when the semutes are non-exponential, the
arrival processes are modeled as renewal procesgegamma interarrival times. This
approximation is based on Whitt's methodology [58] where the shape parametaand
the scale parameterof a gamma distribution are estimated using théhateof moments;
see Equations (3.6) and (3.7). In these equationgndm, are the first two moments,

respectively.

(3.6)

(3.7)

3.2.5Rollback Detection

Producing or removing a prediction may change thig-picture view” of the
corresponding flow state that this prediction iscasated with. If the change is beyond a
certain range, the previous (old) state is consuli@nvalid. That is, the LPs that had used
the old state need to be notified so that theyrolibback and restart their simulations with
a more “update-to-date” value based on the custaté. The procedure for determining if
a rollback is necessary is referred to as the Weak detection mechanism,” which is
mainly about comparing the old state against thieeatly-available predictions. Note that
a previously-shared prediction may be removed whersharing LP triggers a rollback to

invalidate the prediction, which will be detailed$ection 3.2.6.
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The first part of the rollback detection mechansompares the value an LP once
used for modeling a flow state against the curyeaiailable predictions of the respective
flow state. The comparison is as follows where dhby first moments of the predictions
are taken into account. Léfi and S? be the sample mean and the sample variance of
these first moments, respectively; see Equatior® éhd (3.9) as a repetition of Equation
(3.2). In these equations s the number of the predictions. In the casekl wless than 2,
this rollback detection mechanism aborts sinceptiedictions are insufficient to derive a

meaningful conclusion with regards to the validifya value. Otherwise, with 2, by

following a traditional quality control paradigmstanates within the rangen, + gy S2/n

are considered acceptable. (The effect of the piatasorrelation between the predictions
is ignored for now.) In general, the constaman be set to 3, which corresponds to a 99%
confidence level. However, this assignment woukliitein many unnecessary rollbacks,
wasting a substantial amount of computing resousrgglout improving prediction
accuracy. Hence is set to 4 based on the intuition that a lamealue leads to fewer
rollbacks but less accurate results. The relatiprsbétween the value, the computational

cost, and the prediction accuracy is another daedor future work.

mot
m = n My, (3.8)
2_ 1 _ =)
=0, Mmo-m) (3.9)

The second part of the rollback detection mechamssoconducted if the value an

LP once used (say is outside the rangen, + g,/S?/n . In this case, the LP will be notified

to roll back its simulation back to when it startesingv. Also, the notification will carry a

new value of the flow state thats associated with. This new value is calculataskld on
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the currently-available predictions by invoking thggregation mechanism described in

Section 3.2.3.
3.2.6Rollback Handling

A rollback notification to an LP contains an invhlialue the LP had used, the time
period associated with the usage ($ay[ts, ts)), and a new value as a suggestion that the
invalid one should be replaced with (s&yw= (n, Mo, My )). Upon receipt of such a
notification, an LP first revokes all the read amdte operations it had performed with
respect to the time periotl,[ ) by invoking an anti-write operation with tinbg In other
words, all the read/write records in the STM afiere ts and also associated with this LP
are erased. Such a revocation in turn triggersdligack detection mechanism discussed
in Section 3.2.5.

After the revocation, the LP reconfigures its siatign with the new value. Instead
of rolling back to times, the LP rolls back further so that the potentralSmatches” do not
result in abrupt changes in predictions. Specifjcahe LP rolls back to five minutes
earlier (i.e.,ts 300 seconds), and the input data within the @eérjts 300, t5) are
interpolated. This period is also referred to a&s“ttoast-forward phase.” The computation
in this period is local to the executing LP. Henoe,this phase, LPs do not share
predictions.

The specifics concerning the input data interpotatare as follows. The first
moments are linearly interpolated. Let the firstrnemt used at timg 300 be My 300
Sincem o should be used at tintg at timets dthe LP usesyg=myo d (Mo My 300
/ 300 as the first moment. The second moments @rénearly interpolated; instead, the

coefficients of variation (CVs) are linearly intetpted. After then, the second moments
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are calculated from the CVs and the first momemntsesthe CV at timés d can be
represented by the first two momentgy andmy, 4, respectively; see Equation (3.10).

cv, = Ve " Ma (3.10)

My
3.3 Experiments and Results

The ad hoc queueing network simulations introdune8ection 3.2 are evaluated
under three scenarios. In the first scenario, #®ise times follow the exponential
distribution with the mean equal to one secondthim second and third scenarios, the
service times follow the gamma distributions witlage parameterand scale parameter
or(, )=(2,0.5)and (0.25, 4), respectively; in thege cases, the mean is (which is 1)
and the variance is ? (which are 0.5 and 4, respectively).

The evaluation compares the results from the adjheaeing network simulations
against those from the corresponding traditiongjusatial simulations as well as the
known theoretical results, where available. Sirtoe first scenario induces a Jackson
network, numerous steady-state network performaneasures can be calculated by
treating each node as an independent M/M/1 quelstaigpn [68]. Nevertheless, for the
rest two scenarios, deriving the theoretical restdgjuires approximations, and hence the
evaluation only relies on the estimates obtainethfsequential runs, which are the runs
where the entire network is modeled by a singleufator.

The evaluation focuses on two steady-state netwerformance measures: server
utilizations and mean queue lengths. Since the faddestwork is symmetric in structure,
only the following nodes are considered: nodes, @, B, 9, 10, 11, 18, 19, and 27 (see

Figure 7).
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Since the ad hoc queueing network simulations stamh empty and idle state, the
effect of the initial transient period should beclexled from estimating the steady-state
performance measures. Furthermore, computing estmaith a given (absolute or
relative) precision necessitates a long simulathamintuitive principle is to increase the
run length of the simulations as the service-tirmgéance grows. Hence, the following
configuration varies by scenarios in order to ae#i the above two issues: in the first two
scenarios, in which the service-time CVs are besis than or equal to 1, the data collection
starts after two hours in simulation time and Idstsl0 hours; in the third scenario, with
the service-time CV equal to 2, the data collecstarts after 10 hours and lasts for 30
hours. This configuration applies to both the ad é&gperiments and the sequential runs.

The simulation results are averaged over multipfeuation runs using different
random number seeds. For each ad hoc queueing nkesivoulation, 10 independent
replications are performed. The point estimate ted approximately 90% confidence
interval (Cl) of a specific performance measureakulated as follows. Since the ad hoc
approach allows one node to be modeled by sevéts)] ne replication may generate
multiple (possibly-correlated) predictions for tteame performance measure. The
representing estimate of a replication is defirolokt the average of all the predictions from
the r-th replication, that isX; in Equation (3.11). In the equatiok;, is an estimate
produced by one LP ands the number of all such estimates (ke=,|{X p}|); the valuek
is the same across replications. Following thisnitén, the point estimate isX in
Equation (3.12) and the 90% CI is derived by cosrsidy RV in Equation (3.13) as the
Student’st-distribution with 9 degrees of freedom; the pareane in the equation
represents the true (unobservable) value of thiomeance measure. Note that Equation

(3.11) also implies that the current design treaesy LP equally.
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1
Xr =— Xr,lp (311)
K
_ 1 10
0. % (3.12)
RV, =X with 2 =2 (X, - X) (3.13)
* s /410 ST '

The comparison between the estimates from the adapproach and those from
sequential simulations is based on the conditiam ¢wery node is modeled by the same
number of LPs/simulators in both approaches. Heoc@ specific performance measure,
if the respective node is simulatedlblyPs in one ad hoc replication, the estimate froen t
sequential approach requireskli@dependent runs (for 10 is the number of the ac h
replications). Lel; be the estimate from tlmeth sequential run. Then, the point estimate is
Y in Equation (3.14) and the 90% Cl is derived bysideringR\ in Equation (3.15) as
the Student's-distribution with 1& 1 degrees of freedom; the parameterin the

equation denotes the true value of the performaneasure, same as that in Equation

(3.13).
_ 1 10k
Y=—"7 Y .
10k " (3.14)
V_ . 1 10k _
R, =——— with S2=—— Y -Y
V=g e Wit S = T 1r:1( - Y) (3.15)

3.3.1Regqular Partitioning

This subsection focuses on the regular partitiommgd hoc queueing network
simulations. The modeled 8 x 8 grid network is igarted into five overlapping portions:
the top left, the top right, the bottom left, thattom right, and the center portions (Figure
9). Each portion is a 4 x 4 subnetwork and is satad by eight LPs. Hence, in total 40 LPs

are deployed.
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Top Right

Bottom Left Bottom Right

Figure 9: Regular Partitioning on 8 x 8 Grid Networ

3.3.1.1Scenario 1: Exponential Service Times

The configuration of exponential service times hssin the modeled queueing
network being a Jackson network so that the exgesgever utilization and the expected
mean queue length of each server can be analytiobliained. Figure 10 depicts the
relative differences between the utilization estesdrom both simulation approaches and
the exact values. In the figure, the horizontas éxiabeled with node identifications (IDs)

along with the expected utilizations in parenthe3ée relative differences are calculated
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by following Equation (3.16), in whichX is an estimate from either the ad hoc approach
or the sequential approach ant the corresponding exact value. This figure destrates
that this ad hoc queueing network simulation penforwvell; it generates the estimates
comparable to those from the respective sequesitiallations. The relative differences
for the mean queue-length estimates show simikands, but rage wider with the

maximum relative queue-length difference being %X4ee Figure 11).

X 1006 (3.16)

Figures 12 and 13 contain the point estimates baapproximately 90% Cls for
the steady-state server utilizations and mean glemgghs, respectively. In these figures,
squares indicate the point estimates while x’s nlagkexact values. The results from both

simulation approaches are close to each otherren@ls contain most of the exact values.

