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Abstract

Multiclass closed queueing networks with fork-join constructs are a very useful way to model the
performance of systems that use parallelization. This paper introduces a method to approximate
the queue lengths and throughputs of such queueing networks. This method can be considered an
extension of an existing approximation method (Decay Rate Approximation) for queueing networks
without fork-join constructs. The main idea is to consider each queue in isolation by approximating
the arrival process for each queue, and then calculate the decay rates for each queue and use that
along with a product form solver to get a more accurate approximation. We also present a way to
increase the computational efficiency of our approximation method and present results that suggest
that this helps to make the runtime scale better.

Our results show that our approximations are equal or better than the current state of the art in a
wide range of test cases varying the number of fork-join queues, the heterogeneity of the queues,
and the service distributions of the queues. Our method has a mean queue length percentage error
of less than 10% in all our tests.
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Chapter 1

Introduction

Fork-join constructs in queueing networks are those where one job is forked into multiple indepen-
dent jobs which are processed in parallel, and when all those jobs have completed processing they
are all joined and depart as a single job [55]. A simple example of a fork-join construct can be seen
in Figure 1.1 and we explain the model and its assumptions in more detail in Section 2.2. Fork-join
constructs arise in contexts which use parallel and/or distributed computing; for example query
processing in parallel databases, parallel disk access in RAID, and the MapReduce framework all
can be modelled using queueing networks that consist of fork-join constructs. A fork-join construct
can be used to model the situation when a job is split into multiple parts and has to wait for all parts
to finish processing before the job can proceed to the next part of the system. A simple example
of that would be sorting in parallel, where the initial list is split into multiple parts which can be
sorted in parallel and subsequently merged. However, the merging process cannot begin until all
parts have been sorted.

Multiclass queueing networks are a widely used framework for modelling various types of stochas-
tic systems; ranging from telecommunication systems to production lines to computer hardware
and software systems [14]. The difference between a multiclass queueing network and a single
class queueing network is that the jobs in the multiclass queueing network can have different la-
bels/classes. The jobs can have different service time distributions at the queues and can have
different populations (for closed queueing networks) or different arrival time distributions (for
open queueing networks). What this means simply is that the queueing network can have different
types of jobs that can arrive and be serviced differently. This is useful to model situations where
jobs can be categorized into distinct classes that have different service requirements. A real life ex-
ample would be trying to model a customer service call centre, where most customers have a simple

Queue 1

Server 1

Queue 2

Server 2

Fork
Point

Queue k

Server k

Figure 1.1: Simple Fork-Join Queue
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question and can be serviced quickly, but a minority of customers have more complex problems or
are difficult to deal with and take longer to service. In this example, we have two classes, with one
that arrives very regularly and gets serviced quickly, and another class that arrives more irregularly
and takes longer to service. Multiclass queueing networks are used to evaluate the performance of
such systems and figure out how such systems can be optimized and scaled to larger networks and
larger number of jobs.

Closed queueing networks are those where there are no external arrivals or departures of jobs, and
instead jobs cycle around within the queueing network. There are a fixed number of jobs in the
queueing network, and it is known that as the number of jobs grows, the closed queueing network
can be used to accurately approximate a network with external arrivals and departures [50]. This
means that the closed queueing network model can be used to model different types of networks
as long as the runtime grows slowly as the population increases.

Despite their utility in modelling complex systems in the real world, closed multiclass queueing
networks with fork-join constructs are difficult to perform exact analysis on. Presently, there only
exists an exact solution to single class fork-join constructs with 2 queues with exponentially dis-
tributed service times [29]. For all other cases, there are only approximations. Multiclass queueing
networks can be analyzed using mean-value analysis and product-form theory [51], but only for
the situations where the model complies with the product-form assumptions. In the situation where
the multiclass queueing network has queues that are first come first served, then the queueing net-
work can only be analyzed when all the service times are exponentially distributed and where the
mean service times for all classes is the same at each queue [17]. As such, most of the systems in
the real world are optimized using these approximations instead of an exact analysis.

In this paper, we introduce a method to analyze closed multiclass queueing networks with fork-join
constructs where the queues are first come first served and have phase type distributed service
times and where service time moments can be chosen arbitrarily and differently from each class.
This method is an extension to an existing method of analyzing multiclass queueing networks: De-
cay Rate Approximation (DRA) [22]. The DRA method is an approximation for closed multiclass
queueing networks with the same constraints on the queues, but without the ability to model fork-
join constructs.

1.1 Motivation

In the world we live in today, we rely on many important and highly complex systems. These sys-
tems range from manufacturing (e.g. production lines, supply flow) [19] to communication (e.g.
internet, telecommunication networks) [31] to computer hardware and software systems. In par-
ticular, the use of parallel and distribued computing has become increasingly widespread in recent
years and the trend looks to continue. For example, there are distributed databases/data storage
like Google’s Bigtable and Amazon’s Dynamo, and also distributed computing frameworks for pro-
cessing large amounts of data like MapReduce. These distributed systems involve large amounts of
parallelization. In 2010, a single Google search query uses more than 1,000 computers to get the
results for the user [26] and it is not unthinkable that the number of computers used per search
query has increased since. In addition, consider the fact that Google processes at least 40,000
search queries a second (or 1.2 trillion search queries per year). The performance of such systems
is very important to these technology companies. Amazon has calculated that a slow down in page
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loads of one second could result in a reduction of US$1.6 billion in sales per year [25]. For Google,
an extra half a second in responding to search queries resulted in a reduction in traffic by 20%
[26], which can dramatically affect the revenue from ads. Models such as closed multiclass queue-
ing networks with fork-join constructs are very useful to evaluate and optimize the performance of
such systems.

In addition to the examples above, there are hardware systems that are designed for and make use
of parallelization like graphics processing units (GPUs). Large technology companies like Google
and Facebook have huge clusters of GPU-based systems forming complex systems with extremely
large amounts of parallelization [27]. This is driven largely due to the recent successes and devel-
opment of machine learning and deep learning, leading to the demand for machines that can scale
to large data sets [12]. Designing these systems also requires a good knowledge and understand-
ing of how jobs are processed in the system, and this can be gained by using models with fork-join
constructs.

In general, processing jobs within these massively parallel and distributed systems can be modelled
using a queueing network with fork-join constructs. In particular, the fork-join construct has been
described as one of the key models for the performance analysis of parallel and distributed systems
[18]. Therefore, being able to accurately and efficiently analyze queueing networks with fork-join
constructs is getting increasingly important and allows us to be able to design, build and optimize
such systems.

1.2 Objectives

The main aim of this project is to extend the decay rate approximation method [22] to queueing
networks with fork-join constructs. We aim to use the research from [23] and improve on the
approximation in [2] to get a more accurate approximation of the queueing network which is still
efficient.

The eventual outcome of this project will be an extension of DRA including an implementation of
that method in MATLAB. We aim to have an implementation that is:

e Accurate - Produces approximations that are more accurate than the state of the art method
in [2]. We will test the approximation methods against values obtained from simulation and
we aim to produce values that are closer to those obtained from the simulation.

e Universal - Works for a wide range of queueing networks. This includes different topologies
and different service time distributions. Ideally, we want the method to produce accurate
approximations for all queueing network topologies and for all types of service time distribu-
tions.

e Efficient - Ideally, the approximation should be efficient enough to work on large queueing
networks with many parallel queues and large number of classes.

1.3 Challenges

The following challenges need to be addressed when developing the approximation method:
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While our method can be seen as an extension of the Decay Rate Approximation (DRA) method, it
is not as simple as writing a stand alone script that the existing DRA method can call when it needs
to deal with fork-join queues. We need to thoroughly understand the DRA method and modify the
parts where certain assumptions do not hold when fork-join queues are used.

Based on the research done on approximating single class fork-join queues, we know that as we
increase the number of fork-join queues in parallel, there is an exponential growth in the number of
states of the process that is used to model the fork-join queue [23]. As such, the run time and space
required to run the approximation grows exponentially and does not scale to queueing networks
with large fork-join constructs. We need to find a way to overcome this state space explosion in
order to make the approximation more efficient and work for more topologies.

In addition, research suggests that the accuracy of the approximation increases as the length of
the synchronization queue in the model increases [23]. However, this also causes an exponential
increase in the number of states used to model the fork-join queue and therefore the time and space
efficiency of the approximation is not ideal. We need to find a way to balance between increasing
the length of the synchronization queue and increasing run time and space used.

1.4 Contributions
The contributions of this project are as follows:

e Developed an approximation method for multiclass queueing networks with fork-join con-
structs. This method is equal or better than the existing methods for a majority of our test
cases, and has less than 10% mean queue length error for all our tests.

e Investigated methods to make the method more computationally efficient. By resizing the
MMAPs to have fewer states, the runtime is reduced dramatically and scales better as we
increase both the number of fork-join queues as well as the length of the synchronization
queue.

e Implemented the approximation method in MATLAB.

1.5 Overview
There are two big building blocks to the project:

e Decay Rate Approximation (DRA)

e Fork-Join Approximate Mean Value Analysis (FJAMVA)

DRA is an approximation for multiclass closed queueing networks, but without fork-join constructs.
We use the same high level ideas in DRA in our method, but modify parts of it to work when we
consider fork-join constructs in the queueing network. We describe DRA in more detail in Chapter
3.
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FJAMVA is an approximation for multiclass closed queueing networks with fork-join constructs.
This is the exact same problem we are trying to solve. FJAMVA is the best known method for solv-
ing this, and we will be comparing our results against those obtained using FJAMVA. We describe

FJAMVA in more detail in Chapter 4.







Chapter 2

Background

In this chapter, we introduce the background knowledge and research done on the various compo-
nents of the paper.

2.1 Organization
This project is based on the following important concepts:

e Approximate model for single class fork-join queues in Section 2.8
e Decay Rate Approximation (DRA) in Chaper 3

e Approximate Mean Value Analysis (AMVA) of multiclass fork-join queueing networks in Chap-
ter 4

This chapter is organized in a way that starts off with basic concepts, introducing the fork-join
construct and the existing research on solving it. Next, we introduce the concepts required to un-
derstand the approximate model for single class fork-join queues in Section 2.8. Following that,
we cover the concepts relating to multiclass queueing networks. The DRA and AMVA concepts are
more complex and the project heavily relies on both, so they are in chapters 3 and 4 respectively.

