MODELING AN M/M /1 QUEUE WITH UNRELIABLE
SERVICE AND A WORKING VACATION

by

JOSHUA K. PATTERSON

Submitted in partial fulfillment of the requirements
for the degree of

DOCTOR OF PHILOSOPHY

THE UNIVERSITY OF TEXAS AT ARLINGTON

May, 2019


https://mentis.uta.edu/explore/profile/joshua-patterson
http://www.uta.edu/

Modeling an M/M/1 Queue with unreliable service and a working vacation

by Joshua K. Patterson
Department of Mathematics

The University of Texas at Arlington

Abstract

We define the new term 'unreliable service’ where the service itself is unreliable (i.e. may
fail). We discuss how this differs from the current literature, and give examples showing
just how common this phenomena is in many real-world scenarios. We first consider the
classic M/M/1 queue with unreliable service and find some striking similarities with the
well studied M/M/1 derivation. Next, we consider the M/M/1 queue with unreliable
service and a working vacation. In each of these cases, surprising explicit results are
found including positive recurrence conditions, the stationary queue length distribution,
and a decomposition of both the queue length and waiting time. We also purpose a

number of ideas for future research based on this newly defined phenomenon.
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Chapter 1

Introduction

Our interest in Queue Theory has been primarily motivated by its application to com-
puter networks. That is, when a system is attached to a network via a network interface,
one understands there is at least one queue governing that interface’s egress data flow.
These queues tend to exist at the MAC (Media Access Control) level and are typically
FIFO (First In, First Out) queues whose job is simply to ’buffer’ the flow of outgoing
traffic to a level that is sustainable by the interface’s data rate. For example, imagine
watching a movie, we understand that the movie 'streams’ to our TV; that is, we watch
it as it transfers to our TV over time. What stops the movie from instantly transfer-
ing? Well, the data rate of our Home internet service does! If we tried to transfer the
entire movie over our internet connection instantly, we would have many, many lost data
packets as a result. Therefore, there are queues governing each and every individual link
that make up the path from the servers to our TV. These queues control the flow of data
along their respective parts, the slowest part of this path is typically our Home internet
connection, sometimes called the ’last mile’ link. For more information on application

of Queue Theory in a FIFO network environment for both egress and ingress data, see [1].

Another motivation for our work comes from the application of Queue Theory to a
wireless network interface. What makes this case unique is partly due to the physical
RF (Radio Frequency) medium being shared. To see how this plays a role, consider a
fiber-optic data link which uses light transmitted down a special cable to transmit dig-
ital Os and 1s extremely quickly. The physical medium used here is the light spectrum
within the cable which is isolated from the outside world—in other words, the medium is
dedicated (i.e. not shared).

However, wireless networks are unique for reasons beyond the fact that the physical
medium is shared. Consider a network interface delivered by a Cable TV provider. This
network has a shared physical medium (the 75Q) coaxial cable), but all members of this
network speak the same digital language, namely the backwards compatible DOCSIS 3.x,

2.x, or 1.x standard. This is crucial because it means that all members on this shared
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network are aware of one another and can coordinate by some scheduling scheme in an

effort to not interfere with each other.

Additionally, we would like to consider wireless networks in a congested environment.
These networks are again unique because the physical medium is shared by devices that
do not necessarily speak the same language. This leads to both on-channel and co-channel
interference that cannot be avoided. This interference necessitates data re-transmissions
which come at the cost of data throughput. It should be noted that ieee 802.11x net-
works can reduce on-channel collisions by using the CTS/RTS mechanism (collisions are
defined to be two 802.11x devices on the same channel transmitting simultaneously). For

details on CTS/RTS, its implementation, ideal use cases, and effectiveness see [2].

Let us consider the queue governing a wireless network interface, we define the fol-

lowing terms.

e The service is the transfer of data to the other end of the link.
e The server is the transmitter.
e The server rate is the interface egress data rate.

e The customers are relatively small snippets of data called frames.

If we wish to model this queue, we must somehow account for the presence of in-
terference and the consequential re-transmission event. That is, we must include the

possibility that the service can fail after the service time has elapsed and without a

faulty server. Surprisingly, this concept does not appear in the literature, so we coin the
term ’unreliable service’ to denote this phenomenon, define it rigorously, and begin the

analysis of models subject to it, namely.

e Chapter 2: The M/M/1 with unreliable service.

We find and the prove positive recurrence condition.

We give the stationary distribution explicitly.

— We prove the decomposition for the stationary number of customers in the

system, IV, into the sum of two independent geometric random variables.

— We prove the decomposition for the stationary waiting time W to be the sum

of two independent exponential random variables.
— We explicitly give the E(.) and Var(.) for both N and W.

— Lastly, we recover a number of more familiar models as special cases.
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e Chapter 3: The M/M/1 with unreliable server and a working vacation.

We again find and the prove positive recurrence condition, noting it to be the

same as that of Chapter 2.

We again give the stationary distribution explicitly.

We find and prove the decomposition for N, the stationary number of cus-
tomers in the system, to be the sum of four independent geometric random

variables and a finitely valued generalized random variable.

We again explicitly give the F(.) and Var(.) for both N and W.

We recover Chapter 2 as a special case of this model.

— Lastly, we plot E(W) for various choices of the success and failure rates.
e Chapter 4: Future Work.

— We discuss ideas for future research motivated by the application of this newly

defined concept of 'unreliable service.



Chapter 2

M /M /1 model with unreliable

service

2.1 Introduction

We first consider an M/M/1 model with unreliable service but with a fixed service rate.
This straightforward extension of the classical M/M/1 queue will play an important role

in establishing the mechanisms which will allow further generalizations later on.

We introduce a new model of 'unreliable service’ whose key element is based on the
fact that the server may not always complete its service successfully. While service failure
has been studied extensively in the literature, our model is different in that the failure
is not due to the server itself by means of a 'breakdown,’” nor is it due to the customer
leaving the queue during the service time. Rather, the success or failure of a job is due to
external forces and entirely random. Furthermore, neither the customer nor server know
whether a job has failed or was successful until after the job’s service time has been com-
pleted. The application of such a queue can come from many different areas and fields —
all that is necessary is for some sort of quality check to be performed after service. This
quality check would look at some set of measurements with certain thresholds and would

conclude that the service was either successful or not.