3.3.1.2Scenario 2: Gamma(2, 0.5) Service Times

The service times in this scenario follow the ganalisé&ribution with the shape and
scale parameters ( ) = (2, 0.5), denoted as Gamma(2, 0.5). The setuices are less
variable than those in Scenario 1 (with CV equak/tﬁ versus 1). In the absence of the
analytical results, the formula for calculating thelative differences is adjusted to
Equation (3.17), which describes the relative défeee between an estimate from the ad
hoc approachX in the equation) and the respective one from ¢la@ential approachy(
in the equation).

%’ 100% (3.17)
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Figures 14 and 15 plot the relative differencestha utilization and the mean
gueue-length estimates, respectively, along witk tksults from Scenario 1 for
comparison. For both scenarios, the relative difiees for the utilization estimates hover
around £0.2% and are within the range +0.35%. Ehative differences for the mean

gueue-length estimates range wider but are typiedathin £1%.

3.3.1.3Scenario 3: Gamma(0.25, 4) Service Times

This scenario sets the service-time distributioGtanma(0.25, 4), with CV equal
to 2, which implies the service times are morealas than those in both Scenarios 1 and 2.
Figures 14 and 15 also include the results from shenario. The relative differences for
the utilization estimates maintain a level of closgs similar to the previous results, but are
all positive. This pattern is more pronounced witle mean queue-length estimates,
especially on the nodes with high server utilizasioSpecifically, the mean queue-length
estimates from the ad hoc approach can be up t@B9ér than the respective estimates
from the sequential approach. This issue also indaced in Scenario 1 but is not apparent
under Scenario 2 with the lower service-time C¥ugher study of the issue is detailed in

Section 3.3.3.
3.3.2Irregular Partitioning

This subsection examines the effect of the irragpdatitioning on the estimation

accuracy of ad hoc queueing network simulations.

3.3.2.1Center-Weighted Node Coverage

The term “node coverage” refers to the pattern B§ Icollectively modeling a
gueueing network. In the previous experiments intiSe 3.3.1, the center part of the

modeled 8 x 8 grid network is covered by twice anynLPs as those modeling the
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bordering nodes. This is referred to as the “cemtghted node coverage.”

For the sake of comparison, the first set of expents evaluates the irregular
partitioning along with this center-weighted nod&erage. That is, within one replication
that contains 40 LPs, each of the “central” 16 sodemodeled by 16 LPs while every
other node is covered by 8 LPs. Many partitioniagouts satisfy this requirement and
Figure 16 provides eight of them. For example, layb, depicted in Figure 16(a),
partitions the network into five overlapping port each portion is denoted by a rectangle
with a distinguishing line style. The numbers ictamgles are node IDs. All the eight
layouts in Figure 16 involve five portions. Singetbtal 40 LPs are deployed in one
replication, each portion is modeled by eight LIRgthermore, Layout 9 (not depicted) is
constructed by mixing all the portions in Layouts81As each layout contributes five
portions, Layout 9 contains 40 portions, which E#&al each portion being simulated by

exactly one LP in a replication.
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Figure 16: Irregular Partitioning Layouts on 8 &8d Network with Center-Weighted
Node Coverage
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All the nine layouts are evaluated. The experimesgtings are the same as those
in Section 3.3.1, except the partitioning. For litgevthe focus is solely on the mean
gueue-length estimates.

The first experiment applies the configuration eef&ario 1; that is, the service
times follow the exponential distribution with tiheean equal to one second. Figure 17
shows the relative differences between the meaneglength estimates from the ad hoc
approach and the corresponding exact values tfie.analytical results). The maximum
relative difference is 1.88% from Layout 4. Althduthis value is slightly larger than the
largest relative difference from Section 3.3.1 4%4), it does not seem to indicate that any
specific partitioning layout deteriorates the estiilon accuracy.

Moreover, all the nine layouts are evaluated with ¢onfigurations in Scenarios 2
and 3, and the results are presented in Figuresmd8l9, respectively. These figures plot
the relative differences between the mean queuwgHesstimates from the ad hoc approach
and those from the sequential approach. The mienedse in accuracy suggests that these
partitioning schemes do not appear to be a magoreisUnder Scenario 2, the maximum
relative difference is 1.3% from Layout 3 (comparted 0.63% under the regular
partitioning scheme). Under Scenario 3, the maximelative difference is 3.93% (from
Layout 8) while it is 2.65% under the regular gasting scheme. In addition, the
overestimation issue observed in the previous éxjeeits resurfaces (see Section 3.3.3 for

further discussion).
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3.3.2.2Balanced Node Coverage

As opposed to the center-weighted node coverage,tdlm “balanced node
coverage” refers to the situation in which evergaa the modeled network is simulated
by the same number of LPs. In designing the experigwith this balanced node coverage,
a further question arises that concerns how marsydti®uld be deployed to model each
node. In general, the answer depends on not oalghhracteristics of a SUI but also the
goals and constraints of a modeling and simulaash. Intuitively, a small number of LPs
should be avoided because insufficient predictioray introduce additional variation,
which would lead to unnecessary rollbacks. Hertoe following experiment borrows the
experience from the previous ones and construletgaait in which each node is modeled

by eight LPs. The influence of this coverage redumog on the estimation accuracy and
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variability requires further exploration.

A layout with the balanced node coverage is showrFigure 20; each solid
rectangle represents a portion while the dashedrsgulenote the modeled network for
assisting in positioning the portions. The sizeagfortion is specified on the top of the
corresponding square. Since each replication depl@yLPs and this layout contains 40
portions, each LP models exactly one distinct partSame as those layouts in Section
3.3.2.1, this layout is evaluated under all the¢tscenarios, and the experimental settings
are the same as well, except the partitioning.

Since Scenario 1 can be easily analyzed theorgties mentioned earlier, the
relative differences between the mean queue-leegtimates from both simulation
approaches and the analytical values are depictéidjure 21. By contrast, Figure 22 plots
another evaluation metric, the relative differendetween the mean queue-length
estimates from the ad hoc approach and the respe@iues from the sequential approach
for all the three scenarios. All these differeneee close to those from the previous
experiments: they are within the same order of ntade. Although slight increases in
difference are observed, this partitioning methodsinot appear to significantly affect the
prediction accuracy of the ad hoc approach. Intemdithe data support the claim that
once a node is modeled by a sufficient number o, e marginal benefit of additional

coverage is minimal.
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3.3.30verestimation

This subsection explores the overestimation issbsemwed in the mean
gueue-length estimates from the ad hoc approaappkars that this issue is a result of the
modeling assumptions for the arrival processessactwo subnetworks; further, the
overestimation becomes more apparent as the sdimvieeCV increases. Recall that the
arrivals are modeled with the following approxinsats: (1) the interarrival times on one
link are 1ID from either an exponential or a gamdiatribution (with the parameters
estimated dynamically), and (2) the arrival proesssn different links are independent.
The following experiments attempt to verify the @mture that the overestimation errors
are because of these two assumptions.

This study uses sequential simulations to mimiddgseavior of unit arrivals across
two subnetworks in ad hoc queueing network simorteti Specifically, the first half of the
study involves a sequential simulation of the eradi(unmodified) queueing network;
during the simulation, the interarrival times aofiected on a subset of links that represent
the boundary links of potential LPs (see Figure. 23)en in the second half, another
sequential simulation models the modified queueiatyvork in which those boundary
links are removed. The arrivals on the removedslinke generated using the collected
interarrival times from the first simulation. In rggrating unit arrivals, the collected
interarrival times on each of those links are wdaas 11D samples from an unknown
distribution, so the arrivals are generated basedondom sampling with replacement.

Firstly, the experiment described next intends hows that the unmodified and
modified networks are practically the same (e.g@negating numerical results that are

close to each other) when the arrival processatadary link is renewal. To achieve this,
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the external arrival rate to node 28 is set to(id&tead of 1 / 6 for other nodes). This leads
to extremely-high traffic intensity at node 28, ain turn results in the IID interdeparture
times of the processed units moving from node 2&itde 27, given the IID service times
of node 28. In other words, approximating the flonvlink 136 (see Figure 23) should not
induce a significant error on the mean queue-leregtimate of node 27, which is
confirmed by the results: the relative differencgtween the point estimate from the
modified network (12.512) and that from the oridginatwork (12.427) is 0.68%. Also,
the 90% Cls are (12.312, 12.542) and (12.407, 12.6dr the modified and original

networks, respectively. Note that this experimemnvears as a basis for the next one.

Figure 23: An 8 x 8 Grid Network for Imitation ofdHoc Experiments
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Given that similar interdeparture time processeslpce similar results, the impact
of the approximated renewal arrival processes ag#ne actual arrival processes can be
guantified based on the relative differences betwtbe estimates from the modified and
original networks. Without loss of generosity, thext experiment focuses on the
overestimation of the mean queue-length estimatenéole 27 under Scenario 3, and
attempts to imitate the LPs that model the topdeftion in the regular partitioning. That is,
the arrival processes of interest are those ors I8k 81, 82, 83, 115, 122, 129, and 136
(see Figure 23). These links are removed with #ulisy (approximated) arrival
processes in the modified network.