2.2 Fork-Join Queues

At a high level, fork-join constructs are simply just a part of a queueing network where an incoming
job arrives at a point where it gets split into multiple jobs which get processed in parallel. Then
when all those jobs have completed processing, they are resynchronized and the job leaves the
fork-join construct as a single job [55].

Figure 2.1 shows a fork-join construct in more detail. We define the terms fork point and join point
as the points in the network where the job is forked into multiple jobs and joined back into a single
job respectively. These points are labelled in Figure 2.1.

Note that the incoming job gets split into n independent jobs when it arrives at the fork point. These

n independent jobs immediately join n separate and parallel first come first served queues where it
waits to get serviced by n different servers. When one of the n independent jobs has been serviced,

7
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it joins a synchronization queue and waits until all of the other jobs that split off at the fork point
have completed servicing. Once the last job finishes servicing and joins the synchronization queue,
the n jobs then resynchronize at the join point and get combined back into one job again.

Note that the n servers can have different service time distributions and do not have to be related
to each other. Note that the n jobs do not necessarily start getting processed by the servers at
the same time and can spend different amounts of time in the queues before getting serviced. In
addition, the jobs are assumed to be processed in first come first served order.

In some cases, the fork-join model has interfering jobs that can join the n queues but in this paper
we consider the model without the interfering jobs.

Server2

Point &

PO B ee— |

Figure 2.1: Detailed Fork-Join Queue

2.2.1 Split-Merge Model

A similar model to the fork-join construct is the split-merge model. The split-merge model is similar
to the fork-join in that the incoming job is split into n sub-jobs and processed in parallel. However,
the difference is that the next incoming job can only split and start getting processed when all the
sub-jobs have finished servicing and are rejoined [28].

The split-merge model has been solved for the following homogeneous queues: M/G/1, M/G/1/N,
M/G/C, and G/G/1/N [28]. For heterogeneous split-merge queues, the case where n = 2 and the
servers have exponentially distributed service times has been solved [28].

The split-merge model can be seen to be an upper bound on the fork-join model, as the networks
topologies and the way that jobs are split and synchronized are exactly the same, with the differ-
ence being that even though a server has completed servicing a sub-job, it cannot begin servicing
the next sub-job (from the next job) until all of the other n — 1 sub-jobs have finished servicing and
synchronized.

2.2.2 Solving and Approximating Fork-Join Queues

In this section, we explore the current research in solving fork-join constructs and focus in particular
on how matrix geometric methods have been used to analyse them. We explore:

e n way fork-join queueing systems with Poisson arrivals and exponential service times

e n way fork-join queueing systems with Poisson arrivals and general service times
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Poisson Arrivals and Exponential Service Times

In this situation, the arrivals are modelled using a Poisson process with rate A\ and the service time
distributions of all the queues are exponential with the same rate p.

Let us define p as the utilization of the queues, R(p) = u%/\ as the mean response time for a sin-

gle server queue, and RY7(p) as the response time of a fork-join system with utilization p and n
queues. Let R]"**(p) be the maximum of n response times for queues with utilization p.

An exact solution has been found for n = 2, and it is as follows[43]:

12—0p
8
For all n > 2, there is no exact solution and there are only approximations based on known upper
and lower bounds. One key result is that R™¥(p) is an upper bound for R.”(p)[43]. Using that
result, an approximation was obtained for RY”(p) for 2 < n < 32 which is based on the bounds[43]:

Ry (p) =

R(p) 2.1)

"< RIY(p) < Ho - Rip) (2.2)

where H,, is the n™ harmonic number, i.e. H, =37, 1

=17

In addition to that, there are two other approximations obtained by Varki et al[57] and Varma
and Makowski[58]. These approximations were compared in a simulation study[39] against an
approximation using the maximum order statistic, which is just taking the maximum of all the n
response times. The performance of the various approximations vary with different parameters
such as having homogeneous/heterogeneous servers, n, and service distributions.

Maximum of Response Times

As mentioned earlier, an approximation exists using the expected value of the maximum of mul-
tiple response times. This is the same as R]'**(p) defined earlier. This corresponds exactly to the
solution of the split-merge model.

Poisson Arrivals and General Service Times

There is an approximation for fork-join queues with general service times[56] but it requires some
precomputation of a value by running some simulations. The value obtained by running the sim-
ulations depends on n and p. As such, the performance and usefulness of this approach depends
greatly on being able to know and fix n and p beforehand.

2.3 Closed Queueing Networks

There are two types of queueing networks: open and closed. In this project, we are interested in
studying closed queueing networks. In an open queueing network, jobs arrive from an external
source and depart to an external destination. In contrast, in the closed queueing network, jobs
do not arrive from an external source and do not depart to an external destination. Instead, jobs

9
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|
:D/:D—

Figure 2.2: Simple Example of a Closed Queueing Network with a Fork-Join Construct

move around the queues in the system but never actually leave the system. The outgoing jobs are
connected and redirected back to the input and become an arrival to the network [60]. This is
illustrated in Figure 2.2. It is also common for closed queueing networks to have a think time,
which is some time between cycling back from the end of the network to the front. This can be a
constant amount of time, or can be modelled using any distribution like arrival or service times.

One key difference between open and closed queueing networks is that closed queueing networks
have a fixed population of jobs. If the population is large enough, a closed network can accurately
approximate an open network [50]. This means that the closed queueing network model can be
used to model different types of networks as long as the runtime grows slowly as the population
increases. In the multiclass case where jobs have different classes, there is a fixed initial population
of jobs for each class. In some cases, the populations are fixed but others allow class switching,
where a job can change classes. However, the total population still remains the same.

There are many computer systems that can be modelled with a closed queueing network. For ex-
ample: users interacting with a system, threads acquiring a lock, processes blocking for I/0 [24].

2.4 Phase Type Distribution

The phase type distribution is a probability distribution that generalizes the exponential distribu-
tion [44], both in series and in parallel [32]. Consider a continuous time Markov chain with m + 1
states, where state 0 is absorbing and all the other m states are transient. A phase type distribution
is a probability distribution of the time until absorption into the absorbing state (state 0) of such a
Markov chain [45].

The parameters of a phase type distribution are:

e «, a probability row vector of length m

e S, an m x m matrix which is the transition rate matrix for the Markov chain excluding state 0
The overall transition rate matrix can then be written as:

0 0
Q:[—S-l s]

where 0 is a 1 x m vector of zeroes and 1 is a m x 1 vector of ones.

For a random variable X that has a phase type distribution, the moments of X can be computed as
follows [44]:

10
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EX"=(-1)"nl-a-S" 1

Here are some special examples of the phase type distribution:
An exponential distribution with rate y has:

a=1, S=[-4

An Erlang-2 distribution with rate p has:

_ _|TH K
a=[1 0], S= [0 —u]
A hypo-exponential distribution with two phases with transition rates ;1 and p9 going from phase
1 to 2 and 2 to O respectively has:

—H1 1
=11 0|, S=
“ [ } [ 0 Hz]
A hyper-exponential distribution with two phases where the probability of selecting phase 1 is p
and where the rate for phases 1 and 2 are u; and o respectively has:

— 1— S = —H1 O:|
a=|[p |, [0 s

It is known that any distribution can be arbitrarily well approximated by a phase type distribution
[3], and there are well studied methods of fitting a phase type distribution to data such as the
expectation maximization algorithm [6] and the method of moments [3].

2.5 Markovian Arrival Process

The Markovian arrival process (MAP) is a model for events occuring in a system. It can be seen as
an extension of the Poisson process, where the time between events is exponentially distributed.
Consider the continuous time Markov chain representing a Poisson process. The Markov chain has
only one state and one transition from the state to itself, where the transition corresponds an ob-
servable event lke an arrival (explained in more detail in Section 2.5.1).

The MAP extends this such that instead of just having one state, any number of states is allowed.
The transitions between those states are Poisson processes and each transition can have a different
rate from the others. Also, instead of having every transition correspond to an observable event
occuring, the MAP transitions in the Markov chain can be hidden. This means that the transitions
do not need to result in any observable event occuring and only mean that internally, the state of
the Markov chain has changed.

The infinitesimal generator for the Markov chain for MAPs, D, can then be represented as the sum,
D = Dy + D, where D, is for the transitions corresponding to an event and Dy is for the hidden

11
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transitions.

One property of MAPs is that in theory any stationary point process can be approximated arbitrarily
closely to a MAP [5].

The average rate of events in a MAP, ), is called the fundamental rate of the MAP and is equals
to A = D11, where 6 is the stationary probability vector of the Markov chain with infinitesimal
generator D [46].

2.5.1 Examples

Other than the Poisson process, other processes that can be represented as a MAP include Markov-
modulated Poisson processes and phase-type renewal processes which include the Erlang distribu-
tion, hyperexponential distribution, hypoexponential distribution, and Coxian distribution. Here
are some examples of Dy and D; matrices for some of those distributions:

Poisson

The Markov chain for the Poisson process has only one state with one observable transition and no
hidden transitions. This is shown in Figure 2.3.

Figure 2.3: Markov chain for Poisson process in Section 2.5.1
In this case, the Dy and D; matrices will be:

Dy = [—A]
Dy = [}

Erlang-2

The Markov chain for the Erlang-2 process has two states with one observable transition and one
hidden transition. This is shown in Figure 2.4.

O-@

Figure 2.4: Markov chain for Erlang-2 process in Section 2.5.1

12
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In this case, the Dy and D; matrices will be:

A A
po= [ 2

0 0
melid

Markov Modulated Poisson Process

This process is the case where we switch between two Poisson processes and where the process
of switching between the Poisson processes is also a Poisson process. So this is modelled using a

Markov chain with two states, two observable transitions and two hidden transitions. This is shown
in Figure 2.5.