Another key aspect to our model is that it will preserve the FCFS (First Come First
Serve) discipline structure of the queue. Namely, when a customer’s service fails, the
customer does not lose its place in the queue and the service is repeated until it is
successful. We will approach our analytical study of this new model in a similar fashion
to that done by Xu, Xiuli and Tian, Naishuo [3]. It should be noted that one can
construct an M/PH/1 queue with similar properties. However, such a model will impose
an additional, undesirable restriction: p > B1 + [2. See below for definitions of these

parameters and page 58 of [4] for the details.



Chapter 2. M/M/1 model with unreliable service 5

2.2 Definitions

We begin by defining our process, state space, and parameters.

Definition 2.2.1. Let {N(¢) | t > 0} be the number of customers in the queue at time
t, and

St {1 immediately after service is rendered

0 otherwise

Then {(N(t),S(t)) | t > 0} is a Markov process on the state space:
Q={(0,0yU{(k,s) [ ke N,s{0,1}}

Define the following parameters:
e )\ : the rate of the Poisson arrivals process.
e 1 : the rate of service, successful or not.
e (31 : the rate of a successful service.
e (35 : the rate of a failed service.

To visualize such a Markovian process, it is helpful to construct the state transition rate

diagram.

FIGURE 2.1: Markovian state transition rate diagram.

Formally, we define a ’successful service’ to be a transition from (n,1) — (n —1,0),
which is represented in the state transition diagram as having rate §;. Similarly, we
define a ’failed service’ to be a transition from (n,1) — (n,0) with transition rate Ss.
Accordingly, we can compute the probabilities of a ’successful’ or ’failed’ service explicitly

by considering the transition probabilities of the embedded Markov Chain.
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From here, we can list the countable state space in lexicographical order; formally
defined below.

Definition 2.2.2. Lexicographical Ordering
We say (k1,s1) < (ka,s2) if and only if k1 < ko or (k1 = k2 and s1 < s2)

Using this re-ordering convention (see [5], pg. 353), we can write
O ={(0,0),(1,0),(1,1),(2,0),(2,1),... } and define the corresponding infinitesimal ma-
trix Q.

2.3 Infinitesimal Matrix Q

A ¢ o 0 o0
B AC 0 0
Q=19 B A C 0 (2.2)
where
N A 0 N
A= |-\ B = C=1)
-3 H o
S ROCINOUN B (I X
B2 —(B1+ B2+ ) B 0 0 A

2.4 Positive Recurrence

Since the matrix Q has a block-tridiagonal structure, we have a QBD (Quasi Birth
Death) Markovian process. Accordingly, we apply Theorem 1.5.1 from Neuts [6] to prove
a lemma that will be used to show positive recurrence and find the stationary distribution

explicitly. To this end, we need the following lemma.
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Lemma 2.4.1. The irreducible, block-tridiagonal Markov process with infinitesimal ma-

triz Q is positive recurrent if and only if:

e the minimal non-negative solution R of quadratic matrix equation:
R’B+RA+C=0 (2.3)

has sp(R) < 1, and

e there exists a positive vector (xo,x1) such that (xo,x1)B[R] = 0 where:

A A

BR| = |+ © d (x0,x1) i lized by xoe +x1(I—R)~le = 1
= | , and (Xp,X1) s normalize xge +x1 (I — e=
B A+RB 0 yreeTH
X0 if k=0
Q=0
The stationary distribution satisfying: is given by: wE = { x3 if k=1
e =1

x1RFD i k>2

Our lemma, unlike Theorem 1.5.1 in Neuts [6], is stated in terms of the infinitesimal

matrix Q rather than a Markov chain transition probability matrix.

Proof. Let P =14 77'Q, where 7 = — min{diag(A) U diag(A)} > 0. Then we have:

ANC 0 0 0 ... I+7'A 'C 0 0 0
b B A C 0 0 .. B I+7'A 7IC 0 0
|0 B A C 0 ... 0 1B I+77'A 771C 0
(2.4)
Since Pe = (I+77'Q)e=Ie=e
— P is a stochastic probability matrix of a discrete time Markov chain.
Moreover, if TP =7 = 7(I+7!1Q) =7 = Q=0
and mQ=0=7m+717Q=7mr=71I+7'Q =n=7nP=n
= mQ=0<= 7P =1
Theorem 1.5.1 from [6] states that P, and consequently Q, is positive recurrent
if and only if:
e the minimal non-negative solution R of quadratic matrix equation:
R?’B'+RA’'+C' =R (2.5)

has sp(R) < 1, and
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e there exists a positive vector (xg,x7) such that (xg,x1)B’'[R] = (x¢,x1) where:

A ¢
/ _ : : _ -1, _
B'R| = lﬁ’ AL RB’] , and (xg,x1) is normalized by xpe +x1(I-R) ‘e =1
X0 it k=0
wP ==
The stationary distribution satisfying: { is given by: T = ¢ x3 if k=1
we =1

x RFLif k> 2
To finish our proof, we must restate the conditions on P in terms of conditions on Q:

R?2B'+RA'+C =R <= 7 'RZB+R(I+7'A)+7'C=R
«— 7 R?2B+ 7 'RA+71C=0
<~ R’B+RA+C=0

and

(Xo,Xl)B,[R] = (Xo,Xl) < (Xo,Xl) [A, c

B A’+RB’] = (x0,31)

I+ 1A 1C
B  I4+7'(A+RB)

<= (x0,x1)(I+ 7 'B[R]) = (x0,x1)

<= (x0,x1)B[R]| =0 O

] = (x0,%1)

<~ (XO,Xl) [

2.5 The Quadratic Matrix Equation

Thanks to Lemma 2.4.1, we seek the minimal non-negative solution R to the quadratic
matrix equation:
R’B+RA+C=0 (2.6)

There are many methods for solving such equations in the literature. Some are nu-
merical in nature (see [7] and [8]), others are analytical for particular cases (see [9]).
However, pure analytical methods are generally preferred to numerical ones when they
are feasible. In our case, we employ the direct method whereby we solve the system of

equations generated by equating the matrices entry by entry.

11 T2

Let R = [ ] = (2.3) can be restated as the following system:

T2l T22
A=A+ p)rin + (riarie +ri2ree) 1 + 711282 = 0
prir —rig (A+ B+ B2) =0

— (N4 p)ror + (riaror +735) B1 + 222 = 0

A+ prar —rea (A4 B1+ f2) =0

(2.7)
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The analytical minimal non-negative solution to (2.7) is given by:

_ AA+B1+82)

ry = =5
1B

=2 AA+B1+82) A A+B1+B2

T2 = 3 AATPITE2) A )\ | AELitb2 g
B _ _

e RS [ N ﬂ;] -2 [ N 1] 29)
21 = T 1By B m
roy = 4

2.6 The Spectral Radius of R

At this point, we can compute the spectral radius of R explicitly and construct a more

readily verifiable sufficient condition under which our model will be positive recurrent.