The results from this experiment confirm the cohjez mentioned at the beginning
of this subsection. The relative difference betwtdenpoint estimate from the modified
network (8.348) against that from the original natkv(7.967) is 4.79%, and the 90% Cls
are (8.288, 8.408) and (7.916, 8.018), respectivdlis significant relative difference and
the non-overlapping Cls provide a firsthand demmatisin of the relationship between the
overestimation issue and the renewal arrival pme@ssumption in the previous ad hoc
gueueing network simulations. In addition, it idetbfrom the three scenarios that as the
service-time CV increases, the overestimation idsmomes more significant. This is
intuitively reasonable since the arrival proceds®ge positive autocorrelation. Also, this
issue is consistent with the findings by Lester][@9positive conclusion based on these
results is that the ad hoc approach can performfgigntly better if the arrival processes
can be modeled more precisely, without a subslamterease in computational

requirements.
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3.4 Buffered-Area Mechanism

This section proposes a method to reduce the dstimiaias owing to the renewal
approximation in the current design of ad hoc qurepeetwork simulations. This method,
called the "buffered-area mechanism,” is based fitering” units before they reach
boundary nodes. The details of the method arecdtié®e3.4.1, and Section 3.4.2 evaluates

its effectiveness on three queueing networks wéithious configurations.
3.4.1Principles of Method

The goal of the buffered-area mechanism is to ivgestimation accuracy, which
is achieved based on the fundamental idea to “lmkSubnetwork with its neighbors.
Specifically, given an LP modeling a subnetworle L incorporates an extra portion at
the border of this subnetwork into its modelingaar€his enhancement is expected to
reduce the impact from the approximations made aainbary input links. Take the
bidirectional tandem queueing network in Figureaan example. Each node in the
network represents a queueing station and the ggedaunits flow via the links connecting
two nodes. Suppose that an LP is interested soléihe performance measures of nodes G,
H, and I. Instead of simulating only these threelasy this LP enlarges its modeling
subnetwork by adding nodes F and J so that theahprocess approximation is made at
the input links to nodes F and J (the arrows wiiled head). Furthermore, this LP shares
the predictions (i.e., the statistics of deparpn@cesses) pertaining to the output links of

nodes G, H, and | (the arrows with a hollow he&dj},not those of nodes F and J.

10,08

Figure 24: A Bidirectional Tandem Queueing Network

73



The effectiveness of the buffered-area mechanigmerd#s on the extent to which
the approximation bias can be “washed away” byeasing the distance between where
output measures are taken and where input apprtirimsaare made. The longer the

distance, the larger the buffered area, whichiin tnplies higher simulation cost.
3.4.2Effectiveness Analysis

The accuracy gain through the buffered-area meshadéepends on several factors,
including network topologies, connectivity, andtmoiuting mechanisms. This subsection
studies the accuracy gain with respect to the sitbaffered areas on three open queueing
networks: an 11-node bidirectional tandem netwark]l1 x 11 grid network, and an 8 x 8
grid network (Figure 25). The last one extendsghaly in Section 3.3.1.3 in order to
illustrate that the buffered-area mechanism lesdensverestimation issue that has arisen
there.

The following ad hoc queueing network simulatiodsat the design in Section 3.2
and the same experimental settings as those ino8e2B, unless otherwise specified.
Some highlights are as follows. Every 30 secondBs lupdate the statistics of
interdeparture times as well as query predictiamggénerating the arrivals on boundary
input links. Aggregating multiple predictions (besa of several LPs modeling the same
area) is based on the kernel-density-estimationromgp. On modeling the arrival
processes at boundary input links, at the beginofragsimulation they are configured as
Poisson processes with ratebut thereafter are assumed to be renewal prexeste
gamma interarrival times. The shape and scale peamof these gamma distribution (
and , respectively) are dynamically adjusted using tldlata from either

periodically-invoked read operations or rollbackbe rollback detection mechanism is
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based on an acceptable range, which is constrémiteding a quality control paradigm.

(a) 11-Node Bidirectional Tandem Network
11 Nodes A

(b) 11 x 11 Grid Network
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Figure 25: Open Queueing Networks
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3.4.2.1Case 1: 11-Node Bidirectional Tandem Network

This subsection focuses on the queueing netwottk Witnodes in tandem (Figure
25(a)). Each node in the network is a single-seiménite-capacity queueing station; the
external arrivals follow a Poisson process withrdite per second. All service times are
IID from a gamma distribution with the mean equallt second. The served units at
internal nodes may move to one of their neighbonodes with the equal probabiliyor
leave the network (with probability 1 R while those at border nodes (i.e., nodes 0 and
10) would continue to a neighboring node with thabability p or leave the network (with

probability 1 —p).

(d) Scenario D: 3-Node Buffered Area

Figure 26: Application of Buffered-Area Mechanisonltl-Node Bidirectional Tandem
Network
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To simplify the analysis, the entire queueing nelwis partitioned into three
portions: (1) nodes 0—4, (2) node 5, and (3) nédd$. Only the LPs modeling the middle
portion (the one with node 5) adopt the buffereehamechanism. The sizes of buffered
areas differ across scenarios; see Figure 26. Tliesapdate the statistics of the departure
processes of node 5 (the arrows with a hollow hedigure 26) while request the arrival
information of different input links varying by starios (the arrows with a filled head in
Figure 26).

The steady-state mean queue-length estimate of maxléhe measure of interest.
To derive both the point estimate and the 90% CGhif measure, multiple independent
replications are needed. The number of replicated is set to 10 in the following ad hoc
gueueing network simulations. Within one replicatieach portion is modeled by 10 LPs.
Hence, as a basis for comparison, the estimate filean corresponding sequential
simulations is based on 100 independent replicatiororder to equate the number of the
replications that are allocated to node 5. Notefthraboth the simulation approaches, they
start collecting the data pertinent to the measiftier 3 hours in simulation time and the
data collection lasts for 10 hours; this is foewihting the effect of the initial transient.

Three sets of experiments are performed. The tiivstinvolve a heavily-loaded
network with traffic intensity approximating 0.8Lreode 5; these two cases intend to show
that the buffered-area mechanism can mitigate eevias issues. The third experiment
concerns a network with low traffic intensity aidedd (about 0.28); this configuration is to
demonstrate that the buffered-area mechanism dueteteriorate the prediction accuracy.

Case 1(a).This heavily-loaded queueing network has exteRwikson arrivals
with the rate = 1/ 6 per second to each node. The routing fibtyap is 0.4 and the

service times are from Gamma(0.25, 4). The serime-variation is high with the CV
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equal to 2. The overestimation resulting from teeewal approximation is anticipated
[69].

Figure 27 plots the point estimates and the 90%dClkhe steady-state mean queue
length of node 5. The overestimation is apparerdeunScenario A, in which the
buffered-area mechanism is not activated. The iveladifference between the point
estimate from Scenario A and that from the seqakapproach is 10.71%. This severe
estimation bias is reduced when one or more neigidpaodes on each side of node 5 are
included in the buffered area. For example, in 8derB the relative difference is 2.92%,
which shows a substantial improvement at a modesatea cost for modeling two
auxiliary nodes. This estimation accuracy can hesictered adequate since the 90% CI
from Scenario B overlaps with that from the seqiaéapproach. Further augmentation of
the buffered area increases the accuracy in a dihiig manner: the relative differences
for Scenarios C through E are 1.79%, 1.92%, an8%, Tespectively. (The increase from
1.79% to 1.92% is likely owing to random error.)

Case 1(b).This study focuses on the same heavily-loaded €jugunetwork as
Case 1(a) albeit with low-variable service timesin@®na(4, 0.25) with CV = 0.5. The
results are similar to Case 1(a), in which the etgu underestimation according to [69]
are observed. The relative differences for ScemariA through E
are —9.65%, —1.54%, —1.25%, —0.73%, and —0.41%ectisely; see Figure 28. Cases 1(a)
and 1(b) together conclude that the buffered-areahanism is capable of reducing the

estimation bias with little extra effort.

78



Figure 27: Point Estimates and 90% Cls for Meanu@de=ngth Estimates of Node 5
under Case 1(a)

Figure 28: Point Estimates and 90% Cls for Meanu@de=ngth Estimates of Node 5
under Case 1(b)
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Figure 29: Point Estimates and 90% Cls for Meanu@de=ngth Estimates of Node 5
under Case 1(c)

Case 1(c).The light network in this study reveals a lessliekpoverestimation
issue than that in Case 1(a). The network configuras as follows: =1/6,p=0.2, and
Gamma(0.25, 4) service times. Figure 29 plots dselts. The 90% CI from Scenario A
overlaps with that from the sequential approachpitesthe small, positive relative
difference 0.9%. Although the benefit of applyihg tuffered-area mechanism is modest,

the mechanism does not cause any significant negetiect.

3.4.2.2Case 2: 11 x 11 Grid Network

This subsection explores the performance of théebed-area mechanism on a
more complex open queueing network: an 11 x 11 gredwork, which is a
two-dimensional (2D) expansion of the network irct@m 3.4.2.1. The nodes in this

network are labeled from O to 120 starting at thpau-left corner and going across from
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left to right; see Figure 25(b). Hence, node 6@his middle one. Each of these nodes
contains a single-server, infinite-capacity quegesgtation with the external Poisson
arrivals of the rate = 1 / 6 per second; the IID service times folloan®@na(0.25, 4). Since
the served units are configured to move to onehtmigng node with the equal probability
p = 0.2 or leave the network, the traffic intenstrange from 0.35 to 0.82 (at nodes 0 and
60, respectively). Similar to Case 1, the steadyesinean queue-length estimates of the
middle node (i.e., node 60) is of particular ingtras the middle node is expected to have
the highest server utilization, which implies tllé steady-state mean queue length is

potentially to be greatly overestimated.

Figure 30: Application of Buffered-area Mechanisrii x 11 Grid Network

Given the focus on node 60, the 11 x 11 grid ndtwsrpartitioned into two
portions: one consisting of the entire networkde 60 and the other with node 60 only.

The buffered-area mechanism is adopted by the Ld®ehmg the latter portion. The sizes
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and shapes of buffered areas vary in scenariofiuasrated in Figure 30. Scenario A
includes no buffered area. In Scenario B only teimhboring nodes of node 60 are added
to the buffered area while in Scenario C all tharfaeighboring nodes are included
(making the buffered area cross-shaped). Scenaexi€hds the buffered area in Scenario
C into a square buffered area; this design is d#drto show that a square modeling area
may be convenient for some simulation implementatidespite the little gain in accuracy
and the increase in simulation cost compared ag&oenario C. In Scenario E, the square
buffered area is expanded with one more node inyedieection.