1

A A,
(1 -2 2 )

Figure 2.5: Markov chain for MMPP in Section 2.5.1

In this case, the Dy and D; matrices will be:

Do = [—()\1 + Ai2) A12

o1 —(A2 + A21)

a0
Di = [0 /\J
Generic Example
e}
P .
1 2
Hia i“31
3

Figure 2.6: Markov chain for example MAP in Section 2.5.1

Consider the example MAP in Figure 2.6. Let the transitions rate from state x to state y be .
The dotted lines in the figure represent hidden transitions and the solid lines represent observable
transitions. Then the MAP can be represented by the following matrices:

13
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[—(p12 + p13)  pa2 0
Dy = 0 —p21 0
i H31 0 —u3
[0 0 i3
Dy=|p21 0 O
0 0 0

2.6 Matrix Geometric Method

The matrix geometric method is a technique used to solve queueing system problems that have a
special structure. The transition rate matrix for the queueing system needs to have a tridiagonal

block structure like this:

Boo  Bo1
Bip A1 A
Ao A1 Ay
Q= Ao A1 Ay
Ay Ay A,

Ao A

where By, Bo1, Big, 4o, A1, Ao are all matrices.

Ao

(2.3)

Processes that can be described with such a transition rate matrix are called quasi-birth-death
(QBD) processes. Let the states of the process be grouped together by blocks, where the i block
consists of all the states that correspond to the i row of blocks in the matrix above.

Note that for these QBD processes, transitions can occur:
e from states in the i block to states in the i block
e from states in the ™ block to states in the i — 1™ block
e from states in the i™ block to states in the i + 1™ block
And that those transitions from the i block to the:
e i block are represented by the matrices By, and A;
e i — 1M block are represented by the matrices Bjo and Ay

e i+ 1% block are represented by the matrices By; and As

In order to calculate the stationary distribution 7, we need to define w; as the subvector corre-
sponding to the states for block i. This means that the size of the vector 7; equals to the number of

states in block 7.
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Then note that in a similar way that the M/M/1 queue can be solved, we first obtain the balance
equations for the subvectors which are as follows:

moBoo + m1B1g =0 (2.4

moBo1 + ™A1 + A9 =0 (2.5)
mAg + mo Ay + m3Ap) =0 (2.6)
Ti—1As + m A1 + mip1 Ao =0 2.7)

Then similar to how the M/M/1 queue can be solved, there exists a matrix R such that for ; > 1:

T =1 R (2.8)

Then, clearly it follows that:

T, = ﬂ'oRi (29)

Then substituting that into Equation 2.7 we get that:

moR T Ay + moR' A1 + moRTT A = 0 (2.10)
TR (Ay + RA; + R?4y) =0 (2.11)
Ay + RAL+ R?4y=0 (2.12)

Then from Equation 2.12, we can solve for R. There are a few efficient numerical algorithms that
can solve for R, such as cyclic reduction [15] and logarithmic reduction [37] [49].

Once we have obtained R, we can use R and substitute Equation 2.9 into Equation 2.4 to solve for
mo. Once we have solved for 7y, obtaining any other 7; can be done by using Equation 2.9.

2.7 Modelling Departure Process of MAP/MAP/1 Queues

In this section, we consider how we can model the departure process of a MAP/MAP/1 queue as
a MAP. A MAP/MAP/1 queue is a queue that has both arrival and service times modelled using
MAPs. Then we know that the generator of the continuous time Markov chain (CTMC) that models
the queue has the following structure [36]:

AQ Al
Ay Ay A

Q= A Ay Ay (2.13)

where the arrival MAP is characterized by By, B; and the service MAP is characterized by Sy, S1
and:
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A1 =B1®I (2.14)
Ao =By ® Sy (2.15)
Aq1=1®5 (2.16)
Ag=Byo I (2.17)

Note that () has the structure of a QBD as described in Section 2.6 and therefore we can use matrix
geometric methods to solve for the stationary distribution of Q.

The departure process from the MAP/MAP/1 queue can be represented by a MAP with infinitely
many phases [36]. Note that @ is the background Markov chain for the departure process MAP.
Then note that the transitions corresponding to the departure of a job are non-hidden and are part
of the D; matrix, while all other transitions are hidden transitions and are part of the Dy matrix.
Therefore, that the departure MAP can then be represented using the two matrices:

Ay Ay
Ay Ay
Dy = a4 (2.18)
A
Dy = A (2.19)

One way that can be used to approximate the infinite MAP is to truncate the infinite matrix after a
certain point. A truncation at level n means that the matrices are truncated after n repeats of the
diagonal part containing A_1, Ag, A;. There are multiple truncation methods such as ETAQA[34]
and level probability based truncation method[52] but in both of those methods, the result after

truncation is that we obtain matrices D((]") and DY‘) with the following structure [36]:

Ao A1
Ay A
Ay Ay
Dy = (2.20)
A A
4
Ay
Ay
D™ = .. (2.21)
A_l A_l
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with the only difference between the truncation methods being the definition of the block matrices
A_y, A_,. The basic idea behind the truncation methods is that all the levels greater than n will be
merged into the last level.

2.7.1 Level Probability Based Truncation Method

In the code written for this paper, the level probability based truncation method was used. Recall
the definition for 7; from Section 2.6. The level probability based method approximates the prob-
ability that the actual model is at level n when the truncated model is at level n using the vector
7. In addition, the probability that the actual model is at level greater than n when the truncated
model is at level n is approximated using the sum of the 7; of all : > n, i.e.

=Y m (2.22)

1=n-+1

Given the geometric relation of all the 7; as seen in Equation 2.9, that sum can easily be computed
as follows:

o0

= g U

i=n+1
=mR"™N(I - R)™! (2.23)

And so using this notation, the matrix blocks Ay, A_1, A_; can be defined as follows:

Ao = Ag + A (2.24)
A_, = diag(m,) - diag(m, + 7F) - A4 (2.25)
A_y = diag(r;") - diag(m, + 7)) - Ay (2.26)

where diag(v) is defined as the diagonal matrix consisting of the elements in vector v.

2.8 Approximate Model for Single Class Fork-Join Queues

This section is based on the research done in [23]. This is another approximation method for single
class fork-join queueing networks with MAP arrival distribution and MAP service times.

The approximate model makes two modifications to the fork-join model:

e Arrival process - Instead of a single job splitting into n sub-jobs at a fork point, each of the n
queues in the fork-join construct has its own arrival process independent of the others.

e Synchronization queues - The synchronization queues are finite length and when they are full
any additional jobs are dropped.

17
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Finite Queues
(size k)

- Queue 1
I Queue 2
— Queue k

Figure 2.7: Approximate Fork-Join Model

This can be visualized in Figure 2.7.

So given the arrival and service MAPs of a fork-join construct, we approximate it by producing a
MAP describing the departure process of the approximate model. This is done by considering each
queue in isolation. Each of the n queues can be considered invidually as a MAP/MAP/1 queue,
where the arrival process is just the arrival process into the fork-join construct and the service pro-
cess is the same. In this way, we have n MAP/MAP/1 queues. Then using the method in Section
2.7 we can approximate the departure process of those as n MAPs.

Then the next step is to synchronize those n MAPs. Consider the example where there are two
queues in the fork-join consruct and the length of the synchronization queue is set as one. Then the
state transition diagram for the fork-join construct is like that in Figure 2.8 where the state labels
(z,y) represent the number of jobs that have been serviced and are waiting to be synchronized (z
for one queue, y for the other queue). The dotted lines represent hidden transitions corresponding
to one queue finishing servicing, and the continuous lines represent the visible transitions corre-
sponding to when the synchronization is complete and the job departs the join point.

Figure 2.8: Synchronizing 2 MAPs with synchronization queue length = 2

Recall that a MAP is described using the Dy and D; matrices. Let Ay, A; represent those matrices
for one queue and By, B; represent those matrices for the other queue. Then the MAP that de-
scribes the synchronization process can be written as:

Av@e By Ai®I I®B;
Dy = 0 I ® By 0 (2.27)
0 0 Ay 1

18



Chapter 2. Background 2.9. MARKED MARKOVIAN ARRIVAL PROCESSES

0 0 0
Ai®I 0 0

where [ is the identity matrix and @ and ® are the Kronecker sum and product respectively.

In general, as we extend the length of the synchronization queue, the MAP for the synchronization
process can be represented as:

Ay® By A1 ®I I® B 0 0 0 0 0
0 Ap @ By 0 Al 0 0 0 0
0 0 Ay ® By 0 I ® B; 0 0 0
Dy = 0 0 0 .. 0 0 (2.29)
0 0 0 0 Ay @ By 0 A1 0
0 0 0 0 0 Ay ® By 0 I® B
0 0 0 0 0 I ® By 0
0 0 0 0 0 0 0 Ao @1
0 0 0 0 0 0 0 0
I ® By 0 0 0 0 0 0 0
AT 0 0 0 0 0 0 0
0 I1® B 0 0 0 0 0 0
Di=1 o 0 Al 0 0 0 00 (2.30)
0 0 0 0 0 0 0
0 0 0 0 I®B; 0 0 0
0 0 0 0 0 Ai®I 0 0

2.8.1 Size of Dy and D,

One important thing to note is the size of the resultant Dy and D; matrices. The Kronecker product
and sum of two matrices A and B with dimensions m x n and p x ¢ respectively result in matrices
with dimensions mp x ngq. This means that the resultant Dy and D; matrices have dimensions
(25 4+ 1)mp x (25 + 1)ng where S is the length of the synchronization queue.

This means that when synchronizing more than two queues, the size of the resultant Dy and D,
grow extremely quickly. For example, with a third parallel queue with matrices of dimensions r x s,
the resultant Dy and D; matrices have dimensions (25 + 1)?mpr x (25 + 1)?ngs. In general, the re-
sultant Dy and D; matrices will have dimensions (25 +1)%—- (], m;) x (25 + 1)K~ (H]K:1 n;),
where the dimensions of the matrices for the i MAP are m; x n;.