Corollary. By Lemma 2.4.1, the infinitesimal matriz Q given in equation (2.2) is posi-
tive recurrent if and only if: f1(p— ) — A+ B2) > 0.

Proof. We compute the spectral radius of R by solving the scalar quadratic equation

generated by det(R — p;I) = 0, yielding that p; satisfies the following quadratic equation:

1B1p; = AN+ p+ B+ Ba)pi+ A =0 (2.9)
— g = A(/\+u+61+62+(71);£f+u+61+Bz)2—4u51)’ i=01

It is clear by inspection that the largest of these eigenvalues in (2.9) will contain the

positive radical. Thus, by Lemma 2.4.1, Q is positive recurrent if and only if:

Nt i+ B+ Ba /(A i+ By + B2)* — dupy)
<1

po = S (2.10)
<:>)\+M+ﬁ1+ﬁ2+\/(A+M+51+52)2—4M51 < 27\51
— \/()‘+M+/81+/82)2_4M51 < 2‘1& — (A p+ B+ B2)

212
= N+ B+ Ba)? —dppy < 4‘;251 —4”51(H’;+51+52)

4287 Aupr( A+ p+ B+ Ba)

A2 A
= —AppIN® < 4PBE — ApBAA + o+ B+ )
= 0 < 4uPir? + 44282 — A\uBL (N + i+ B1 + B2)
=0 < A4 pf — AN+ p+ B+ Bo)
<0< pb—Ap+p1+ B2)
= Pi(p—A) = A(p+52) >0

+ A4+ B+ )’

— —4dupB <
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10

2.7 The Stationary Distribution

2.7.1 The Explicit form of R*

Proposition 2.7.1. Using the scalar-factored form of R in (2.8), we find:

(2.11)

(B1po—X)pE+p¥ (A\—PB1p1) A(Pé*ﬂlf)

RF — B1(po—p1) B1(po—p1)
/\(A-l-ﬁz)(ﬂ]g*ﬁ’lf) (A=PB1p1)pE+p% (BLpo—N)

uB1(po—p1) B1(po—p1)

Proof. By Mathematical Induction, we will show this is true for

for arbitrary k, then show it is true for k£ + 1.

k = 1, assume it is true

k=1
[ (B1po—A)po+p1(A—PB1p1) A(po—p1)
R! — Br(po—p1) B1(po—p1)
A(A+B2)(po—p1) (A=P1p1)po+p1(Brpo—N)
uB1(po—p1) B1(po—p1)
Blpo Apo+Ap1—B1p3 A
— B1(po—p1) b1
A(A+p2) Apo—B1p1p0+B1p1p0—Ap1
L 1B B1(po—p1)
[B1(p2—p3)—Apo+Ap1 A
= B1(po—p1) b1
A(A+82) Apo—Ap1
L wh B1(po—p1)
B1(po—p1)(po+p1)—A(po—p1) A
— B1(po—p1) B
A(A+B2) A(po—p1)
L w1 B1(po—p1)
Bi(potp1)=X A
— B1 B1
A(A+B62) A
L 1B1 B1
AA+B1+B2) A Ao Br 4 2)
_ _ ptpB1+62
= | adlihy 3| where po+py = TR
L 1B B1
k+1
(B1po—A)pk+p¥(A—B1p1) A(ploc_pllc) AA+B1+82) A
R'R — Bi(po—p1) B1(po—p1) R B1
A(A+B82) (pE—pk) (A=B1p1)pE+p¥ (B1po—A) AA+B2) A
#B1(po—p1) B1(po—p1) pB A

A(A+B1+52) ((ﬁlpo—k)pgﬂ%'f (>\—51P1)) +A2(A+B2) (plg—p’f)
B3 (po—p1)

AA+B2) (/\(Hﬁl +B2) (pE—pk ) +(A—B1p1 )up’5+up’f(51po%)) \

(5190*>\)P§+Plf(A*ﬂlpl)-i-)\(l)g*ﬁ”f)
B1(po—p1)

)

(A=B1p1) o +upk (Bipo—A)

2
#(

</\(A+Bz)(ﬂ’3—p’f)+

)

1283 (po—p1) B wB1(po—p1)
AOvB12) (81 (05 =) Aok k) ) +A2O0k 82) (k) Bio ! —Brpp*!
183 (po—p1) 51 W
/\(/\+f32)(A(A+u+61+62)(p’8*/)§) #51P1Po+#51f’1p0) A +p+B2) ( ok —pk ) —pB1p1 ok +1181 0¥ po
12 B3 (po—p1) Br 181 (po—p1)
AOB1+82) (51—l 1) =22 (ko) (o= pht1)
NBI(PO p1) B1(po—p1)
- )‘(’\+52)((p0+p1 )(p5—r1) - p1p§+p}fp0) A [ AOFu+B1+82) (ph—p%) =281 (=Pt ) —1Brp1pf+1B1Pk po

uB1(po—p1) 1

d

uB1(po—p1)

)
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[1B1(po+p1) (o =pk ™) =M (pb ™ —p§ ) —uBipopr (o —p%) Aoy —pf )
uB1(po—p1) B1(po—p1)
= A+B2) (o =k ) A [ 1B (pE T =)= A8 (p—pk)
uB1(po—p1) N uB1(po—p1)
5 (p(’ﬁ*tp’f”)f/\(p(’i“fp’f“) )\(pSJrliplchrl)
— B1(po—p1) B1(po—p1)
AO+B2) (o T —pk ) A(p§ T =pi ) =Bipopr (p§—p%)
L uB1(po—p1) B1(po—p1)
(Brpo—N)pg o5 (A=B1p1) A(pbt=pl")
_ B1(po—p1) B1(po—p1) — R+
AA+B2) (o =P 1) (A=B1p1)ph o5 (Brpo—))
L uB1(po—p1) B1(po—p1)
A(A+p+pB1+62)

Remark. Two substitutions were needed in this derivation, namely: pg+ p1 = o

and pgp1 = M)‘—; These can easily be verified from (2.9).