The experimental settings of the ad hoc queueihgark simulations on these five
scenarios are similar to those in Case 1, whiclasafellows. For the ad hoc approach, ten
independent replications are performed; within gveplication, one portion is modeled
by 10 LPs. The results from the ad hoc approaclcamgpared against those from 100
independent runs of the corresponding sequentrallation. Furthermore, since this 11 x
11 grid network is more complex than the bidiregsitandem network in Case 1, a longer
transient period is expected. Hence, the dataataile starts after 10 hours in simulation
time and lasts for 30 hours.

Figure 31 depicts the point estimates and the 9084 the steady-state mean
gueue length of node 60. The relative differendevben the point estimate from Scenario
A and that from the sequential approach is 10.088®xpected. The relative difference
drops to 5.14% with partial neighboring nodes ideldi in the buffered area (Scenario B),
and it drops further to 0.93% when all the fourghéioring nodes are in the buffered area
(Scenario C). As anticipated, Scenario D reveaks gshmilar estimation accuracy as
Scenario C where the relative difference for SdenBris 1.14%. (The increase from

0.93% to 1.14% is likely from random error.) Addital evidence to support this claim is
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that the 90% Cls from both Scenarios C and D opeAéso, the two Cls both overlap with
that from the sequential approach although somgiy®$ias remains. Further expansion
of the buffered area improves the estimation diygis the relative difference for Scenario
E is 0.57%. To conclude, based on Cases 1 andfpéars that the buffered area should

contain at least all the neighboring nodes of medisubnetworks.

3.4.2.3Case 3: 8 x 8 Grid Network

This subsection extends the study in Section R3tb. demonstrate the
effectiveness of the buffered-area mechanism mdef bias reduction on modeling the 8
x 8 grid network with Gamma(0.25, 4) service timEse regular partitioning is adopted in
this case, which ends up five subnetworks with logated in the middle and each of the

other four covering a corner; see Figure 7.

Figure 31: Point Estimates and 90% Cls for Meanu@teength Estimates of Node 60
under Case 2
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Figure 32: Application of Buffered-area Mechanisn8tx 8 Grid Network—Top Left
Portion

Figure 33: Application of Buffered-area Mechanisn8tx 8 Grid Network—Center
Portion
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Figure 34: Relative Differences for Mean Queue-librigstimates under Case 3

Based on the conclusion in Section 3.4.2.2, thdebed-area mechanism is
implemented by enlarging the five subnetworks tooempass only the nodes immediately
surrounding themselves, as illustrated in Figurzsu3d 33. In both figures, the areas in
white are the original modeled subnetworks whitesthin grey represent the buffered area.
The buffered area of the top-left portion is inufig 32, which serves as an example of the
four corner portions. The buffered area for theteeportion is in Figure 33.

Figure 34 plots the relative differences for theadly-state mean queue-length
estimates with and without the buffered-area meishanThe accuracy gain is apparent,
especially for the nodes with high traffic interest (e.g., nodes 18, 19, and 27). For
example, the relative difference for the mean quength at node 27 drops from 1.92% to
0.83%; at node 19, from 2.74% to 1.12%; and at ri@jdérom 1.93% to 0.12%. Although

the overestimation issue remains, the bias is etligubstantially—more than 100%
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improvement is observed in some nodes.
3.5 Conclusions

The performance of ad hoc queueing network simanatis a good indicator of the
capability of the ad hoc approach since queueingorés are a widely-used, abstract
model for a myriad of industrial systems. This deagxplored a preliminary design of ad
hoc queueing network simulations by discussing dbfware implementation and the
design of the involved mechanisms (e.g., the rokbaetection mechanism), and
illustrating some of the underlying statisticaluges that come along with the design. The
experiment results showed that the ad hoc queusstgork simulations appear to be
competitive to their sequential counterparts watbpect to the accuracy of the steady-state
network performance measures, such as serveratitis and mean queue lengths.
However, it was also observed that the mean queugths tend to be slightly
over-estimated, especially on the nodes with higffi¢ intensities.

In addition, this chapter examined the influencéspartitioning methods on
prediction accuracy. By employing the symmetricutag partitioning (with a “highlight”
on the center part of the modeled network) as aelim&s nine partitioning layouts based on
the irregular partitioning methodology were evahghatThe results showed that the nine
layouts do not affect the estimation accuracy iry garticular way; that is, the
point-estimate biases are of the same order andxpected overestimation is revealed.
Note that all these layouts involve more LPs in slod) the center part of the network
(which happens to have heavier loads than othds)pafo study the impact of this
“central-highlight” design, another experiment wasducted on a partitioning layout

where every node in the network receives the sanwat of “attention” from LPs. The
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experiment result was compared to that from theelbes case, and the anticipated
phenomena, as those in the last experiment, wesenadd. Overall, the simulation is not
affected by partitioning layouts as long as thdrenhodeled network is modeled by a
sufficient number of LPs.

To solve the overestimation issue, this chaptahéusranalyzed the problem and
proposed a buffered-area mechanism. The analysdumted that the overestimation is
caused by the imperfect approximations of the arvocesses at nodes on the boundary
of modeled subnetworks. Hence, to reduce the effettose input approximations, the
proposed mechanism extends modeling areas to mthelextra nodes at boundaries. In
such case, execution efficiency is traded for mtezh accuracy. The estimation bias is
substantially reduced with a small increase in asaponal cost. This statement was

supported by the empirical evidence.
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CHAPTER 4
ON THE TRANSIENT RESPONSE OF OPEN QUEUEING

NETWORKS USING AD HOC DISTRIBUTED SIMULATION

This chapter explores the ability of ad hoc disttéal simulation to predict the
transient behavior of physical systems. Capturiygjesn dynamics is crucial to online
simulations, e.g., to trigger modifications to tbenfiguration of physical systems in
response to events. For example, a sudden inchedsaffic volume may indicate that
changes in traffic signal plans for the respongra@sportation system are necessary to
help reduce congestion.

Transient-state analysis can be complex and cormipuigdly expensive, especially
in fulfilling the real-time requirement for onlirenalysis. Transient-state analysis concerns
the system state varying over the span of timggkiés into account not only the system
state at every time point but also the correlatiam®ng the prior and posterior system
states. Instead, this study simplifies the analysigvaluating the ad hoc approach: a
sufficient number of time points are considered Hrarespective state predictions from
the ad hoc approach are compared against those tfientorresponding sequential
simulations. Specifically, the evaluation discretizhe simulation time into small time
intervals, and the output measures of interest., (¢t queue-length estimate) are
calculated by averaging the numbers within eacrwai.

The rest of this chapter is organized as followsstFSection 4.1 examines the
effectiveness of the preliminary ad hoc queueingugation method introduced in Chapter

3 in the scenario that involves increase in exteandval rates; the method reveals a
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delayed response in capturing the propagation ef ékpanded number of arrivals
throughout modeled queueing networks. To resoliee dblayed-response issue, Section
4.2 proposes a new method and discusses the pogdhbck issue that comes along with
the new design. The new method, termed “iteratiVeac queueing simulation method,” is
evaluated empirically in Section 4.3 under seveedvork configurations; this includes a
case with a large increase in arrivals over a speriod of time, which leads to rapid

increases in queue occupancy. Last, Section 4.dudes this study.
4.1 Delayed Responses in the Original Ad Hoc Queueingrulation Method

The ad hoc queueing simulation method introducechapter 3, which is referred
to as the “original” method in the following contebs prone to delayed response to system
dynamics because LPs share locally observed custatd information as predictions of
the future. Specifically, consider the case whelegaal process (LP) models an object
and shares state information with other LPs thatthe information as input. As shown in
Figure 35, at simulation tintethe LP computes a value based on the behavibeadbject
over the time period[ ,t). The value becomes public as a predicted valuleobbject
with respect tot[ t + ), rather thant[ , t). As a consequence, observations are not
immediately reflected to the simulation model ttegfuires the information, which results

in a delayed response.

89



Figure 35: Information Sharing Mechanism Leadin@p&ayed Response

Figure 36: A Delayed-Response Example
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Consider the previous design in Chapter 3 as ampbeawhere =30 and = 300,
and the shared state values are computed by takierqges; see Figure 36. Assume the
state of an object prior to the simulation titievyg, but it becomes, ¢ att and remains at
the level afterwards. Thew.yis revealed for the first time in the predictioittwespect to
[t+30,t + 60), which is 0.9,4 + 0.v,e. More generally, the prediction with respecttto [
30i,t+30 +30)is (1 0.1) xvgg+ 0.1 X vewWherel =1, 2, ..., 9. As a consequencegyy
is not completely reflected until+ 300, which is 300 seconds beyond when the change
occurred.

The following experiments illustrate the effects odnd . Three configurations
are evaluated, all with = = 60, 300, and 600. The rest of the simulation ehazlthe
same as that in Chapter 3, and the fundamental aneshs are as follows. Each LP
models an arbitrary queueing subnetwork using aiesgdpl, discrete-event simulation.
Every seconds, these LPs update the mean interdepam@son the links they simulate
and request (or estimate if the data is unavailapten request) the same information on
the input links entering their modeling network$eTarrivals on those input links are
modeled as Poisson processes. At the beginningedditulation, the arrival rates are all
set to , which is the same as the external arrival raevery queueing station; thereafter
the rates are dynamically estimated using the fdata rollbacks. The rollback detection
function is based on an acceptable range, whicbnstructed following a quality control
paradigm. Since there may be several predictiamrm the LPs that model the same link,
the data retuned to the requesting LPs are gedetsieg a kernel-density-estimation

approach.
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Figure 37: 8-Node Tandem Queueing Networks

Furthermore, the experiments involve two open queueetworks with the
intention of showing various degrees of impact tuehe delayed-response issue; see
Figure 37. The network in Figure 37(a) is an 8-npatially bidirectional tandem network.
Each node represents a single-server queueingorstatith an unlimited buffer,
first-come-first-served service discipline, andépdndent-and-identically-distributed (11D)
exponential service times with the mean equalgecbnd. Each node has external Poisson
arrivals with the rate. The probability of a processed unit moving totaeo node i9.
Hence, a processed unit leaves the network witpribleability 1 p (at nodes 0, 4, or 7) or
1 2p (otherwise). The network in Figure 37(b), whichréderred to as a “completely
bidirectional tandem network,” is almost the samthe former one with an exception that
the processed units at node 4 may leave for nadéhdhe probabilityp.