2.9 Marked Markovian Arrival Processes

Marked MAPs are a generalization of the MAP where the MAP has multiple job classes and arrivals
are marked with a class label. Recall that the MAP can be described using the Dy and D; matrices
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which describe the hidden and observable transitions respectively. A MMAP with K classes can
be described with a Dy matrix representing the hidden transitions, and K non-negative matrices
D11, D12, D13, ..., Dy, representing the observable transitions (i.e. the arrivals) of each of the K
classes.

To convert a MMAP into a MAP by ignoring the class labels, the D, matrices can all be summed
up to obtain the D; matrix, i.e.

The MMAP has been used to model multi-class arrivals queueing systems [35]. There are methods
to fit MMAPs to data with an arbitrary number of classes [53].

Consider the example MAP in Figure 2.6 and the case where there are two types of jobs. Let the
rate of non-hidden transitions (i.e. arrivals) going from state x to state y of job label j be defined
as [tjzy. Then we have:

[— (12 + p1,13 + p213) 12 0
Dy = 0 —(p121 + p221) 0
| p31 0 —H31
0 0 pia3]
Dy = |p121 00
0 0 o0 |
0 0 p213]
Do = |p221 0 0
0 0 o0 |

So notice how the D;; and D5 matrices can be summed to obtain the i matrix in the previous
section, where 1113 = f11,13 + 2,13 and po1 = fu1.21 + p2,21-

One important thing to note is that superposing phase type distributed processes results in a MMAP.

2.10 MMAP[K]/PH[K]/1 Queues

In the decay rate approximation method described in the following chapter, we refer to the concept
of a MMAP[K]/PH[K]/1 queue. This refers to the queue where arrivals are described by a MMAP
with K job classes, and where the service times are PH distributed. The service time distributions
for each job class do not need to be the same, and in fact are independent from each other.

2.11 Product Form Queueing Networks

Product form queueing networks are the type of queueing networks that have a product form solu-
tion. A product form solution for a queueing network is one where the join probability of the queue
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sizes in the network is the product of all the probabilities of queue sizes at the individual queues
[7]. More formally, a product form solution for queueing networks is when:

P(n1,na,...,nar) = C [ [ P(ns) (2.31)

where M is the number of queues and C' is a normalizing constant, and where n; is the number of
jobs in queue i.

The stationary state distribution of product form queueing networks have a simple closed form
expression and therefore such queueing networks can be solved efficiently even for large values
of M. There are algorithms with runtime that is polynomial in the number of components in the
network.

Only under certain conditions will a queueing network have a product form solution. These condi-
tions can be found in [11], but the one that is most pertinent to this project is that for first come
first served queues, a product form solution is only possible if the service time distribution is expo-
nential and all job classes have the same service time distribution.
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Chapter 3

Decay Rate Approximation

The decay rate approximation (DRA) method is a matrix analytic approximation for closed queue-
ing networks with general first come first served (FCFS) queues [22]. It aims to improve on the
performance of existing approximations of multiclass closed queueing networks that cannot be
handled by product form theory. This chapter is based on the research done in [22] describing the
DRA method.

3.1 Single Class Approximation

The DRA method can be considered to be an extension of a prior approximation method for single
class closed queueing networks [21]. That method involves modelling the arrivals to the queues as
a MAP, and then iteratively looking at each MAP/PH/1 queue in isolation.

The method is based on the observation that the stationary queue-length distribution of a MAP/PH/1
queue may be accurately approximated by:

(1= pi) n=0
(n) = (3.1)
pilr) {Pz‘(l —ni)n n>1

where i refers to the ™ queue, p; is the utilization, and #; is the caudal characteristic of the queue.
The caudal characteristic of the queue is also the dominant eigenvalue of the rate matrix of the
quasi-birth-death process used to solve the MAP/PH/1 queue using matrix analytic methods. Then
using that, they formulated a heuristic product form probability expression as follows:

1 M
i=1

where C' is a normalizing constant. The values of p; and 7; are then computed by analyzing each
queue in the system in isolation. When considering an individual queue, the arrival process is com-
puted by scaling the service process of all input queues by their utilization, and then obtaining the
MAP which is the superposition of all of the scaled phase type processes. In this way, each individ-
ual queue can be analyzed as a MAP/PH/1 queue. We can then use matrix geometric methods to
solve for the decay rate for the queue, 7;.

In order to do that, the utilization of the queue can be computed to be p; = X6; where X is the
current estimate of the network throughput and 6; is the mean service demand at queue <.
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A new estimate of the network throughput is computed as the average of the throughputs at each
queue obtained by the product form equation 3.2 using the values of p; and 7.

At each iteration, the whole process is done and the new estimate of the network throughput is
compared against the previous value. If the difference is less than some threshold value, then the
loop is terminated and the last computed estimate of throughput is used.

To summarize, the algorithm comprises of:

Step 1 Initialize throughput, X, with any choice of approximation. The suggested methods are to
use exponential service times (instead of phase type) with the same mean, and then use the
convolution algorithm or mean value analysis algorithm [20, 38].

Step 2 Compute utilization for each queue by doing p; = X6,.

Step 3 Compute caudal characteristics for each queue by using matrix geometric methods to ana-
lyze the MAP/PH/1 queue (where the input MAP is obtained by superposition of the scaled
service processes of input queues).

Step 4 Solve for a new throughput value, X', using the computed values of p; and 7; in the product
form equation 3.2.

Step 5 If | X’ — X| is less than some threshold value, we terminate and return X’. Otherwise, set
X = X’ and go back to Step 2

3.2 Notation
Before starting to describe the DRA method, it is helpful to define the notation we will be using.
Let M be the number of queues in the network, and K be the number of job classes.

Let X}, be the estimate of mean throughput for class k. Then let X = (X3, Xs, ..., Xk) be a vector
of estimates of mean throughputs for all K classes.

Also, let p;;, be the mean per-class utilization at each queue when the throughputs are given by X,
and computed by p;r. = X0;k.

In addition, let p;; be the mean per-class utilisation given by AMVA-PF when the model is evaluated
with decay rate 7;; and X}, where 7;;, is the decay rate for class k at queue 1.

3.3 Methodology

Similar to the method in Section 3.1 and in [21], one of the key ideas of DRA is that each queue in
the network is considered in isolation. In the single class case, each queue was a MAP/PH/1 queue.
However, in DRA we are dealing with the multiclass case, so the queues will be MMAP[K]/PH[K]/1
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queues instead.

At a high level, the DRA method has the same steps as the method in Section 3.1. The basic idea is
similar:

e Iteratively solve for the throughput and queue lengths.

e At each iteration, compute utilization values based on the current estimate thoughput.

Consider each queue individually as a MMAP[K]/PH[K]/1 queue and compute the decay rate.

Use a product form solver to compute a new estimate for the queue utilizations, system
throughput and queue length distributions.

Minimize the difference between the estimates for the utilizations.

The main differences are in performing those steps, as the multiclass case is more complicated. We
discuss those differences below.

3.3.1 Initialization

DRA obtains an initial estimate of the system throughput as the one returned by the approximate
mean-value analysis method for FCFS queues (AMVA-FCFS) [17]. As with the single class version,
the intial estimate can be done any way desired, but the authors of [21] found experimentally that
the DRA results are accurate if the throughput is initialized using AMVA-FCFS.

The AMVA-FCFS method is a simple iterative algorithm that is based on the arrival theorem. The
arrival theorem is that the waiting time of a class & job at queue i can be expressed as:

K
Wik, = O, + 0, > ALY (3.3)

s=1

(%)

where 6;;, is the mean service demand of class k jobs at queue ¢ and A’ is the mean class s queue

length at queue i observed by an arriving job of class k.

While the equation is exact for some queueing systems like processor-sharing queues, it is not
exact for first come first served (FCFS) queues. AMVA-FCFS modifies the equation to deal with
FCFS queues by approximating the waiting time as:

K
Wi = 03, + Z 91'51455) (3.4)
s=1

Given the stationary mean queue lengths Q;x, the term Agf)

ik N,—1 —k
AW Qi TR (3.5)
Qis $ 7& k

can be computed as:

where N is the population of class k.
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With that, we can compute W;; using Equation 3.4 and with that the throughputs can be computed
as:

Ky,
Xk = ——— (3.6)
Zz’]\il Wik,
Then with the throughputs, the queue lengths can be computed as:
Qik = Wik - X, G.7)

AMVA-FCFS begins with an initial estimate of mean queue lengths. This can be done simply by as-
suming that all queues have an equal number of class k jobs and just dividing the total population
of jobs by the number of queues.

At each iteration, AMVA-FCFS calculates new waiting times based on Equation 3.4 (using Equation
3.5 to calculate the Al(-f) terms). Then, new throughputs and queue lengths are computed by using
Equations 4.5 and 3.7. The new queue length is then used in the next iteration to calculate the
waiting times. This is performed for a set number of iterations or until the difference between two
successively computed queue lengths is less than some epsilon.

Therefore, the computational complexity of the AMVA-FCFS method is O(I/M K) where [ is the
number of iterations, M is the number of queues, and K is the number of classes.

3.3.2 Obtaining Individual Queues

As mentioned earlier, to compute the caudal characteristics we consider each queue individually as
a MMAPI[K]/PH[K]/1 queue. The service distribution of the queue is kept as the same PH distri-
bution. The arrival MMAP of a queue : is computed by using the superposition of the phase type
service processes of the queues with output flowing to queue i. This is done on a class by class
basis, considering one class at a time and getting the superposition of the processes for that class
only. As with the single class version, the processes are scaled by the utilization at the queues, i.e.
if class k jobs flow from queue j to queue ¢ then the output process is multiplied by p;).

3.3.3 Calculating Decay Rates

This is one of the main challenges of translating the method to the multiclass version. Unlike the
single class version, there is no known straightforward matrix geometric method analysis of the
MMAP[K]/PH[K]/1 queue. The authors were not able to analytically determine the decay rates of
the exact distribution but provided a numerical method to determine the decay rates.

3.3.4 Calculating Queue Length

From numerical experiments, the authors found that when the total number of jobs in the system
is fixed, the distribution of the number of jobs belonging to different job classes is reasonably close
to a multinomial distribution. The multinomial approximation of the queue length is:
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K

Z (n14+n2+...+ng)!