2.7.2 The Initial terms of &

Next we turn our attention to computing B[R], and a positive vector (z,x1), such that
(z0,x1)B[R] = 0:

XA 0
1=(9€07X1) 0 —pu 1 =0

Bi A+P2 —(A+ 51+ B2)
(2.12)

C
A +RB

o >

(w0, x1) B[R] = (0, x1) l

= (w0,x1) = (1, (O, 2)

We now seek to normalize the solution in order to generate the first three terms of

e

Bi(p—A) = A (B2+ p)

K@o+x1(I-R)'e)=1= K = =(1—po)(1—p1) (2.13)

Bip
“A)=A
Top = Bap %w(ﬁzw) - K
A A —XA)=A 2K A
— (w00, m0, 1) = K (w0, %1) => § mg = AAHELNGL N AGatu)) _ ARG
_ MBr(p=N)=A(B2tp)) _ AK
™1 = B%/l‘ - ﬂ

Remark. We observe that the condition given by the Corollary to Lemma 2.4.1 for positive
recurrence: 1 (pu—A) — A(u + B2) > 0 is equivalent to K > 0.
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2.7.3 The Remaining Terms of m

Proposition 2.7.2. The remaining elements {(mko, 1) | k > 2} of our stationary dis-

o]
tribution satisfying (Tro, Tr1) = (710, 711)RF™L and moo + 3 (7o + k1) = 1 are given
k=1

by:
. _ K p§+lipllf+l _ A(Pﬁ*ﬂ’f)
k0 = Po—p1 B1(po—p1) (2.14)
. AK pgfplf)
k1 = B1(po—p1)
Proof. To motivate the proof, we begin by noting that:
(70, k1) = (10, m11)R¥ <= (70, 741) = (10, m11) RFTZR
= (Tr0, k1) = (Th—1,0, T—1,1)R
and consider:
( R = e ((dhorh  AGE ) A AT ) |
Tk=1,0, Tk—1,1)1 = TF| 55 Bi(po—p1) °  Bilpo—p1) A B2 1
o
_ (M phorb  Mpiam Meb o) | aes Meb e )
B © po—p1 w B1(po—p1) p B1(po—p1)
pb=rf _ A=) | Mo o)
Po—p1 B1(po—p1) B1(po—p1)

k—1 k—1
A [ ABitB ph—pk g Mo =) ph—ph
© pPO—p1 g Bilpo—p1) ’ po—p1

MA+B1+82) ph—pF >\2(p’5*1_p’f*1) )\(plg_plf)
ub1 pPO—pP1 wBi(po—p1) ° Bi(po—p1)

AAtptB1+82) ph—pt _ Meb—pF) _ A (o' =pi"") A(p’&—p’f))

B po—p1  Bi(po—p1) wB1(po—p1)  Bi(po—p1)

pPo—p1 "~ Bilpo—p1) (po—p1) > B1(po—p1)

po—p1 Pilpo—p1)’ Bilpo—p1) | — (Tk0s k1)

_ K((po+p1)(p’5p’f) A(h=et)  popr(sh =) A(p’ép’f))

phrloptt  Alph—rt) A(ns—p'n) _

We have:
(o) o0

700 + Y (mro + k1) = > (ko + mr1), where (2.14) is valid for all k € N U {0}
k=1 k=0

—K Y ( A(sh—r4) wz—pf))
k=0

po—p1  Bilpo—p1) ' PBilpo—p1)

] pk+1_pk+1
KX\ T
k=0
(o) (o]
K k+1 k+1
po—pr 2 PO T 2 PI
k=0 k=0

_ _K PO _p1
po—p1 |\ 1—po 1-p1

K po(l—pl)—pl(l—m)>

= po—p1 (1=po)(1=p1)
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_ _K PO—P1
~ po—p1 ((l—po)(l—m))
Zm:l, since K = (1 —po) (1 —p1). O

2.8 Decomposition

2.8.1 Decomposition of N

Theorem 2.8.1. If K > 0, then the stationary number of customers in steady-state, N,
can be decomposed into the sum of two independent geometric random variables parame-
terized by 1 — pg and 1 — p1. Namely: N = Xog+ X1, where:

Xo ~ Geometric(1 — pg), and X1 ~ Geometric(1 — py).

Proof. With our stationary distribution explicitly found, we compute the stationary

queue-length probability generating function (P.G.F.) defined by:

= i P(N = k)2 (2.15)
k=0
— Gu(2) = IZEOP(N — k)2k = g:OP((N kNS =0)U(N=knS=1))z

=5 (PIN=kNS=0)+P(N =knS§ = 1))
k=0

%O: (7%0 + 7Tk1)

) k+1_ k+1 A(pk’—pk) )\(pk—pk)
_ Po —P1 0~ F1 0 —P1 k
- Kkgo ( pPO—p1 B1(po—p1) + B1(po—p1) “
00 k+1 k+1
— Po =P |k
- kZ::O ( PO—P1 )Z
K 2 k+1  k+1
— S St - A
X k X k
= 5 (Po 2 (poz)” = p1 32 (m2) )
k=0 k=0

po_ _ _p1
1—poz 1—p12

_ _K | po(l=p1z)—p1(1—poz)
_Po—m< (1—po2)(1—p12) >
I<<

PO—pP1
(1- Poz)(l—ﬂlz)>

1-po 1—p

= lfp[;Oz lfppllz = gXO (z)gXl (Z)

= N = Xy + X1, where Xy and X, are independent,
Xo ~ Geometric(1 — pg), and

X1 ~ Geometric(1 — py). O



Chapter 2. M/M/1 model with unreliable service 14

2.8.2 Little’s Distributional Law

Since we have the P.G.F. of N, we may now employ Little’s Distributional Law, named
after John Little for his work in [10], proved in general by Keilson, J and Servi, LD [11].

Theorem 2.8.2. Little’s Distributional Law
Let N be the stationary number of customers in a steady-state queue where the arrivals

come according to a Poisson stream with rate . Let W be the stationary waiting time.
Let W*(s) denote the L.S.T. (Laplace Stieltjes Transform) of W. Then:

Gn(2) =W ((1—2)N) (2.16)

Proof. While we will refer the reader to [11] for details, we give an elementary direct
proof in line with our notation. Given the definition of the P.G.F. of N, we rewrite
P(N = k) via total probability and obtain:

> kS kT Sk Tt ot
QN(Z):ZP(N:k)z:Zz [ P(N=Fk|W=t)dFw = Y = f QU 1 Fy

k=0 —00 k=0 —00

— f et Z /\tZ dFW — f 67/\t€)‘tZdFW — f ef)\t(lfz)dFW — W*((l

2)\) O

2.8.3 Decomposition of W

Theorem 2.8.3. If K > 0, then the stationary waiting time W for customers in the
steady-state queue of length N can be decomposed into the sum of two independent expo-
/\(1p—0p0) and (1p p1) Namely: W =Yy + Y7,

nential random variables parameterized by
where:
Yoy ~ Exponential(%), and Yy ~ Exponential(%).