The experiments on both the networks involve 20ibRsch replicate run: ten LPs
modeling the leftmost 4 nodes and the remainingnedeling the rightmost 4 nodes. In

the simulations of the partially bidirectional t@md network, the shared information
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always goes from the left subnetwork to the righibreetwork. The right subnetwork
“learns” the system dynamics in the left one thitodige changes in the flow rate (or,
equivalently, the mean interdeparture time) of ik It is anticipated that the larger the
the later the dynamics are detected. This phenomé&n@xpected to be worse in the
simulations of the completely bidirectional tandaetwork since both the left and right
subnetworks require information from each other.

The evaluation of and considers two metrics over 10 11D ad hoc runs:atiaval
rate across link 10 and the mean queue length @& doIn one run, since the 10 LPs
modeling node 4 (where link 10 enters) may usesrbfit arrival rates with respect to the
same simulation time, these rates are averagedmdovalue. Then, the mean of the 10
values from 10 IID runs represents the point esgm@asimilar calculation is performed to
determine the mean queue length of node 4. Moretheemean queue length is estimated
every 60 seconds.

The results from the corresponding traditional safial simulations serve as
ground truth. These results are based on 100 atplsequential runs because 10 IID ad
hoc runs deploy a total of 100 LPs to model oneenddote that these sequential
simulations do not model the arrivals on link 10aaRoisson arrival process with the rate
being dynamically estimated (as is done by ad hmalations). Instead, the arrivals are the
departures from node 3 filtered by the probabpitfor the output, the rate is estimated by
the corresponding mean interarrival time, whiclesimated every 60 seconds based on

the arrivals that appear since the last computation
4.1.1Case 1: Partially Bidirectional Tandem Network

The first experiment focuses on the partially l@dtronal tandem network witn=
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0.45 and, for the first 4 hours in simulation time; 1 8 per second; the steady-state traffic
intensities of the nodes range from 0.36 (nodessdl4d to 0.66 (node 6). Afterwards, the
external arrival rate of every node increases tol 6 per second, which leads to the
steady-state traffic intensities growing to betw8et8 (nodes 1 and 4) and 0.87 (node 6).
Figure 38 plots the arrival rates of link 10 estieaaby four different simulations:
traditional sequential simulations and the ad hosuging network simulations with=
= 60, 300, and 600 seconds. This plot focuses @rémsient period and hence the prior
and the later parts are removed for now. The resultch the expectation that larger
values give rise to longer delay in incorporatitefes changes. The length of the delay is
approximately except in the case where= 60, when the delay is slightly larger. This is

because the predictions have higher variation@gsdhe based on smaller amount of data.

Figure 38: Estimated Arrival Rates across Linkuhder Case 1
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Figure 39: Estimated Mean Queue Lengths at Nadsdér Case 1

Figure 39 shows the estimated mean queue lengtimlef4 in the same simulation
settings. Although the queue length is partly iefloed by the arrivals on link 10, the
discrepancy between the sequential runs and theoaduns is noticeable, albeit less

severe.
4.1.2Case 2: Bidirectional Tandem Network

This case concerns the bidirectional tandem netwaitik p = 0.4. Similar to the
previous case, the external arrival rate of evergenincreases from=1 8to 1 6 per
second after 4 hours in simulation time. Before ttamsition, the steady-state traffic
intensities range from 0.31 (nodes 1 and 7) to Qr@des 4 and 5); following the rate

change they range between 0.41 (nodes 1 and 0).@6dnodes 4 and 5).
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Figure 40: Estimated Arrival Rates across Link hder Case 2

Figure 41: Estimated Mean Queue Lengths at NodedéruCase 2
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Figures 40 and 41 show the estimates of the arratak across link 10 and the
mean queue lengths at node 4, respectively. Comiparose in Case 1 (Figures 38 and
39), the ad hoc runs in this case take longerdo o the state change. For example, the ad
hoc runs with = 600 do not fully reach the expected state @ampgroximately one hour
after the change has occurred. This prolonged dekylts from the “mutual dependence”
of the left and the right subnetworks. Specificalhe projected arrival rates of link 3 rely

on those of link 10, and vice versa.
4.2 Iterative Ad Hoc Queueing Simulation Method

This section proposes a solution to the delayeplerese problem by reassigning a
new meaning to the values computed during the sitiaunl execution. These values are
considered as representations of the current systate, rather than predictions of the
future as in the original ad hoc method. Detailthefproposed solution are described in the
following subsections followed by a discussion gaaticular design aimed at avoiding
potential issues such as livelocks. However, tlesigh does not eliminate livelocks in
certain incorrect simulation models as will besthated by an example.

The proposed iterative ad hoc queueing simulatioethod inherits most
components from the original one, including thetipaning, the local simulation models,
the information aggregation, and the rollback-baseptimistic synchronization
mechanism. These common parts are briefly sumnthizéhe following corresponding
subsections to provide a comprehensive view ofrtethod without the focuses deviating

from the new design.
4.2.1Partitioning and Local Simulation Model

As in the original ad hoc method, a queueing netvedinterest is partitioned into
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subnetworks of different sizes and shapes withptissibility that these subnetworks may
overlap with each other. Every LP models one swhordt by adopting the discrete-event
simulation technique for constructing its local slation model. The simulation input is
the state information of the incoming links to thedeled subnetwork, and the output is
that of all modeled links. The specifics regardimg link state information will be revisited

in Section 4.2.2.
4.2.2Information Sharing

Similar to the original ad hoc method, the shaiekl $tates are represented in a
high level abstraction instead of the exact timengso of job arrivals/departures.
Specifically, LPs exchange estimated flow rategeveseconds where an estimated flow
rate of a link is computed by reversing the me&erarrival time over the lastseconds on
that particular link. For example, Igt t, ... denote arrival times and gt tj.;
ti1 be those within the time interval of interest. ifh¢he estimated flow rate is the
multiplicative inverse of the mean interarrival &m.e., 7 in Equation (4.1). However,
generating individual arrival times by reversing #bove procedure is not straightforward
because the information of the respective interaltime distribution is not maintained,;
nor is the correlation relationship among thoseals. Here, it is assumed that the arrivals
on one link form a Poisson process with rate etpahe corresponding estimated flow

rate.

(4.1)
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Figure 42: Information Sharing in Iterative Ad HQaeueing Simulation Method

Unlike the original ad hoc approach, the iteratace hoc distributed simulation
method aims for LPs sharing link information in aythat state transients are reflected to
others momentarily. This is accomplished by impgghrat an estimated flow rate over a
given time period can only be used to reconstrbetlink during that particular time
interval. Specifically, consider a valualenoting the flow rate ovet,f + ) on some link
[. The LPs that model linkas an incoming link must use(along with the assumption
about the corresponding arrival process) to geaaaivals within{, t + ); Figure 42
illustrates such design.

This design guarantees that LPs will not progressilations backwards since the
value based or,[t + ) from one LP affects, at earliest, the simulatiohg, t + ) carried
out by other LPs. Or, in the terminology of distiiéd simulations, the “lookahead” value

is zero. Zero lookahead commonly raises the conoéraleadlocks, which can be
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eliminated by optimistic synchronization. However,this case, livelocks are possible
because LPs may fall into a loop within which tlkegp rolling back each other. Avoiding
such livelocks requires careful design of the losahulation models, which will be

discussed in Sections 4.2.6 and 4.2.7.
4.2 .3Information Aggregation

This ad hoc method retains the original informatggregation mechanism—each
state variable (i.e., the estimated flow rate oé dnk over a certain time interval) is
affiliated with a data model so that aggregatingotes estimates is equivalent to randomly
generating a sample out of the model. Data mode¢s adnstructed using the

kernel-density-estimation (KDE) method with the Gsian kernel.
4.2.40ptimistic Synchronization and Rollbacks

The optimistic synchronization in this modified ladc method builds upon three
ideas: 1) intuitive practices, 2) simple implemdiot@maintenance, and 3) statistical
validity. While the last one is the fundamentalad® the process of determining the
necessity of a rollback (referred to as the “ratlberiterion”), the former two are pervasive
throughout the design. For example, when a dedin&dflow rate in unattainable, the
requesting LP uses the most current rate of the $iak rather than an arbitrary value, by
assuming that the link state has not changed. An@kample concerns the system state
restoration for nonstationary Poisson processesifl be revisited soon.

The rollback criterion involves a statistical téstt evaluates a used value against
the average of all shared, estimated rates. Spaityfithe confidence interval of the point

estimate of the mean rate, in Equation (4.2), seagethe acceptance range:

SrZ
r i tn_ 11- /Zﬁ (4.2)
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In the equationr, S, andn are the sample mean, sample variance, and saiuple s

respectively. The significance level iswhich is set to 0.005. The critical valag,, |,

is based on a Student’slistribution withn 1 degrees of freedom. If the used value falls
outside the range, it is rejected and a rollba¢kggered. Compared to the original design
in Section 3.2.5, this method introduces an adubiqparameter (i.e., the degrees of

freedom) in order to adapt to different variaticle to different number of estimates.