P =) = (1 B 772‘) ny!-nagl. . ng! KA S (3.8)
i=1

where 7y, is the decay rate for class k for the specific queue that we are looking at. Note that this
requires us to have already computed the decay rates using the numerical method mentioned in
Section 3.3.3.

3.3.5 Optimization

DRA begins by initializing the system throughput, X. This throughput estimation is done using a
AMVA-FCEFS solver, which gives us a good starting point to begin the optimization. DRA then opti-
mizes locally around that initial X using the following objective function:

M K
min f(X Z Z |pir — pix| subject to X > X~ (3.9
=1 k=1

where X~ is a lower bound on the throughput which can be set to a small positive value (like
e = 1073) just to exclude the trivial solution with zero throughput. Also, p;; = X0, is the utiliza-
tion for class & jobs at queue ¢ when the system throughput is estimated as X. Additionally, p; is
the utilization for class k jobs at queue 7 that is obtained from using an AMVA product form solver
given the decay rates calculated when each queue is considered individually.

This optimization is performed by a non-linear optimization program such as a solver using the
interior point method and DRA outputs the results obtained from the AMVA product form solver in
the last iteration.

3.4 Performance

Based on the tests performed by the authors, DRA results are quite accurate. The test cases con-
sidered were those where there were 2 job classes with 2, 3, 4, 8 first come first served queues.
The authors also varied the total number of jobs in the system and the relative demand across job
classes and queues.

Method
Error (%) | DRA | AMVA-FCFS | AMVA
0-5 42.5% 33.75% 20%
5-10 45% 30% 38.75%
10- 15 12.5% 27.5% 26.25%
15-20 - 7.5% 11.25%
20 - 25 - 1.25% 3.75%

Figure 3.1: Error rates for different methods
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In all their tests, DRA had less than 15% error on mean queue-lengths. In fact, DRA obtains errors
that are mostly below 10% and in many cases are between 2% and 5%. One thing to note is that
the error for the test cases with 8 queues is larger than the ones with fewer queues. The authors
did not observe any patterns in the error in relation to the number of jobs and different demands
across clases and queues.

DRA can therefore be considered to be more robust than AMVA-FCFS, as it occasionally incurs
errors larger than 20%-25% while DRA never has any errors above 15%. This can be visualized
better in Figure 3.1.
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Fork-Join Approximate Mean Value
Analysis

This section is based on this paper [2] that introduces new approximations for multiclass fork-join
queues in both open and closed networks. In this section we describe the approximations for the
heterogeneous fork-join construct in closed queueing network in both single class as well as multi-
class cases.

The paper uses a generic fork-join model where the job does not necessarily have to fork into all
the queues in the fork-join construct, and instead has a routing probability ¢; of going to the i

queue in the fork-join construct. To simplify notation, let ¢; = 1 for all queues that are not in the
fork-join construct.

4.1 Single Class

For simplicity, we deal first with the case where there is only one fork-join construct in the queueing
network. Let F' be the number of queues in the fork-join construct.

Let G be the number of non-FJ queues (numbered 1, ..., ) in the queueing network and let the
queues in the FJ construct be numbered G +1,...,G + F'. Let s; be the service demand of queue «.

First, compute the residence time R}(n) for all queues in the queueing network, including the K

queues in the fork-join construct using the standard MVA equation:

R;(n) =¢€; X Si[l + ﬁz(n — 1)] 4.1)

where 7;(n — 1) is the average queue length at queue i when there is one less job in the queueing
network.

Next, reorder the residence times of the fork-join devices in descending order. Compute the overall
fork-join device residence time as follows:
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G+F
i= G+1
where Ry, (n) > Ry 5(n) > -+ > Ry, p(n).

Then, compute the system throughput by applying Little’s Law and considering that the response
time is equal to the residence time at the fork-join construct plus the sum of the residence times at
all non-FJ queues:

X = )+ 9, R *2

Compute the average queue length for each queue in the queueing network, including those in the
fork-join construct using the standard MVA equation based on the residence times of each queue
and the overall throughput:

ni(n) = X(n) x Ri(n) (4.4)

4.2 Multiclass

G and F are defined in the same way as the single class case. Let IN be the vector of length equal
to the number of classes that describes the population of all the classes in the network. Let R;*(IN)
be the average residence time of class k jobs at the fork-join construct when the job populations
are given by IN. Similar to the single class case, the model for the multiclass case also has routing
probabilities. Let ¢; ,, be defined as the probability that class & jobs visit queue 4, and define ¢; , = 1
for queues that are not part of the fork-join construct.

The throughput for class k£ can be computed by:

Ny,

Xu(N) =
(V) Zi+ RF(N)+ X9 R, (N)
k i=1""ik

(4.5)

where Zj, is class k jobs’ think time and R}*(IN) + Zlel R} .(IN) is the average response time for
class k jobs.

Then the average number of class & jobs at queue i is:

k() = Xx(N) x R, (N) (4.6)
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And then the residence time equation is:

() =€k - sik

K
14+ miy(N - m] 4.7)
t=1

where 1}, is a vector of zeroes with a 1 in the k™ position.

Then, similar to the single class approach, the residence times for the FJ queues are computed
individually. The residence times of the queues in the fork-join construct are sorted in descending
order and the overall fork-join residence time for each class can be computed by doing:

G+F 1
RE(N)= ) —Rix(N) (4.8)
i=G+1

where R, | (V) > Ry 9 (N) > -+ > Rigy 1 (N).

The throughput can be computed as shown above in the Equation 4.5. The queue lengths can be
computed using the individual fork-join queues residence time and the system throughput.

4.2.1 Complexity

At each iteration, the complexity is dominated by determining the total queue length with Bard-
Schweitzer which is O(M K') (where M is the total number of queues and K is the number of
classes) as we have to loop over all combinations of queues with classes. Therefore, the overall
complexity of the FJ-AMVA method is O(/M K') where I is the number of iterations.

4.3 Performance

The relative error of the approximation is between 5-15 percent. However, the authors of the paper
only tested exponential service time distributions. A figure with the results is shown in Figure 4.1,
where the bottom axis is the utilization of the queue.
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Figure 4.1: Results for the approximation for closed queueing networks
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Chapter 5

Fork-Join DRA

In this chapter, we introduce our extension to the DRA method such that it now works for multi-
class closed queueing networks with fork-join constructs.

Recall that in Chapter 3 we introduced the DRA method for approximating the performance of
multiclass closed queueing networks with general first come first served queues with phase type
service distributions. In this project, we extend that method to work on queueing networks with
fork-join constructs. We do this by modifying and extending the parts of the DRA method that deal
with the initialization of the approximation of system throughput and queue lengths as well as the
computation of the arrival distributions for the individual MMAP[K]/PH[K]/1 queues.

As such, the general outline of the algorithm for our extension to the DRA generally remains the
same:

e Iteratively solve for the throughput and queue lengths.

At each iteration, compute utilization values based on the current estimate thoughput.

Consider each queue individually as a MMAP[K]/PH[K]/1 queue and compute the decay rate.

Use a product form solver to compute a new estimate for the queue utilizations, system
throughput and queue length distributions.

If the difference between the estimates for the utilizations is less than some threshold value,
terminate the loop and return the last computed system throughput and queue length distri-
butions.

5.1 Initialization

Recall that in the DRA method, we initialize the approximation of the estimate of the system
throughput using the result of running the approximate mean-value analysis method for FCFS
queues (AMVA-FCFS) [17] on the queueing network (in Section 3.3.1). In this section, we in-
vestigate two different methods to initialize the queue lengths and throughputs: the AMVA-FCFS
method and the fork-join AMVA method described in Chapter 4 (FJ-AMVA).
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5.1.1 AMVA-FCFS

The AMVA-FCFS method is a simple iterative solver for first come first served queues and is de-
scribed in Section 3.3.1. The AMVA-FCFS method can still be used on queueing networks with
fork-join constructs, but the way that the input is prepared needs to be slightly modified.

In order to use the AMVA-FCFS method, we need to be be able to compute the mean service de-
mand for all classes at all queues. The mean service demand for class k at queue ¢ can be computed
by 8,1, = v - sir. Where vy, is the mean number of visits of class k jobs to queue 7 and s;;, is the mean
service time per visit of a class & job to queue i. The mean service time per visit can be computed in
the same way as done in the DRA method, -, where p;;, is the the mean of the service distribution

Mik’
for class k jobs at queue i.

In the DRA method, the mean number of visits is computed using the routing matrix, P, as input
(where P;; is the routing probability from queue i to queue j). Note that the number of visits to
queue 7 equals to the number of visits to all queues feeding queue ¢ multiplied by their respective
routing probabilities, i.e. v, = Zj]\il Pj; - vj,. We can use this to set up a system of equations for
all 4, where one of the queues is set as the reference queue with the mean number of visits set to 1,
and can solve that system of equations for the mean visits for each queue.

With the addition of the fork-join construct, the same principle no longer holds. We consider the
two cases that are different. The first case is for the queues that are in parallel in the fork-join
construct. For those, the mean number of visits would be equal to the mean number of visits to the
queue feeding into the fork point multiplied by the routing probability of a sub-job being routed to
the queue (in the simple case this equals to 1). This gives us the exact same equation as before.

The second case is for the queue that is after the join point. In this case, the mean number of visits
cannot be the sum of the feeding queues as the feeding queues will be synchronized and taking
the sum will be double counting. The easiest way to deal with this is that the mean number of vis-
its to that queue should equal the mean number of visits to the queue(s) feeding into the fork point.

With this modification, we are able to use the AMVA-FCFS method to compute an initial estimate
of the mean queue lengths and throughputs of a queueing network with fork-join constructs.

5.1.2 FJ-AMVA and Other Approximations

Another option for initializing the mean queue lengths and throughputs is to use the FJ-AMVA
method described in Chapter 4. Unlike the AMVA-FCFS method, the FJ-AMVA method is designed
to work on queueing networks with fork-join constructs. This means that we can use the FJ-AMVA
directly and that there is no modification needed.