Proof. Using Theorem 2.8.2, we can find the L.S.T. of W explicitly:

* S K
S) = 1 - 7) - S S
Wi(s) =0 (1-3%) = g mmD
_ K)\?
(A=po(A=5))(A=p1(A—s))
K)\2
(A(1=po)=+pos)(A(1—p1)+p15s)
K2
— POP1
= - Ni—
( (pOP0)+s)( (p191)+s)
A(1—pg) A(1—p7)
= S0 o M
Al—p —r1
( o 07 +5)( - +s)
A(l—=pg) A(l—p1)
= 30w e
All—pg —pr1
( 0 +3) ( o +35)

= W =Yy + Yi, where Yy and Y] are independent,
Yo ~ Exponential(%), and Y7 ~ Exponential(w).
O
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2.9 Analytical Results

Steady-State # of Customers: N Steady-State Waiting Time: W

) L A(1—pg) A(1-p1)
— —pPo —p1 * — PO P1
z) = W*(s) =
gN( ) 1—poz 1—p12 ( ) (A(1[;P0)+S) (>\(1;191)+S)
po p1 po p1

E(.) T—po + Top MNi—po) T Mi-p0)
V&I'( ) PO + pP1 p% + P%

' (1—=po)* = (1—p1)* A2(1—po)? = A(1—p1)?

TABLE 2.1: Analytical Results

2.10 Special cases

We can now recover the stationary behavior of the following known queue types as

particular cases from our model as follows:
e 31 — oo with 0 < 8y < oo results in the classical M /M /1 queue.

e 0 < (1 < oo with B2 =0 and u = (1 results in an M/ Es/1 queue, where Fs refers

to an 'Erlang’ service time distribution with shape 2 and rate pu.

e 0 < (1 < oo with 85 = 0 and p > (1 results in an M /HE/1 queue, where HE

_ phi(ePri—e i) [12].

refers to a hypoexponential service time distribution ~ f(¢) precA

2.10.1 M/M/1

Proposition 2.10.1.
If 0 < B9 < 00 and B — 00, our model recovers the stationary behavior of the classical

M/M/1.

Proof.

We begin by computing the eigenvalues of R under these conditions.

A(A A 24
(vhict it ot/ Dot it fr+5a)2—4) = 2 = p < 1 = Positive Recurrent

lim pg = lim

Br—ro0 B1—00 2uB1 L
P G ace o VA S L e St 2 S
s’ T ahs 2P

We now consider our P.G.F. with the appropriate substitutions.

_ 1=po 1=p1 _ 1-p
gN(Z) T 1—poz1l—p12z = 1—pz

Since the P.G.F. of N matches that of the classical M/M/1 queue given on page 32

of [13], we conclude that the stationary queue lengths are equivalent in distribution. [
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2.10.2 M/E,/1

Proposition 2.10.2.
If 0 < 1 < o0, B2 = 0 and p = B1, our model recovers the stationary behavior of an
M/Ey/1 queue, where Ey refers to an ’Erlang’ service time distribution with shape 2

and rate p.

Proof.

We begin, again, by computing the eigenvalues of R under these conditions and obtain:

 AAHutBi4Baty/ Ot Bi+B2)2—4uBr) )\(A+2,u+\/(>\+2,u)274p2) A2ut/A0F4p))
- 2 - 2#2

- 2Bt
AMAF2p+/A(A+4
We also note that ( - 57 ( u)) <le 2 <1

Therefore, let p = % and we have pg < 1 <= p < 1 = Positive Recurrent
We must now consider our L.S.T. W*(s):

* _ s\ __ K
W(s) = 0n(1-3) = mpraiEarD)
_ K2
- ()\—PO(A—S))(A—pl(/\—S))
K2
(A(1—po)+pos)(A(1— P1)+P18)
_ K2
T A2 (1—po)(1—p1)+Ap1(1— po)s+/\po(1 p1)s+pop1s?
( )

K2
A2(1—po) (1—p1)+Ap15—Apop1s+Apos—Apop1s+pop1s?

_ K2
A2 (1-po)(1—p1)+As(po+p1)+pop1(s?—2As)
We now need some substitutions: namely:
—A)=A(Ba+ —A)=A 2_9)\
K=(1-p))(1—p1) = By 231#(,32 1 o plp u)Q W _p u22 1

A2 2
POP1 = g =
Yo — A +utBr+B2-++/ (A putBr+82)2 —4upr ) n A(A+ptBr+B2 =/ tptB1+52)2 ~4upr )
Lo P11 = 2131 2up1
_ 2A(AtptBi+pa)
2pB1
— A2420p0
iz
Proceeding where we left off, we have:
/\2u2—2k3u
2
WH(s :gN(1—§): i
(5) A AQLZQZM+)\37A2+§M+;\7§(s2—2/\8)
p2=2Ap
w2 =2xp+s(A+2p)+(s2—2Xs)
p2 =2
12 =2 p+As+2us+5%2—2\s
_ 1?s(1=p)
u2s—2Aus+2pus%+s3—\s?
#?s(1—p)
—As2 =2 us—ApZ+Apu2+2us2+s3+pu2s
1*s(1—p)
—A(s+p)2+s34+2us2+p2s+Ap?
_ 1?s(1=p)
—A(s+p)2+s(s+p)2+Apu2

2
(1) (%)
= 7”2 which matches what is given on page 85 of [14].
S=A+A| +/L
Therefore, we conclude that the stationary queue length is equivalent in distribution to

an M/ /1. O
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2.10.3 M/HE/1

Proposition 2.10.3.

If0 < By < o0, B =0 and p > B1 we have the stationary behavior of an M/HE /1

—B1t _pe—pt
(e —em ) (see

queue, where HE refers to a hypoexponential service time ~ f(t) = rEch

[12]).

Proof.