Figure 43: Arrival Scheduling in Rollback Handling

In response to rollbacks, LPs perform system stagéoration. As input links
involve nonstationary arrival processes, additistate information other than the flow
rates is needed. In typical discrete-event-basezligng simulations, processing the
current arrival event includes scheduling a newalrrevent, the time stamp of which

relies on some “future information” (or, in thisgiign, the future flow rates). If any
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pertaining future rate is later proved incorrectpbback is triggered; Figure 43 depicts
such a situation. In the figure, an LP is rolledkBor using an underestimated flow rate for
some link during the simulation time peridgdt[+ ). Since resetting the system state also
removes all the arrivals beyondan initial arrival has to be generated on evepyt link.
The generating process must consider the elapsedftomt, (when the latest arrival
occurred) ta as part of the interarrival time. Note that thevrarival must come aftdr
because a rollback targeting gtt[+ ) cannot affect the system state in priot.to

The above issue is simplified in ad hoc queueirtgvokk simulations where the
arrivals on input links are modeled as nonstatipiisson processes. Two well-known
methods for generating nonstationary Poisson dsrav@ the thinning method [70] and the
inversion method [71]. The thinning method, an ataece-rejection algorithm, requires
the upper bound on a flow rate function, whicheseyally unavailable. Furthermore, this
method may be inefficient when the acceptance itlew. On the other hand, the
inversion method generates the arrivals timgsi§ing a sequence of Poisson arrival times

at rate 1 {i } and the expectation function of a rate functias,defined in Equation (4.3):
t
L(t)= "1 (y)dy (4.3)
The algorithm is shown in Figure 44. This methoddspted for it being practical and easy

to implement by one additional variable far and an array data structure fot (because

the rate functions in ad hoc queueing network satnos are step functions).

u~Uu(, 1)
t =t In(u)
t= ()

Figure 44: Inversion Method for Generating Nonstadiry Poisson Arrivals
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Figure 45: A 2-Node Bidirectional Tandem Open Quegi&letwork

4.2.5Naming—“Iterative” Ad Hoc Queueing Simulation Method

The term “iterative” comes from the iterative metboin computational
mathematics. These iterative methods solve probldms are formulated into the
fixed-value problenf(x) = x wheref is a function. To find a solution of such a prabje¢he
typical procedure of an iterative method startdhvaih arbitraryxo, which is used ir to
obtainf(xg); then, the valu§(xy) is set tax;. This procedure of,.1 = f(x,) is repeated until
the sequencex{} converges. The definition of convergence varigs;an be that the
difference between the last two numbers in the esecgi are either zero or within a
designated scale of error.

A similar phenomenon of iteration can be observedhe ad hoc queueing
simulation method. Figure 45 depicts an example revithe queueing network is
partitioned into two parts, each containing oneendkhe LPs modeling node O generate
the state information of link B and request thaim A; by contrast, those modeling node
1 use the information of link B to produce thatliak A. The relationship between the
desired information and the shared information loarcaptured by function§, for the
LPs simulating node O arféh for node 1. Considering,:+ ) as the state of link A with

respect to the time period df { + ) and similarlyBy; «+ ) for link B, the relations can be
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written down as Equations (4.4) and (4.5). Comigrtimese two yields Equation (4.6),

which has the form(x) = x wheref isF; Fo.

Brt,t+ ) = Fo(At+ ) (4.4)
A t+ ) =F1(Bpt,t+ ) (4.5)
A t+ ) = Fi(Fo(A e+ ))) (4.6)

4.2 .6 Avoidance of Potential Livelocks

To prevent livelocks that result from the zero-labkad nature in the ad hoc
method, it is essential to comprehensively undedstae physical system before building
the local simulation models and designing thosehad components, especially the
rollback criteria. A livelock situation arises whvo or more LPs are involved in a loop in
which their shared values keep invalidating ea¢ierd simulation inputs. That is, these
LPs roll back each other successively so that, fiteenglobal view, the entire simulation
execution does not show forward progress. Althotnghzero-lookahead feature allows
LPs to “bring back” others to the same simulatioretpoint, this feature can not be blamed
for livelocks. Instead, the causes of such livetoiclude unrealistic rollback criteria and
incorrect simulation models. This subsection vatids on the former one (and the latter in
Section 4.2.7).

Afeasible, legitimate rollback criterion must takéo account the characteristics of
the corresponding state variable, such as rand@nkes example, for a state variable
with possible values ranging across continuous espg@e., a continuous stochastic
variable), its affiliated rollback criterion neetdsbe flexible with regard to evaluating the
“correctness” of a value. A value should be congdeorrect if it is within a certain range.

This idea applies to discrete stochastic variattewell. However, the consequence would
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be more severe for continuous random variablesusecthe probability of a continuous
random variable being equal to any arbitrary vadueero. This implies that, given an LP
that has used a valuefor some input link, another LP that models the lis highly
improbable to generateas a state measure for the link. Hence, the Lirgusis rolled
back. The following example illustrates such aagittn based on the queueing network in
Figure 45.

The example concerns a simulation of the queuestgark in Figure 45 with L
modeling the left part (i.e., node 0 and link BddrP; in charge of the right one. kP
requires the state information of link A as inpatits local simulation model, and this
information is shared by LPSimilarly, LR relies on LRBfor link B. The link states are
measured by the flow rates estimated oveeconds, and the LPs must use the exact value
their corresponding LP generates. Consideringithe period {,t + ), the process used
by the two LPs to reach an agreement on the mdspicted in Figure 46; clearly they fail

and fall into a livelock situation. The detailedpess is as follows:

Figure 46: A Livelock Example of Modeling the 2-NoBidirectional Tandem Queueing
Network in Figure 45
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1. Atwall-clock timeT,, both LR and LR have not generated flow rates for their
corresponding links with respect th { + ). As a consequence, they utilize
arbitrary values: LPappliesvao for link A and LR usesvg, for link B.
2. AttimeT,, LP; produces the estimated flow rate of linkvgs, which rolls back
LP;.
3. Then afl,, LP; observes the flow rate of link A being; after usingsg; for link
B. As a consequence, §B rolled back and its shared state informatioouab
link B, vgy, IS revoked.
4. AttimeTs, similar situation occurs: LRlerives a new value for link Bgp, due
to the usage ofa;. Rolling back LR results in the simulation ending up in a
situation resembling that &j.
This loop of rollbacks is anticipated to continuechuse the flow-rate estimates are
continuous stochastic variables; it is highly imgbke thatva; = Vaj+1 (NOr vgi = Vgj+1) for

any integer 0.
4.2.7Livelocks from Incorrect Simulation Models

An incorrect local simulation model may cause lbakis as well. This situation is
analogous to the classical livelock problem whédre application/model itself is not
appropriately defined. This subsection presentk anexample where an ad hoc queueing
network simulation involves inappropriate netwosgktgioning and incorrect assumptions
in designing the local simulation models. This ep@msignifies that it is vital to
understand a physical system (e.g., the interast@omong the components in the system)

before applying the ad hoc approach (or any otineulation method) to model it.
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Figure 47: A 2-Node Bidirectional Tandem Closed (@eirg Network

The example concerns a simple procedure with twehmas M and M
cooperating on 1) creating jobs, 2) processing ttsmd then 3) checking their final status;
the first and third tasks are executed bywhile M, is in charge of the second one. The
jobs are transmitted between the machines via llnksnd L without incurring any
latency, as depicted in Figure 47. The detailedaimns of My and M are as follows. M
conducts three types of operations, all uninteablgt with deterministic operating
duration: resting takes 1 second; creating a jadgebnds; and checking a job’s status, 4
seconds. The checking operation has higher pritrég the creating one. That is, if a job
has returned from M Mg checks its status, updates corresponding recandisgeletes the
job; otherwise, M creates a new job. HowevergMust rest right after both the creating
and checking operations. On the other hang,isMinvolved in a more straightforward
scenario: it idles until getting a job fromgMhen it would immediately process the job
with 0.5 second and then send the job backddiMsum, Figure 48 plots the operations of

and the interactions between, Bhd M given no job in both machines at time O.

Figure 48: Operations of and Interactions betweachvhes N and M
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Table 2. A Livelock Example of Incorrectly Modelitige Behaviors in Figure 48

LPs modeling My LPs modeling My
Iteration Input L 1 Output L o Input L o Output L ;
(M1 to Mo) (Mo to M3) (Mo to My) (M1 to Mo)
1 0 0
0 5 0 0
2 o R 5
0 5 5 5
3 | 5 | 5 5
5 0 5 5
R 5 o | o
5 0 0 0
5 | o o o
0 5 0 0

A failed usage of the ad hoc method on modelingakid M is as follows. The
partitioning is as shown by the grey boxes in Fegdif where one set of LPs modeling M
and the other set for Min this case, the procedure does not involvehstsiic components
and hence the number of the LPs with the same nmgdatea is not an important factor.
The two sets of LPs exchange the numbers of johlistseough link lg and L every 25
seconds in simulation time; the LPs use the valfith@ desired information is unavailable
upon request. The LPs would roll back when theesponding LPs generate values that
are different from what they have used. As to gainegn arrivals within the respective 25
seconds, the arrivals are evenly distributed. Kamgple, considering the simulation time
interval [0, 25) withn equal to 5, the arrivals occur at simulation tpaints O, 5, 10, 15,
and 20.

Table 2 lists the first few iterations within aéieck where the two sets of LPs
attempt to converge to the numbers of jobs ganid L, during some time interval with

length 25 seconds. For the illustration purpogehketime interval be [0, 25). The detailed
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iterations are as follows:

1.