Essentially, any approximation method that can be used to approximate queueing networks with
fork-join constructs can be used. As it can be expected, there is a trade off between effficiency and
accuracy of the various approximation methods, and in this project we choose to investigate the
AMVA-FCFS and FJ-AMVA methods because of their ability to provide relatively accurate estimates
despite their simplicity and efficiency.
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A171 )\172 )\271 )\272 )\3’1 )\3’2 N1 NQ Error (AMVA-FCFS) Error (FJ-AMVA)
2 4 2 4 2 4 1 1 0.1082 0.1082
2 4 2 4 2 4 2 2 0.1196 0.1196
2 4 2 4 2 4 3 3 0.1248 0.1247
2 4 2 4 2 4 4 4 0.1289 0.1289
2 4 2 2 4 8 2 3 0.0476 0.0476
2 4 2 4 3 6 2 3 0.0862 0.0862
2 4 2 4 4 8 2 3 0.0607 0.0607
2 4 2 4 6 12 | 2 3 0.0467 0.0467

Table 5.1: Error for Different Initialization Methods (M = 3)

5.1.3 Comparison

In this section, we compare the performance of our extension when initialized with the two differ-
ent methods. We ran our tests on a queueing network like in Figure 5.1 with 2 and 4 queues in
parallel and with varying amount of complexity and heterogeneity in the service distributions, and
with varying populations of jobs (which results in varying amounts of utilization).

Figure 5.1: Initialization Test - Queueing Network

In this comparison and in all the results presented, we refer to the mean absolute error in the mean
queue length across all classes and stations. This is obtained from [22] and is as follows:

| MK

error = o~ Z Z Qi — Qikl (5.1
=1 k=1

where Q); ;. is the mean queue length for class k jobs at queue i obtained using our method, and

Qi,k is the same but obtained using a simulation [13]. N is the total population of jobs.

In the range of tests conducted, the difference in the error obtained when initializing using the
two methods is negligible. In fact, the maximum difference of the errors in all our tests is only
0.01%. This is despite the fact that the initial estimates obtained from the two methods are usually
different. In all of our test cases, the final queue lengths obtained after convergence is in between
the initial estimates obtained from the two methods, with AMVA-FCFES tending to under estimate
and FJ-AMVA tending to over estimate.

The errors obtained and the test parameters can be seen in Figures 5.1 and 5.2.
From this, it seems that there is not too much difference between the two methods of initializing

the mean queue lengths and throughputs. However, the FJ-AMVA method is designed specifically
for queueing networks with fork-join constructs, and therefore the initial estimate obtained using
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A1 | A2 | Ao | A22 | A3 | As2 | Aa1 | Aa2 | As | As2 | N1 | N2 | Error Error
(AMVA- | (FJ-
FCFS) AMVA)
2 4 2 4 2 4 2 4 2 4 2 2 | 0.3636 0.3636
5 4 6 5 7 6 8 3 4 | 0.1578 0.1578
3 5 3 5 5 7 7 9 9 11 3 4 | 0.1586 0.1586

N
N
w

Table 5.2: Error for Different Initialization Methods (M = 5)

FJ-AMVA is more accurate and closer to the simulated value. In addition, it is easier to prepare the
input for FJ-AMVA than for AMVA-FCFS. In terms of computational efficiency, both methods are
polynomial in the number of queues and number of classes (O(IM K), explanations found in Sec-
tions 4.2.1 and 3.3.1), and their actual practical runtime is orders of magnitude smaller than the
overall iterative solver, especially once we consider longer synchronization queue lengths. There-
fore, given that there is no discernible difference in accuracy between the two, we suggest using
the FJ-AMVA method to initialize the mean queue lengths and throughputs and for the remainder
of the paper we will use the FJ-AMVA method to initialize the mean queue lengths and throughputs.

5.2 Arrival Distribution

Recall that in the DRA method we consider each queue individually and find the decay rates for
the individual queues. To do this, we need to estimate the arrival process to each individual queue.
In the DRA method, we did this by approximating the departure process from each queue to be
their service process scaled by the utilization of the queue. Then the arrival process for each queue
would be the superposition of the departure processes of the queues that feed into it.

With the addition of fork-join constructs, we need to modify the above process. First, consider
the queues in parallel in the fork-join construct. The arrival distribution to those queues is exactly
the arrival distribution to the fork point, which can be approximated by the superposition of the
departure processes of queues feeding into the fork point. This is essentially the same process as
before and we just need to consider all queues that feed into the fork point as feeding directly into
each of the parallel queues.

Next, consider the queues which have the departures from the join point feeding into them. In this
case, we need to be able to estimate the departure process from the join point. Given the departure
process of the join point, we can compute the superposition of that and all other feeding queues
and use that as the arrival process into the queue.

To estimate the departure process from the join point, we use the results of the research from [23]
that is described in detail in Section 2.8 (referred to from here on as the FJ-Sync method). That
research provides a model to approximate the departure process of a fork-join construct for single
class queueing networks. To approximate the synchronization of the parallel queues, the model
uses the assumption of having finite length synchronization queues and creates a Markov chain
with states based on the number of jobs in the synchronization queues. The departure MAP is then
created based on that Markov chain.

In this project, we extend that method to work for multiclass queueing networks. First, we scale
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the service processes by multiplying them by the utilization at the queues. Note that this is done
for each class at each queue and therefore at one queue, the service process for one class can be
scaled differently from another class. Recall that the queues are MMAP[K]/PH[K]/1 queues and
that the service distributions both before and after scaling are PH processes.

Next, we approximate the departure process from the join point by considering each class individ-
ually. The idea is that when considering only one specific class, we essentially end up with just the
single class problem, and then we can apply the FJ-Sync method to get an approximate departure
process for that class from the join point.

To do this, consider the scaled PH[K] service processes for the parallel queues feeding into the join
point. As all PH processes are also MAPs, we will consider and refer to a scaled PH[K] service
process as a MMAP(K] instead.

So we consider all the Dy, Dy, D11, D12, ..., D k matrices representing the MMAP[K] individu-
ally. Recall that the Dy matrix corresponds to the hidden transitions, the D; matrix corresponds to
all visible transitions, and the K other matrices correspond to the visible transitions for each of the
K classes.

When we only consider one class, we have a MAP where the hidden transitions are described by
the Dy matrix and the visible transitions are described by the D, , matrix. We can then apply the
FJ-Sync method directly to obtain a new MAP of the synchronized departure process, described by
Dj and DY,

We then repeat this method for all classes and end up with Dj and D} ;, D} ,,..., D] . In order
to ensure that this is still a valid MMAP, we normalize it by ensuring that the diagonal values of D,
are set to a value such that the sum of the rows of D} + >+, D/, is 0.

And so the synchronized departure MAP from the join point can be described with the Dy, D} 4, ..., D]
transition rate matrices.

5.3 Calculating Queue Length

In the DRA method, after looking at each queue individually and calculating the decay rates, we
used a product form solver to calculate the new queue lengths (described in Section 3.3.4). When
dealing with fork-join constructs, the jobs split at the fork point and so the queues are going to ex-
perience duplicate jobs. This causes the mean queue lengths for the queues in the fork-join queue
to be longer.

For example, consider ()1, a closed queueing network with two homogeneous queues in series, and
Q2, a closed queueing network with two homogeneous queues in a fork-join construct. If both
queueing networks have a job population of size 1, you would expect that the mean queue length
at each queue in ); would be approximately 0.5. However, for 2, the mean queue length would
be larger than that. Both queues in ()2 start servicing the job at the same time, and any waiting
time (where queue length is 0) is between the time a queue finishes servicing and the time the
other queue finishes servicing. In contrast, a queue in (); only starts servicing the job when the
other queue finishes servicing, so the waiting time would be the full service time of the other queue.
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Therefore, we need some way to ensure that this is accounted for. We managed this by using
the queue lengths obtained from the approximation in the initialization stage as a baseline. We
set the job populations to the sum of the mean queue lengths obtained from the initial FJ-AMVA

approximation, i.e.

M
N=> O (5.2)
i=1
where N is the scaled population for class & that will be used as input to the product form solver,
and Q)" is the mean queue length for queue ¢ and class & obtained by the initial approximation (in
our case, FJ-AMVA).
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Chapter 6

Efficiency

In this chapter, we discuss the various efforts that we made to make the method more efficient
especially in terms of runtime. We start by discussing our rationale and objectives for increasing
the efficiency of the method. Then we move on to profiling the code and figuring out which parts
of the code have the most effect on the runtime. After that, we go into the methods we used to
make the code more efficient.

6.1 Objectives

One of the objectives of this project is to come up with a practical method of analyzing queueing
networks with fork-join constructs. This means that not only does it have to produce accurate re-
sults, but we want it to be able to run efficiently enough to be used in practical situations. One of
the drawbacks of our previous research [23] is that the method does not scale to larger fork-join
constructs. In this project, we aim to come up with ways to make our method more efficient and
therefore more useful in a practical setting. More concretely, we hope to be able to scale relatively
well as we increase the number of parallel queues in the fork-join construct.

Another drawback of our previous research is that while the results of the approximation seemed
promising, the accuracy is only better than other methods when we use larger lengths of the syn-
chronization queue. In doing so, the runtime increases exponentially and again becomes impracti-
cal for real world use. Therefore, we aim to again be able to scale relatively well with increasing
synchronization queue length at least to a point where results that are better than other state of
the art approximations can be obtained within a reasonable amount of time.

6.2 Profiling

We profile the code by using MATLAB’s built in profiler. The profiler runs the code and times it, and
can help us to identify which functions are taking the most time to run as well as track the number
of calls made to all functions. The full documentation and details about the profiler can be found
on the MATLAB website [41]. In all our tests, we run the profiler on a Macbook Pro with a 2.4 GHz
Intel Core i5 processor, 8GB of RAM, and an Intel Iris 1536MB graphics processor.
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Parallel Queues | Total Time (s) | MMAPPHK1FCFSQueue4 Time (s) | % of Total Time
2 2.412 1.697 70.35655058
3 5.536 4.48 80.92485549
4 35.643 33.659 94.43368964
5 814.599 805.878 98.92941189

Table 6.1: Increasing Number of Parallel Queues and Runtime

As mentioned in Section 6.1, we are interested in how the runtime scales with increasing number
of parallel queues and increasing length of the synchronization queue used. We discuss this in the
following two sub-sections.