We once more compute the eigenvalues of R under these given conditions and obtain:

_ APt BBt/ bt Br+82)2—4uB1)  A(AtutBity/ At 81) —4ubi )

o= 21 - 2pp1

: A(x OB =
We again note that (Atutprt 2(#;1#4%1) ub1) 1 e % <1
Therefore, for notational convenience, we will let p = %

and we have pg < 1 <= p < 1 = Positive Recurrent

We must now consider our L.S.T. W*(s):

W* S) = (1 - é) — 5 K S
(5) =9n(1-3%) = T a2
_ K)\?
(A=po(A=5))(A=p1(A—s))
K\?
(AM1=po)+pos)(A(1—p1)+p1s)
K\2
/\2(1790)(1*/J1)+>\p1(1*;)o)§+)\po(lfp1)8+pop1s2
_ KX
T X2(1—po)(1—p1)+Ap1s—Apop1s+Apos—Apop1s+pop1s?
_ K\2
T A2(1—po)(1—p1)+As(po+p1)+pop1(s?—2As)

We now need some substitutions: namely:

K=0-p)(1-p1)= Brlp=A)=ABetp) _ Brlu—N=Auw _ | _ Mpth) _ 4 _
2

\ Bip Bip wB1 P
PoP1 = L5y
AAp+Br+Ba+y/ Ot ptBi+82)2—4uBr) | A(Atp+Bi+B2—/(Atu+B1+52)2—4up1)
potp1= 2B, + 2up1
= DQFutBitBy) . NHAp+B) A2
- 2uB1 - wh ugr TP
Proceeding where we left off, we have:
Wi(s) = Gn(1-3) = T ——
A N2(1=p)+As( 257 +p)+ 157 (s2—2Xs)
A\ (1-p)
22(1—p)+As(p— 20 )+ 25 57
_ (1—p)upr
(B1=A(u+B1)+s(u+B1—X2)+s2)
s(1—p)ubr
s((s+p)(s+B81)=A(u+p1)—sN)
s(1—p)pB1
s(s+u)(s+81) —sA(u+p1)—sZA
_ s(1—p)up
s(s+u)(s+61)—A(s+p) (s+581)+Aub1

-0 (25) (5

B1
() ()

Since our "waiting time" includes the customer’s service time, this matches what is given

on by J.W. Cohen on page 255 of [15]. Therefore, we conclude that the stationary queue
length is equivalent in distribution to an M/HE/1. O
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2.10.4 Instantaneous Success / Failure

We can also study somewhat familiar type of queue as follows:

Proposition 2.10.4.
If 81 — oo with $1 = B2, we have a queue with instantaneous ’success’ or ’failure’ after

the service time has elapsed, where the probability of a successful service is ps = and

ol
1+~

likewise for failure, we have py = This queue has a stationary queue length which

1
T+y-
is equivalent to an M/M/1 queue with service time ~ Exponential(ups).

Proof.

Computing the eigenvalues of R under these conditions yields:
>\(>\+#+51 +52+\/()\+#+B1 +52)2—4u61) M1+7) By

li = li _ _ _
51:715121%00 po 6127%21—>oo 2pP1 ey UPs p
lim p;= lim A(A+p+B1+B2—/ (Mt p+-Br+B2)2—4upr ) 0
B1=7B2—00 B1=7B2—00 2pB

p < 1 <= Positive Recurrent

We can now compute our P.G.F. with the appropriate substitutions.

_ 1—po 1—p1 __ 1-—p
gN(Z) T 1—pozl—piz ~ 1—pz

This shows that the P.G.F. of N matches that of the classical M/M/1 queue with ar-
rival rate ups (see [13], pg. 32), we thus conclude that the stationary queue lengths are

equivalent in distribution. O
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Chapter 3

M /M /1 model with unreliable

service and a working vacation

3.1 Introduction

Within the literature, a vacation queue is typically defined as a queue with multiple
service rates governed by a policy that reduces the service rate when the number of cus-
tomers is below certain threshold. For an example of a vacation queue within the M/G/1
framework, see [16]. We extend our M/M/1 model with unreliable service by including
two service rates. The use of multiple service rates is important since the customer ser-
vice time depends not only on the customer, but on the state of the server at the time
of service as well. We noted in Chapter 2 that we could construct an M/PH/1 queue
with similar behavior and identical stationary distribution if we imposed the undesirable
restriction pu > B + B2. However, since the service time now depends on more than the
customer alone, this is no longer possible within the M/PH/1 framework irregardless of

any restrictions that might be imposed.

We adopt assumptions and terminology from Chapter 2. Namely, service failure is
not due to the server as it would be in breakdown models, nor due to the customer as
it would be in some interruption models. Customer’s do not leave the queue-that is we
preserve the FCFS (First Come First Service) service discipline. This differentiates our
model from retrial queues in the literature. We again consider service failures to be due
to external, random forces and repeat a customer’s service until it has been completed
successfully. Furthermore, neither the server nor customer know whether the service was
successful until the service time has been completed, at which time we envision a ’quality

check’ to take place which determines if the service was a success or failure.
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3.2 Definitions

We define our process, state space, and parameters as follows:

Definition 3.2.1. Let {N(¢) | t > 0} be the number of customers in the queue at time

t,

J (1) 0 the server is on working vacation
1 the server is in a busy state

and

S(1) 1 immediately after service is rendered
0 otherwise

Then {(N(t),J(t),S(t)) | t > 0} is a Markov process on the state space:
Q={(0,0,00}U{(k,j,s) | ke N, j,s €{0,1}}

Define the following parameters:

e )\ : the rate of the Poisson arrivals process.

e 1 : the rate of service when the server is busy.

e i, : the rate of service when the server is on vacation.

e (31 : the rate of a successful service.

e (35 : the rate of a failed service.

e ( : vacation duration is exponentially distributed with rate a.
Definition 3.2.2. We define the vacation policy:

e When the server becomes idle (i.e. N(t) = 0), the server goes on a working
vacation; by this we mean that customers arriving while the server is on vacation

get served at a reduced rate p, < pp.

e When the server is not idle (i.e. N(¢) # 0), a vacationing server begins a working
vacation duration that is exponentially distributed with rate 6, after which it begins
a busy period and operates at rate u; until the server becomes idle again, renewing

the process.

e If a customer is served successfully while the server is on a working vacation and
there are additional customers waiting in the queue, the server then immediately

ends its vacation and enters into a busy state until the queue is emptied.
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To help visualize this 3-dimensional Markovian process in 2-dimensions, we visualize the

state transition rates by a 2D diagram.

FiGure 3.1: 3D Markovian state transition rates diagram.

We define a ’successful service’ similarly to that done in Chapter 2 to be a transition
from (n,j,1) — (n—1,1,0) or (n,j,1) — (n —1,0,0), which is represented in the
state transition diagram as having rate 5. Accordingly, we will define a ’failed service’
to be a transition from (n, j,1) — (n, j,0) with transition rate 2. We will compute the
probabilities of a ’successful’” or ’failed’ service in an explicit manner by considering the
transition probabilities of the embedded Markov Chain and will note a striking similarity
with the results from Chapter 2.