Iteration 1. At simulation time 0, both the numbers of jobslerand L are
assumed to be 0. For maching, ¥his implies that it does not need to perform
any checking operation and hence would create §, jab depicted in Figure
49(a). On the other hand, maching illes during the entire 25 seconds. After
simulating this 25-second interval, the LPs modgh, delivers a number 5
since 5 jobs were created and sent throughThis number invalidates the
value 0 used by the LPs in charge of(ste the shaded numbers in Table 2).
Iteration 2. The LPs modeling Mrestart the simulation from time 0 with the
input Lo being 5. Five jobs arrive at Nbr processing, and are returned through
L, (Figure 50). As a consequence, the number 5 goelicpto stand for the
state of L.

Iteration 3. The LPs modeling are asked to use 5 as the input for link L
Figure 49(b) illustrates the situation, in whicly 8pends all applicable time on
the checking operations and does not create anyotete put onto b.

Iteration 4. The usage of 5 for the inpug Is rolled back. Instead, the value 0
should be adopted, which then leads toidifing during [0, 25).

Iteration 5. This iteration is exactly the same as Iteratiomdicating that the

simulation runs into a loop.

The livelock issue in the above example is theltesfuan incorrect simulation

design by ignoring the relationship between theltnks. In other words, such partitioning

mechanism and the location simulation models agnepus.
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Figure 49: State of MachineMiuring [0, 25)

Figure 50: State of Machine Miuring [0, 25) with Input Value 5

4.3 Experiments and Results

This section evaluates the iterative ad hoc queugimulation method with six

experiments, which involve two types of open quegenetworks under various
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configurations. The experiments will demonstratg the method is effective in terms of
identifying system transients. The metrics for @a#ibn include the flow rates across input
links and the mean queue lengths at nodes. Thiés@sa compared against the sequential
counterparts where plots will be delivered to shbe differences between the averaged
numbers (similar to those in Sections 4.1.1 an®f.Moreover, Welch's test is adopted
for a more comprehensive assessment.

The following ad hoc queueing network simulatiodsgt the design of the ad hoc
components described in Section 4.2, and the expetisettings are similar to those in
Sections 4.1.1 and 4.1.2. An additional note raggrthe number of 11D replicate runs is
that, for a node covered hy LPs in one ad hoc run, the number of the required
sequential-counterpart replicationsns< m wherem is the number of ad hoc runs; in
particularm = 10 for all the experiments in this section. Muer, 10 LPs are deployed to
model each portion of a queueing network. Sincermtke may reside in one or more (say
k) portions,n can be formulated as 10kxExamples of such scenarios wikr 1 are the

experiments in Section 4.3.3 whére 2 for some nodes.
4.3.1Welch’s t Test

The following experiments adopt Welclt'dest to statistically access the (null)
hypothesis that the mean values of two samplesequeal. This test modifies the
well-known Student’s-test to consider that two samples may have unegurances. Its

statistict is defined by the formula in Equation (4.7) ané tkegrees of freedomis

estimated by Equation (4.8) whepé , S°, andN; are thei-th sample mean, sample

variance, and sample size, respectively. Givengaifsiance level (e.g., 0.01), the

hypothesis is rejected if the derivpdralue is below ; the p-value for a two-tailed test
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based on Studenttsdistributionis 1 (F (jt|) F (]t|)) whereF denotes the respective

distribution function.

t=(X,- >‘<2)/ ‘E + (4.7)

1

ZR

s,8°/ ¢ s
= L+ = 5 + (4.8)
Nl Nz N1 (Nl - 1) Nz (Nz - 1)

The two samples in the subsequent hypothesisasstk) the data from the ad hoc
runs and 2) those from the sequential counterpRegardless of the metric, the size of the
ad hoc sample (i.eN;) is always 10, which is the same as the numbad d¢foc replication
runs. In other words, the results produced by g ibh one run are averaged into one value

to stand for that particular run. On the other hainel size of the sequential sample (N\g),

is 100 xk, that is, the number of the required sequentiahterpart replications.
4.3.2Experiments with 8-Node Tandem Networks

This subsection focuses on three 8-node tandenonetyall with similar network
topologies as those in Section 4.1. The first twjgegiments (Sections 4.3.2.1 and 4.3.2.2)
revisit those in Sections 4.1.1 and 4.1.2 but beenew iterative ad hoc method. The third
experiment loads the previous tandem network watvy traffic to show how the method

is capable of capturing system dynamics when thiesiare under high traffic intensities.

4.3.2.1Experiment 1: Partially Bidirectional Tandem Networ

This experiment concerns the network in Figure B all the configurations
from Section 4.1.1. The simulation results basetheriterative ad hoc method are shown
in Figures 51 and 52. Regardless of thealue, the ad hoc simulations perform well on

capturing the estimated flow rates and mean quengthis. Although the small(e.g., =
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60) may reveal choppiness in estimates, this isebgo due to the randomness in the
simulation models. On the other hand, it is anéitad that large may weaken the
real-time response as the changes are averagedcmsgs the entire update periods.
However such issue is insignificant in this expenit

Figures 53 and 54 plot thp-values from Welch'st tests on the same two
measurements of interest. These results reaffiegttod performance of the iterative ad
hoc method because the vast majority ofptvalues are above the critical levek 0.01.
The three exceptions for the mean queue lengtbds 4 at simulation time 3:54, 4:16, and
4:32 (see Figure 54) are rather insignificant feo reasons: 1) the rejected hypothesis
associates to 3:54, which is in prior to the atmage increase at 4:00; and 2) the failed tests

are sparse across the entire simulation.

Figure 51: Estimated Arrival Rates across LinkdA&xperiment 1
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Figure 52: Estimated Mean Queue Lengths at NodeEkperiment 1

Figure 53:P-Values from Welch’¢ Tests on Estimated Arrival Rates across Link 10 in
Experiment 1
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Figure 54:P-Values from Welch’s Tests on Estimated Mean Queue Lengths at Node 4 in
Experiment 1

4.3.2.2Experiment 2: Bidirectional Tandem Network with Mwdte Traffic

This experiment extends that in Section 4.1.2 Ipfang the ad hoc queueing
simulation method with the new one. The networkntérest is in Figure 37(b) and the
results are in Figures 55 and 56. Here (and aftelsyathe flow-rate metric is skipped as it
leads to the same conclusion as the queue-lengthcrehe iterative ad hoc method
performs well. Nevertheless, again, sporadic hygsithrejections occur (see Figure 56)

but they are not major, as those in the previopeement.
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Figure 55: Estimated Mean Queue Lengths at NodeEkperiment 2

Figure 56:P-Values from Welch’s Tests on Estimated Mean Queue Lengths at Node 4 in
Experiment 2
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Experiment 3: Bidirectional Tandem Network with Medraffic

This experiment intends to show that the iteraidehoc method is capable of
promptly responding to sudden, massive state clsaite network of interest is depicted
in Figure 37(b) and the system transients arediired by increasing the external arrivals
to each node as depicted in Figure 57. This makeds 8 saturated—an extremely busy
server and its queue building up. Node 4 is aldarated with its steady-state traffic
intensity reaching approximately 0.97. Since thewsgs grow rapidly, the system transient
period lasts for only 30 minutes. This allows tlehac method to demonstrate that it can

also capture state changes in the opposite direite, decrease in flow rates).

Figure 57: An 8-Node Bidirectional Tandem Networith\Heavy Traffic

Figure 58: Estimated Mean Queue Lengths at NodeEkperiment 3
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The simulation results affirm that the ad hoc mdthe competent in this
heavy-traffic scenario; see Figure 58 for the ested mean queue length of node 4. For
clarity, is setto a moderate value £ 300), leaving off the jagged results from small
Furthermore, the respectivtests indicate insignificant differences betwdenad hoc and

sequential simulations (the figure is skipped foae conservation).
4.3.3Experiments with an 8 x 8 Grid Network

The three experiments in this subsection intenshtmwv that the iterative ad hoc
method can handle the state transients in the mi$vwibat involve complex, cyclic unit
routings. The 8 x 8 queueing network under regpdatitioning (i.e., the one in Section
3.3.1, as shown in Figure 59) is adopted. Moreawer,experiments vary in the service
processes as well as the respective service-tief@aents of variation (CV), which range
from 0.5 to 2.

The modeled scenario is as follows. Throughouttitee simulation, each node in
the network is associated with an external Poissamal process, starting with the rate
equal to 1 / 6 per second. Then, after 4 hoursnmlation time, the external arrival
processes of nodes 16 and 24 both increase thesrt@l / 2 per second (see Figure 59);
this change lasts for 30 minutes and goes badtetstarting condition afterwards. During
the 30-minute period, the steady-state trafficrisiges of nodes 16 and 24 are anticipated

to go up to 0.98 and 0.99, respectively; thesertaaes are then the busiest among all.
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Figure 59: A Regularly Partitioned 8 x 8 Grid Netwavith Dynamic Flow Rates

The metrics for evaluation are the mean queue tsraftnodes 26 and 33. Node 26
is covered by 20 LPs, 10 of which also model nddeand 24 (where the system dynamics
are introduced) while the remaining 10 LPs reqtheinformation shared by the former
10 LPs. On the other hand, node 33 resides outs@@ortion where the state changes
initially take off; that is, the 10 LPs modelingde 33 entirely rely on other LPs with

regards to the system transients.

4.3.3.1Experiment 4: Exponential Service Times

All the service times in this experiment are lIDdafollow the exponential

distribution with the mean equal to 1 second. Thei€1 since the variance is 1 second
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squared. After the system transients occur at 4l@0steady-state mean queue length of
node 26 is expected to grow from 3.26 to 4.34 &atldf node 33, from 2.29 to 3.13.
Figure 60 illustrates the experiment results: tegénmeated mean queue lengths
averaged over 300-second periods andpthralues from the respective Welch'sests.
These results show that the iterative ad hoc methadmpetitive to the corresponding

sequential runs under this complex 8 x 8 netwotk wie moderate service-time CV.