6.2.1 Increasing Parallel Queues

The queueing network used in our profiling tests can be seen in Figure 5.1 and is where all the
service distributions are Poisson processes with mean 1. We fixed the length of the synchronization
queue to be 1. In all the tests we fix the number of classes to be 2.

From our tests, the runtime is dominated by the time taken by the MMAPPHK1FCFSQueue4 function
calls. The MMAPPHK1FCFSQueue4 function is used to compute performance measures of MMAP[K]/-
PH[K]/1 queues, and in our method it is specifically used to compute the decay rates of all the
queues in the network when they are looked at individually as a MMAP[K]/PH[K]/1 queue.

The MMAPPHK1FCFSQueue4 function takes in as input the list of Dy, ..., Dx matrices representing
the arrival processes, as well as the list matrices describing the PH service distributions. The main
reason that the runtime is dominated by the function is that the matrices for the arrival processes
grow quickly (Section 2.8.1), and the MMAPPHK1FCFSQueue4 function involves performing many
operations on those matrices.

Table 6.1 shows how the runtime increases as the number of parallel queues increases, and the
percentage of runtime spent in the MMAPPHK1FCFSQueue4 function.

As seen in the table, the runtime increases exponentially as the number of parallel queues increases.
The runtime for even 4 or 5 queues in parallel is already too large to be useful practically.

As discussed in Section 2.8.1, the size of the arrival matrices increases exponentially as the number
of parallel queues increases, and unsurprisingly the time taken to process these matrices increases
exponentially as well.

6.2.2 Increasing Synchronization Queue Length

We use the same set up for the queueing network as before, but fix the number of parallel queues
at 2 and vary the synchronization queue length instead.

As seen in Table 6.2, the runtime increases exponentially as the length of the synchronization queue
increases, approximately doubling each time the length of the synchronization queue is increased
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Sync Queue Length | Total Time (s) | MMAPPHK1FCFSQueue4 Time (s) | % of Total Time
1 4,501 3.568 79.27127305
2 8.092 7.08 87.49382106
3 14.925 13.701 91.79899497
4 33.174 31.762 95.74365467
5 88.88 86.643 97.48312331

Table 6.2: Increasing Synchronization Queue Length and Runtime

by 1.

And similar to previously, the MMAPPHK1FCFSQueue4 function dominates the runtime, again due to
the fact that the size of the arrival matrices increases exponentially as the synchronization queue
length increases.

6.2.3 Observations

It is clear that the growth in the size of the matrices representing the arrival processes is causing
the runtime of the method to grow exponentially. Therefore, to prevent this exponential increase
in the runtime, we need to come up with some methods to reduce the size of those matrices. In the
following sections, we introduce a few of those methods.

6.3 Threshold Based Resizing of the MMAP

In this section, we describe our method of threshold based resizing of the MMAP. The idea is sim-
ple: once the state size of the MMAP increases past a certain point, we replace the MMAP with
a simpler one with much fewer states. However, in doing so, the approximation could get less
accurate and therefore we need to investigate this trade off. In this project, we tried resizing the
MMAP to have one state and two states.

6.3.1 First Order MMAP

To resize the MMAP to have only one state is simple: we calculate the mean for the MAP represent-
ing the visible transitions for each class and replace the MAP with a Poisson process with the same
mean. Since there is only one state, there are no hidden transitions and the Dy matrix is just —D;
(where the D; matrix is the sum of all the new D ;, matrices).

Computing the rate for the Poisson process is done by finding the equilibrium distribution of the
underlying continuous time Markov chain, then multiplying the equilibrium probabilities with the
transitions rates out of those states, and summing them all up, i.e.

)\k =T - Dl,k’ : e(n, 1) (61)

where:

e )\ is the rate for class k
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e n is the number of states of the MAP
e 7 is the equilibrium distribution (with dimensions 1 x n) of the MAP
e D, is the Dy matrix for class k& (with dimensions n x n)

e ¢(n, 1) is the column vector of all 1’s (with dimensions n x 1)

The results for increasing synchronization queue length can be seen in Figure 6.1, and the results
for increasing the number of parallel queues can be seen in Figure 6.2. For these tests, we used
the same set up as in Section 6.2, and set the threshold size to 1, i.e. when computing the arrival
processes, we will resize the MMAP down to a single state MMAP at any point where it has more
than one state.

—e— Total Time (s) == MMAPPHKIFCFSQueued Time (s)

Synchronization Queue Length

Figure 6.1: Resizing to First Order MAP: Synchronization Queue Length

—e— Total Time (s)  —e— MMAPPHK1FCFSQueued Time (s)

L} 10 18 20 25 a0

Mumber of Parallel Queues
Figure 6.2: Resizing to First Order MAP: Number of Parallel Queues

The results show that when we do the resizing to a first order MMAP, increasing the synchroniza-
tion queue length does not seem to affect the runtime. This is probably because the only extra work
needed to be done when increasing the synchronization queue length is when finding the mean of
the MAPs that get larger as synchronization queue length increases. Finding the mean of the MAP
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is done by finding the equilibrium distribution of the underlying continuous time Markov chain,
multiplying the equilibrium probabilities with the transitions rates out of those states, and sum-
ming them all up. Multiplying the probabilities with the transitions rates and summing them can
be done with basic matrix multiplications which are performed very efficiently in MATLAB and can
exploit parallelization which explains why the runtime does not seem to be increasing. The most
computationally expensive part of finding the equilibrium distribution is to solve a set of linear
equations. The efficiency of that is difficult to analyze as MATLAB has various optimizations and
uses different solvers for matrices with different characteristics. However, from our results it seems
like the increasing size of the matrices does not affect the runtime of the solver in this situation.
This is great as it allows us to increase the length of the synchronization queue arbitraily and obtain
more accurate results.

When increasing the number of parallel queues, the runtime seems to scale with that linearly. This
is probably because when we synchronize the parallel queues, we do that iteratively two at a time,
and ensure that we resize the matrices at each iteration. Therefore the size of the matrices does not
grow with each iteration as it used to do before. And therefore increasing the number of parallel
queues by n just requires us to repeat the same process n more times but with approximately inputs
of the same size.

6.3.2 Second Order MMAP

We also tried to resize the MMAP to have two states. To do this, we used the mamap2m fit_gamma-
_fb_mmap function that already existed as part of the DRA method. The mamap2m fit gamma fb mmap
function performs approximate fitting of a MMAP, yielding a second-order acyclic MMAP that
matches the class probabilities, the forward and backward moments.

The results for increasing synchronization queue length can be seen in Figure 6.3, and the results
for increasing the number of parallel queues can be seen in Figure 6.4. For these tests, we used
the same set up as in Section 6.2, and set the threshold size to 2, i.e. when computing the arrival
processes, we will resize the MMAP down to a two state MMAP at any point where it has more than
two states.

The results show that when resizing to a second order MMAP, increasing the length of the synchro-
nization queue helps the runtime scale much better. Previously, setting synchronization length of 5
took 88.88 seconds to run compared to 39.298 seconds with the resizing. Also, previously the run-
time approximately doubled as the synchronization length increased, and is definitely increasing at
a much slower rate when we use resizing.

Regarding increasing the number of parallel queues, the runtime also definitely scales better with
resizing. Without resizing, the runtime increases extremely quickly, with just 5 parallel queues
taking 814.599 seconds. With resizing, the same set up takes only 61.405 seconds. The growth of
the runtime is much slower, with a seemingly linear increase.

While the runtime seems to scale better, it is still undoubtedly true that the actual runtimes are
still relatively large. The minimum runtimes when varying the synchronization queue length and
number of parallel queues are 23.742 seconds and 24.865 seconds respectively. These runtimes
will definitely be improved with better hardware, but are definitely much slower and less practical
than the runtimes obtained resizing to MMAPs with just one state.
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Figure 6.3: Resizing to Second Order MAP: Synchronization Queue Length

—a— Total Time (g)
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Figure 6.4: Resizing to Second Order MAP: Number of Parallel Queues

6.3.3 Summary

The threshold based resizing works very well to help the runtimes scale better with increasing the
synchronization queue lengths and number of parallel queues. In particular, resizing to a first order
MMAP seem to allow us to increase the synchronization queue length without any or much addi-
tional runtime. This is crucial because increasing the synchronization queue length to 10 helps to

increase the accuracy up to 90% in the single class case [23].
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Results

In this chapter, we present the results of our extension to the DRA method. We compare the
accuracy of our method against the FJ-AMVA approximation method described in Chapter 4. One
of our objectives of this project is to develop an approximation method that is accurate on a wide
range of queueing networks. Therefore, in our experiments below, we investigate how accurate the
FJ-DRA approximation is when we vary the following factors:

e Number of fork-join queues in the fork-join construct
e Heterogeneity of the fork-join queues

e Complexity of service distributions

7.1 Experimental Set Up

For all our experiments, we present three sets of results: simulated, FJ-AMVA, and FJ-DRA. The
simulated values are those that are obtained by running the Java Modelling Tools Simulation [13]
with the confidence interval set to 0.99 and the maximum relative error set to 0.03. The FJ-AMVA
results are those obtained by using the FJ-AMVA method in Chapter 4 with the tolerance set to
0.00001 and max iterations set to 300. The FJ-DRA results are obtained by using the method in
Chapter 5.

We used the threshold based resizing described in Section 6.3 to resize the MMAP to a first order
MMAP with a threshold size of 1, i.e. the MMAP is resized at any point where it is larger than 1. As
presented in Chapter 6, this allows us to use longer synchronization queues and so in all the tests
we use a synchronization length of 50.

In all the results presented below, we refer to the mean absolute error in the mean queue length
across all classes and stations. This is obtained from [22] and is as follows:

| MK A
error = o Z Z |Qik — Qikl 7.1)

i=1 k=1
where Q); ;, is the mean queue length for class k jobs at queue i obtained using our method, and

Qi1 is the same but obtained using a simulation [13]. This is the same equation as used in Chapter
5.
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Parameter | Value
Ny 3
No 4
)\171 1
)\1’2 2

Mg (Vi£1) | 2

Ni2 (Vi # 1) 4

Table 7.1: Parameters for Experiments Testing Increasing Number of Parallel Queues

Except for the tests with more complex service distributions in Section 7.4, we fix the service dis-
tributions to be exponential distributions. We use the notation ); ; to be the rate of class k jobs at
queue g.