Let Es = {a customer was served successfully}

Sy = {the server is on a working vacation}

Sy = {the server is busy}

Pbs = P(Es N Sv) + P(Es N Sb) = P(ES‘SU)P(S’U) + P(ES|Sb)P(Sb)

_ p1 = A ‘ B o0 A\ i
. Bl+ﬁ2+)‘z<ﬁl+52+)‘> P(Sv)+5l+ﬂ2+)\z(ﬁ1+ﬁ2+/\> P
A %
Vs

=0 =0

_ B -
b 51+52+)\Z<51+52+)\ <P o +P<Sb))

=0

Dy = b1 1
s A
P+ A\ - s

p8251+52+)\ B1 + P2

_ B
B1+ B2

Dy = p1 1
ara |
B1 <51~|—52~|—)\>

Ps
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From here, we can list the countable state space in lexicographical order; formally

defined for triplets below.

Definition 3.2.3. Lexicographical Ordering
We say (k1,j1,51) < (k2,j2,s2) if and only if k1 ~ j1 ~ s1 < ka2 ~ j2 ~ s2,

where —~ denotes concatenation (see [17]). For example, 7 ~0 ~ 1 = 701.

It should be noted that this equivalent definition for lexicographical ordering can
easily be extended to n-tuples. Using this re-ordering convention we can write:
Q = {(0,0,0),(1,0,0),(1,0,1),(1,1,0),(1,1,1),...} and define the corresponding in-

finitesimal matrix Q.

3.3 Infinitesimal Matrix Q

A C o0 0 0
B AC 0 0
Q=10 B A C 0 (3.1)
where
0
i L |6 .
= [-3] B=| C=[x0 0 0
B1
[— (A + 1o+ 6) o 0 00 0 0
A 165} —(A+ 51+ B2) 0 0 B— 00 B O
0 0 (A ) I 00 0 0
i 0 0 Ba —(A+ 61+ B2) 00 B 0
A0 0 0
c_ |0 r 00
00 A O
00 0 A

3.4 The Quadratic Matrix Equation

Using Lemma 2.4.1, we seek the minimal non-negative solution R to the quadratic matrix
equation:
R’°B+RA+C=0 (3.2)

We will again employ the direct method whereby we solve the system of equations

generated by equating the matrices entry by entry.
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1 T2 T3 Ti4

21 T22 T23 T24

Let R = = (3.2) can be restated as the following system:

31 T32 T33 T34
T41 T42 T43 T44

r11 (0 + B1 (112 +714)) + P12 (22 +724) + 714 (Bo + B1 (rag +744)) = 713 (ip + A — B1 (132 +734))
ro1 (04 B1 (r1i2 +7r14)) + Biraz (1o2 + 724) + 724 (B2 + B1 (rag +744)) = 723 (o + A — B1 (132 + 734))

A+ 731 (0 + B1 (12 +714)) + B1 (ra2 +724) 732 + 734 (B2 + B1 (rag +74a)) = 733 (11p + X — B1 (132 +734))
rar (84 B (12 +114)) + B (22 + 120) Taz - raa (B2 + B (a2 + 144)) = 743 (o + A = B (rsz o+ 73a))

ri1 (0 + A+ o) = Bari2 — A =0

r2 (B1+ B2+ A) —riipe =0

14 (A + 81+ Ba) — 1315 = 0

Baras —ro1 (0 + A+ ) =0

ro2 (B1+ B2+ AN) — A =71y =0

ro4 (A + B1 + Ba) — ragpp = 0

Barsa — 131 (0 + A+ py) =0

732 (A + f1 + B2) — 3100 = 0

r3a (A + 51+ B2) —razup =0

Boraz —ra1 (0 + A+ ) =0

ra2 (B1+ B2+ A) —raip, =0

raa (A + 1+ B2) —razppy — A =0 (3.3)

The analytical minimal non-negative solution to (3.3) is given by:

A(A+B1+82) Apy A(B1+B2+N) (A+81+B2)(0+N)+Apw) A((A+B1+B2) (0+N)+Apy)
(A+B1+B2)(0+N)+(B1+ My (A+B1+B2)(0+N)+(B1+ M uv  Brup(A+B1+B2)(0+M)+(B1+N)uw)  B1((A+B1+B2)(0+M)+(B1+A)uv)
BaA A(O+A+pw) A(B1+B2+N) (B2 +A)(0+A)+Apw) AM(B2+M)(0+M)+Apw)

R = (A+B81+B2)(0+X)+(B1+ M)y (A+B1+B2)(0+N)+(B1+A v Brup(A+B1+82)(0+M)+(B1+M)pw)  B1((A+B1+B2)(0+A)+(B1+A)pv)
= 0 0 A(A+B1+82) A
B1rp B1
A(Ba+A) A
0 0 B1rp B1

(3.4)

3.5 The Spectral Radius of R

We now again compute the spectral radius of R explicitly and show that the sufficient
condition under which our model will be positive recurrent has not changed from the

case in Chapter 2.
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Corollary. By Lemma 2.4.1, the infinitesimal matriz Q given in equation (3.1) is posi-
tive recurrent if and only if: B (s — ) — A s + B2) > 0.

Proof. The spectral radius of R will be computed by solving the scalar quadratic equa-

tions generated by det(R — p;I) = 0, yielding that p; satisfies the following quadratic

equations:
18197 — XA+ + B1 + Ba)pi + A2 =0 (3.5)
—1)% 2_
= A(App+B1+Ba+( 1)2;/17(5Al+ub+51+62) 4,%51)’ i=0.1

(B4 52) (04 N) + o (B +2) )2 = X (Br+ B2+ 0+ 20+ ) pi + X =0 (3.6)

(022 4B+ Ba ko (<1 (0=B1— B+ )* F4Bapin )
— = 2((A+B1482) (0+A) +p0 (B1+2)) ’

i=2,3

Note, by inspection, that the largest of these eigenvalues in (3.5) and (3.6) will con-
tain the positive radicals. Next we will show that pg > pa.