4.3.3.2Experiment 5: Gamma Service Times with Low Variatio

This experiment employs the gamma service timeé whe shape and scale
parameters equal to 4 and 0.25, respectively;dbelting CV is 0.5 (since the mean is 1
and the variance is 0.25). The mean queue lengthaxpected to be shorter than those in
the last experiment due to this smaller serviceet@V. This anticipation is confirmed by
the results in Figure 61, which also support thaincl that the ad hoc method is
indistinguishable from the sequential simulatiomlike the results in Section 4.3.3.1, an
extremely rare number of hypothesis rejectionsh@tclaim. However, these incidents are

minor unless further evident is presented to agains

4.3.3.3Experiment 6: Gamma Service Times with High Vaoati

As opposed to the experiment in Section 4.3.3.& ttee service times follow the
gamma distribution with the shape and scale paemmegual to 0.25 and 4, respectively.
Under this configuration, the mean is 1 secondthedariance is 4 second squared. That is,
the service-time CV is 2, which results in longexan queue lengths compared to those in
Experiment 4 (in Section 4.3.3.1). The experimesults are depicted in Figure 62, and

again these positive results show the potentiakéffeness of the iterative ad hoc method.
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Figure 60: Estimated Mean Queue Lengths@aivdlues from Welch’s Tests in Experiment 4
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Figure 61: Estimated Mean Queue Lengths@aivdlues from Welch’s Tests in Experiment 5
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Figure 62: Estimated Mean Queue Lengths@aivdlues from Welch’s Tests in Experiment 6
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4.4 Conclusions

By extending the study of the accuracy of steadjesinetrics in Chapter 3, this
chapter demonstrated the competitiveness of addlstigbuted simulation on modeling
short-term system dynamics in opening queueing orsv First, two experiments with
flow rates increasing during simulation executiomsre conducted to argue that the
original ad hoc method in the previous chaptersfail instant reflection of system
transients. The extent of those delayed respomeéaes to the length of the update period

. The failures are due to the fact that the sta@ates shared by individual LPs are
regarded as predictions of future system statdsershan reflections of the current state.

To address the delayed-response issue, the iterati\noc method was proposed
along with detailed discussions on the design efd@hgaged components as well as the
potential issues owing to flawed simulation modsisggestions and negative examples
were delivered as guidelines for preventing appbcabuilders from running into such
issues. The new method was empirically evaluated sby experiments, which
demonstrated the potential capability of the pregogerative approach in terms of
capturing system dynamics by comparing the resug&ésnst the sequential counterparts.
The evaluation was based on point estimation, whithudes not only the direct
comparison of the averaged numbers but also Weldk'st to provide more compelling

and comprehensive statistical evidence.
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CHAPTER 5

CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

An ad hoc distributed simulation models an operatiosystem by bringing
together a collection of autonomous online simalai each responsible for modeling a
portion of the system. These simulators (i.e., I[9P®rt for logical processes) coordinate
with each other via the ad hoc service (i.e., ymelronization mechanism) along with the
space time memory (STM), which serves as dataggor@he ad hoc service involves
several mechanisms, such as the rollback mechaaipnoper design of these mechanisms
with respect to a specific application is essenfifiis thesis work particularly focuses on
modeling open queueing networks using ad hoc diged simulation because queueing
models are widely used abstractions for analyzmngigistrial systems.

First, this thesis mathematically defined the ad bBpproach, primarily for two
reasons: (1) facilitating the performance analgsid (2) standardizing the terminology to,
for example, improve the communication between iappbn designers and simulation
programmers. Furthermore, based upon this fornaudhkiis thesis modularized the ad hoc
approach and provided the pseudo codes to helplatarthe conceptual descriptions to
programs.

The second part of this thesis explored the caipabil the ad hoc approach for the
steady-state analysis of open queueing networkth Boalytical and empirical studies
were conducted to address the estimation accufidey.analytical study concerned in

particular the queueing networks within which tlepartures of each queueing station (i.e.,
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node) form a renewal process because renewal pexesan be accurately modeled
without a significant computational effort. The dyudentified such networks and proved
that the ad hoc approach can model these netwaidkgpeoduce the estimates that are
statistically equivalent to those from the sequemounterparts.

On the other hand, three empirical studies weredected on the queueing
networks that do not satisfy the above conditidme Tirst one focused on the steady-state
server utilization and mean queue lengths of théeadn an 8 x 8 grid network. The
network was configured with a stochastic unit-rogtiplan and various service-time
distributions, leading to non-Poisson departurég. @xperiment results showed that the ad
hoc approach is competitive to the sequential satrant approach despite the observable,
yet mild and tolerable, overestimation in the qukumgth estimators. Furthermore, an
extended study revealed that a major cause of euehestimation issue is the input
approximation.

The second empirical study examined the impactaofitmning methods on the
prediction accuracy by extending the last studgvaluate 10 more partitioning layouts
with the same experiment settings. Specificallgrgwnode in the network was modeled by
at least 8 LPs. The results did not show signifigiscrepancy among those layouts. In
other words, partitioning methods do not appedsea critical factor in the estimation
accuracy as long as an adequate number of LPpleyed for each node.

The third empirical study proposed a buffered-ameechanism to improve the
prediction accuracy, which was shown to deteriordtee to the imperfect input
approximation in the first empirical study. Insteaidimproving the accuracy though a
better, more sophisticated input approximation metfwhich could be challenging and

expensive to compute), the proposed buffered-areahamism attempted to ease this
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overestimation problem by inserting buffers to fodhe shock wave” induced by the input
approximation. The experiment results demonstrétatla small buffer is sufficient to
greatly reduce the estimation biases.

The third part of this thesis broadened the apgiina of ad hoc distributed
simulation to prove its competence in capturing shert-term state transients in open
gueueing networks. This study started with evahggtihe capability of the previous ad hoc
gueueing simulation method used for the steadystaialysis. This original method
showed itself unable to accurately reflect statangles in terms of when the changes
happen and how long they last. Specifically, thanges were revealed with delay,
positively connecting to the parameter—the lengthth® update period. To fix this
delayed-response issue, the iterative ad hoc gugsénulation method was proposed by
considering the observations from individual smsatiulations as the current state, instead
of the future state predictions. The proposed ntethas discussed in detail, including the
ideas behind the design of the involved componants the guidelines to prevent the
undesirable livelock issue. Also, some instancesviofating these guidelines were
delivered to show the possible consequences.

The performance of the iterative ad hoc queueimgisition method with respect to
instantaneous system-state reflection was evalwatgxarically under 6 different networks.
Both tandem and grid networks were included in é¢Rkperiments, as well as various
network conditions such as the server loadings éraid and heavy) and the service-time
variances (low, medium, and high). The experimesults led to the conclusion that this
ad hoc method has the ability to model system dycsuaccurately with the simulation

results being statistically equivalent to thoserfreequential simulations.
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5.2 Future Work

Ad hoc distributed simulation, which is motivategl the emerging embedded
online simulations, presents a great number ofréutlirections, for example, with regard
to monitoring and optimizing operational systemsil/this thesis has explored the work
primarily focusing on modeling open queueing neksprmany areas merit further
investigation. The following lists some possibleedtions:

1. Embracing data correlation. The data processing in the current ad hoc
queueing network simulations has been assumingethett observed/shared
value is independent. This configuration benefissimplementation simplicity
and the execution efficiency while sacrifices tlrewaacy performance. For
example, Section 3.3.3 has shown that the renesginaption regarding the
arrival processes on input links is the cause efdaibserved estimation biases.
Hence, accommodating correlation information irdtadmodels may mitigate
estimation biases. Moreover, several other mechemnin the ad hoc method
should take data correlation into account as Wéle information aggregation
is one instance because the LPs modeling the saaaeray deliver predictions
with correlation (considering the input data toithedividual simulations may
be potentially correlated). Also, the rollback agiten mechanism should avoid
possibly correlated estimations from destructingbexk criteria, such as
widening or narrowing acceptable ranges to favadesirable values or to
reject valid ones.

2. Handling unreliable data. When it comes to data processing, it is always one

of the critical factors that how much data is st to support a claim with a

128



certain statistical significance. This concern igtpathe ad hoc approach
directly in determining the LP-coverage requirersefar each portion of a
system under investigation. Also, it should be tak&o consideration the
reliability of LPs as well as the communication argéhem because any failure
and error during simulation executions would leaddta loss.

In addition to data loss, data contamination hadais reliability. Inaccurate
data are produced by malfunctioning LPs (resulfrogn failed computing
devices and invalid simulation models) and othd¢a daurces (e.g., sensors).
These data should be excluded from simulationas as possible to avoid
further damage. However, identifying such situatiean be challenging as a
productive detection mechanism must distinguishetrers due to pollution
from true system dynamics.

Balancing tradeoffs. Ad hoc distributed simulation emerges from theiéss
that traditional simulation methodologies may rurioi when serving for
real-time operational systems—the issues are resgness, scalability and
failure resistance. In order to tackle these issseme sacrifices have to be
made, and the estimation accuracy is one of thelhieWhe notion of tradeoffs
has been “embedded” every bit in the ad hoc methodeneral model to
quantify the tradeoffs is essential for guiding siation users throughout all
the possible choices of the ad hoc mechanisms. dWere this may help
develop new methods for various current and, magportantly, future
conditions and requirements.

Expanding simulation applications.  Queueing models  are

popularly-accepted benchmarking applications faleating the performance
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of a simulation method. While this thesis work baplored the ad hoc method
on modeling open queueing networks, an apparerntstep is to study closed
queueing networks. A closed queueing network, bfndien, involves a
constant number of units, getting services anditapmside the network; that
is, no external arrival or departure exists. Ircpce, closed queueing networks
deserve the same amount of attention as open omegadticularly, the
computer and communication systems are commonlyetaddusing closed

gueueing networks.
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