In all our tests, we use the notation N, to refer to the population of class k.

7.2 Number of Fork-Join Queues

In this section, we investigate how the accuracy of the FJ-DRA method is affected as we change
the number of fork-join queues. In the experiments below we use the queueing network as shown
in Figure 7.1, and vary the number of queues in the fork-join construct. The parameters for this
experiment can be found in Table 7.1.

Figure 7.1: Testing Increasing Number of Fork-Join Queues

—e— FJ-DRA % Error ~ —e— FJ-AMVA % Error

(=]
w
o

4 5§ 6 7

Mumber of Fork-Join Queues

Figure 7.2: Results - Increasing Number of Fork-Join Queues
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Parameter Value
Ny 2
Ny 3
A1 1
)\172 2
)\1'71 (V’L 75 1) 14+0.1G-Dh
Xio (Vi £ 1) | 240.2G-Dh

Table 7.2: Parameters for Experiments Testing Varying Heterogeneity

The results are presented in Figure 7.2. We observe that the mean queue length error of our FJ-
DRA method is less than the error when the FJ-AMVA method is used. The error is very low when
the number of fork-join queues is small, at 1.07% for two fork-join queues. However, the error
increases as the number of fork-join queues increases, reaching 8.17% for 8 fork-join queues. Note
that the error for the FJ-AMVA method also increases as the number of fork-join queues increases,
and the percentage error for both methods increase at approximately the same rate.

Therefore, our results suggest that the approximations obtained from our FJ-DRA method are more
accurate than those obtained from the FJ-AMVA method for queueing networks with varying num-
bers of fork-join queues.

7.3 Heterogeneity Of Fork-Join Queues

In this section, we investigate the effect of varying the heterogeneity of the fork-join queues on the
accuracy of the FJ-DRA method. We use the queueing network shown in Figure 7.1 and fix the
number of fork-join queues to be 4. The parameters for the experiment can be seen in Table 7.2
where h is a variable we vary in our experiments to change the amount of heterogeneity.

The results can be seen in Figure 7.3. The results show that the performance of the FJ-DRA method
is slightly better than the FJ-AMVA when there is less heterogeneity as the FJ-DRA method was
better up to h = 7 and worse from h = 8 onwards. For ease of reading, the exact parameters for
those values are presented in Table 7.3.

From h = 8 onwards, the performance difference between the two methods seems to increase as
h increases. This suggests that for queueing networks with extremely heterogeneous fork-join con-
structs, the FJ-AMVA method has more accurate approximations. In general, the amount of error
is relatively low, with the maximum error of the FJ-DRA method being 9.58%. Also, there seems
that when the heterogeneity of the fork-join queues increases, the accuracy of both approximations
increases as well, with the error decreasing from » = 1 onwards, and going below 5% for h > 7.

One possible reason that the performance of the FJ-DRA method is not as good when the amount of
heterogeneity increases is that we need to use a longer synchronization queue. In all the tests, the
length of the synchronization queue is fixed. However, when the queues get more heterogeneous,
it gets more likely that we need a longer synchronization queue. One possible way to mitigate this
is to scale the length of the synchronization queue as the heterogeneity increases.
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—e— FJ-DRA % Error ~ —e— FJ-AMVA % Error

Figure 7.3: Results - Heterogeneity

Parameter | h=7 | h=38
A1 1 1
A2 2 2
A2l 1.7 | 1.8
2.2 3.4 3.6
A31 2.4 2.6
A3.2 4.8 5.2
A4 3.1 3.4
A2 6.2 6.8
51 3.8 4.2
A5.9 7.6 8.4

Table 7.3: Parameters for h=7 and h=8

7.4 Other Service Distributions

In this section, we investigate how the accuracy of the FJ-DRA method is affected by the complexity
of the service distributions. For the experiments below, we use the same queueing network topol-
ogy as before and as shown in Figure 7.1 and fix the number of fork-join queues to be 2.

In our experiments, we set the service distributions to the Erlang-2 distribution.

e FErlang-2

e Markov Modulated Poisson Process (MMPP)

7.4.1 Erlang-2

The Erlang-2 distribution is described in Section 2.5.1 and is parameterized by the rate A\, and we
use the notation ); ;, to describe the rate of class £ jobs at queue 1.

For the experiments below, we fix some of the parameters as in Table 7.4 and make all the fork-join
queues homogeneous, i.e. fix all \; ; to be equal and all ), 5 to be equal (for i # 1).
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Parameter | Value
Ny 1
No 2
)\171 2
)\172 4

Table 7.4: Parameters for Erlang-2 Experiments

Ai,1 | Ai2 | FJ-DRA % Error | FJ-AMVA % Error
2 4 4 4
3 4 3.12 3.16
4 4 2.63 4.36
3 5 2.76 3
3 6 2.56 3.11
4 8 3.85 3.39
5 10 4.27 3.68
6 12 4.23 3.72
10 | 20 3.57 3.18

Table 7.5: Results - Erlang-2

The results can be seen in Table 7.5. For most of the cases, FJ-DRA is slightly more accurate than
FJ-AMVA. The performance for both methods is generally very good, with the maximum error for
all the test cases being less than 5%. The FJ-DRA approximation seems to perform worse than the
FJ-AMVA in situations where the rates of the Erlang-2 process for the fork-join queues are much
greater than the other queue. The error seems to be somewhat constant and there is no clear in-
creasing or decreasing trend as the \’s change.

7.4.2 Markov Modulated Poisson Process (MMPP)

The MMPP is described in detail in Section 2.5.1. In our experiments, we use a two state MMPP
(as seen in Figure 2.5) to represent the service process at all the queues. We use A(sk) to represent

i,
the rate of servicing class k jobs at queue i in state s, and use agskl’”) to represent the rate of tran-

sitioning from state s; to state s, for class k jobs at queue i. Like before, we fix some parameters
as seen in Table 7.6, and have all the fork-join queues be homogeneous.

One important difference in this case is that the MMPP is not a PH process, but instead is a MAP.
However, the product form solver we use is for MMAP[K]/PH[K]/1 queues and not MMAP[K]/-
MMAP[K]/1 queues, so we need to obtain a PH that best represents the MMPP. Recall that a PH
process is characterized by «, a probability vector of the probabilities of starting in each state, and
S, the transition rate matrix for the process. We set the Dy matrix of the MMPP as the S matrix,
and set the equilibrium distribution of the MMPP as a. With this transformation, we can use our
method to approximate the case where the service processes are MMPPs.

The results can be seen in Figure 7.4. The FJ-DRA method is equal or better than the FJ-AMVA
method in all the test cases, with the error for FJ-DRA less than 2% for most test cases, and under
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Parameter Value
N 2
No 3
Al 1
A2 2
A 2
A2 4
MY (Vi #£1) 1
A (Vi #1) 2
AG) (Vi #1) 2.\
(‘2’82) (Vi, k, s1, $2) 2

Table 7.6: Parameters for MMPP Experiments
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Figure 7.4: Results - MMPP

3% for all but one test case. In contrast, the FJ-AMVA method has errors of less than 5% for the test
cases where /\Z(i) is smaller, but rises to errors of more than 8% when that rate is increased. This
might be because the FJ-AMVA method only takes into account the mean of the service distribu-
tions, and not any other higher order moments. In contrast, the FJ-DRA method uses the original
MMAP when computing the synchronized departure process, and only loses information about the

higher order moments when it needs to resize the MMAP.

The results suggest that the FJ-DRA method is much more accurate than the FJ-AMVA in approxi-
mating a fork-join construct with MMPP service processes.

7.5 Summary

In this chapter, we tested the accuracy of the FJ-DRA method against the FJ-AMVA method varying
three factors: number of fork-join queues, heterogeneity of the fork-join queues, and complexity of
the service distributions.
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In most of our test cases, the FJ-DRA method is at least as accurate as the FJ-AMVA method. There
are some test cases where FJ-DRA method is much better than the FJ-AMVA method, such as in
our tests for increasing the number of parallel queues and when we set the service distributions to
be MMPPs. The only test cases where the FJ-AMVA method performs better is when the fork-join
queues are very heterogeneous.

Overall, the FJ-DRA method is relatively accurate, with less than 10% error in all our tests.
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Chapter 8

Conclusion

Recall that our objective for the project is to create an approximation method for multiclass fork-
join queues that is efficient, accurate, and works on a wide range of queueing networks. We
presented the FJ-DRA approximation method and an implementation of it in MATLAB. We tested
it while varying three factors: the number of fork-join queues, the heterogeneity of the fork-join
queues, and the service distributions. From our results, the FJ-DRA method is more accurate than
the FJ-AMVA approximation for a majority of our tests and has less than 10% error for the mean
queue lengths in all our tests. In particular, the results are significantly better for the tests with
increasing number of queues and when we set the service processes to MMPPs.

We also investigated some ways to ensure that the runtime scales well as we increase the number
of fork-join queues. This ensures that the FJ-DRA method is reasonably efficient and can be used
in practical real world situations. The runtime also scales relatively well as we increase the length
of the synchronization queues in our model, allowing us to obtain more accurate approximations.

In this way, we feel that we have achieved the objectives that we set out at the start. However,
there are still parts of the project that can be investigated and extended, and in the section below
we detail a few of our ideas.

8.1 Future Work

One way to increase both the accuracy and efficiency of the method is when resizing the MMAP.
Currently, we use a fixed synchronization queue length and generate the MMAP based on that.
However, we notice that in that process we are actually generating a truncated quasi-birth-death
(QBD) process, and if we use an infinite length synchronization queue we will obtain a non-
truncated QBD. We can use matrix geometric methods to solve for the stationary distribution of
the QBD. Then we can resize the MMAP to have one state by using the stationary distribution to
approximate the rate of the process.
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