Assume py < pa, then:
= pop3 < p2p3

AQ
= POP3 < X5 5) (040 F1ae (B1 TN
. A(0-+22+B1+B2+ 10—/ (0—B1—Ba+110)+4B2 1 ) \2
Po (A B11B2) (0+N) 10 (B1+N) (N B1+82) (043 120 (B1+N)
. Po(9+2>\+51+52+Mv—\/2(9—/31—52+uu)2+4/32uv) <
9+2>\+ +ﬁ + v 6—5 - + v 2+4 v
:>Popl( Br+B2+p \2/( 1=B2+pw) 52M)<)\p1
A2 (042X +B1+B2 1o —/(0—B1—Ba+1v) 2 +4B2 00
I ( 2pup 61 ) < >\,01
A(O+20+B1+B2+pv) M/ (0—B1—Ba+10) 2 +4B2 i
- 2ppP1 p1 < 2ppP1 )
MO B B tp) A(App+B1+B2—/ Otp+B1+B2)2 — 41181 ) < A2(0—B1—Ba+t0 ) 2+4X2 Ba i
2pp 51 2181 425
2
— O+ A+ p0— iy +/ (A 1y +B1+B2) 2 —4 s B < (0—B1—Ba+pw) 2 +4B2 1
24y 51 4#%5%
. (04X + 10— 1) +2(0+ Mo —p) /(A 1o +B1+B2) 2 —Agup B1+ (At pap+ 51 +B2) 2 — 4y B < (0—B1—B2+v)>+4Ba o
4p2 B3 4uz B3
:>2(9"')""#1}*#b)\/()‘+ﬂb+ﬁl+52)2*4ﬂbﬁl (0—B1—B2-+110)? = (Atpp+B1+82)2 = (O+ Ao —pu) 2 +4B2100 +4410, 81
4 2,32 < 4 2&2
HpPi HpP1
s 2(9+>\+uv—#b)\/(A+ub+B1+Bz)2—4ubB1 < (0= 81— Bo+ o) 2= (0 + 2N+ Br + Ba 4 110) 2+ 2 (N + iy + Br + B2) (04 A+ 1o — 1) + 482410 + Apin1
4!’4252 4“252
b1 bP1
— 204 +po—pip) / A+ B1+B2)2 —4p B < TAQFB1+B2) (0 At o) +2(M -+t +B1+82) (04 A+ 1o — 1) +4Bopo+4pin B
4 2ﬂ2 4 252
HpP1 HpP1
— (04 M+ 10— 1) / A +p+B1+52) 2 — 4 B < (pp—B14B2—=N) (O -prw — 1y ) —2B82 (04+X) =2y,
247 2u; 8%
— (04 +p0—pn) / O +814B2) 2 =4 B < (p—B1+B2—X) 0+ 4110 —pp)

20357 20357



Chapter 3. M/M/1 model with unreliable service and a working vacation 25

= \/()‘+Mb+/31 + B2) 2 —4upfr < (p — P1+ P2 — A)
= (At + 1+ B2) — 4By < (1w — B1 + B2 — A)?
= 4(A\B2 + B182 + A\p) < 0, which is a contradiction.

= po = P2

Thus, by Lemma 2.4.1, Q is positive recurrent if and only if:
po <1< B1(up—A) — A(up+ B2) > 0. (See 2.10) O

3.6 The Stationary Distribution

3.6.1 The Explicit form of R”

To compute R*, we utilize the block upper-triangular structure of the matrix R given in
(3.4) with the help of the following.

k k=1 fgippk—i—1
Lemma 3.6.1. Given R = [ﬁ Z], then RF = ["2 > i A'CB ]

Bk

Proof.

We note that if k = 1, then R! = [Al Z?:o AiCBl_i_ll = [A C}
0 B! 0 B

Ak Zfz—ol Aicpk—i-1

Next, assume RF = i
0 B

] , and write R*T! as follows:

_Ak Zk_—l AiCkaifl
k _ =0
RR= |0 B*
AR R AieBi T4 C
lo Bk 0 B
_[ARTE ARC + (i) AleBRY)B
- 0 Bk+1
AR Ake 4 (i) AleBR )
- 0 Bk+l
_ [ Ak+1 Z?:O Aicpk—i _ R
0 Bk+1

C
Proposition 3.6.2. Let R = l.:)l B] be as in (3.4),

where A = | DFATAI0 TR DA B0 N By

Ba CED ST
OAFB1HB2) (0N F 1o (B1AA)  (AFB1+B2) (0+FN)+ 1w (B1HA)

A(A+B1+82) Aty ]
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_ A
T (AHB1HB2) (04N F e (B1+A)

A+ B1+ B2 oy
52 9+)‘+,U'v

_ pa2ps A + 61 + 62 Mo then:
A B2 04X+ iy |
pap3(A(ph =5 )+ (A+B1+52) (pk—pk)) top2ps(p5—pk)
Ak = Ap3—p2) A(ps—p2)
Bap2ps(pk—pk) p2p3 (042 +10) (p5—p5 ) =A(p5 " —p5 1))
Ap3—p2) A(p3—p2)

Proof.

As before, we use Mathematical Induction, observe that:

p2p3(A(p9—p3) +(A\+B1+82) (py—pl)) top2p3(ps—p})
Al = A(p3—p2) A(p3—p2)
Bapaps(pi—pl) p2p3 (042 +10) (05 —p3 ) =2 (p3—p3))
A(p3—p2) A(p3—p2)
0293(/\§51+/32) ,uvp)\ng
= Bapaps p2p3 (042 +10) (p5—pl))
A Ap3—p2)
p2p3(A+B1+B2) Bvp203
52/;\2/)3 0203(9')1\'/\4‘%)

Given the result for A*, we write A1

Alp3—p2) Ap3—p2)
lfzpws(pg*ﬂg) P203((9+A+#rv)(ﬂd /12) /\(ﬂ];71

L Ap3—p2) Ap3—p2)

k—1 k—1

-"2”3(’\(”;71"”571) (“/31*32)('”3 p’;)) ”"’"2”3("'];_”}5) p2p3(A+B1482) Mo p2p3
1)) {

B2p2p3 p203(0+A+p0)
A A

[ #3803 (81 +82) (\+81+82) (o5 =08 )42 (o5 =oh 1) Y2000 (o5 =0k ) ) 0308 (10 (A (o™ —p§71)+(>\+ﬂ1+ﬂ2)(0§—ﬂ§))+[Lru(9+>\+pv)(p§—ﬂ§))

22 (p3—p2) A2 (p3—p2)
k-1 k-1 k

ﬁzpzpé(pg 92) A+B1+B2)+ Kfzp%ﬂ§(9+/\+itv)(p’§ pg) A(pé_ —py ) ;tu32p29§(0§ p2)+p203(9+/\+uv)((9+>\+uv (03 92) A(pk L_pk— ))

A2 (p3—p2) A2 (p3—p2)
k-1

[ BA00 () (e s ) (A -0k)) s 0h k-l>wwz><»§f»§>+w+»+m<p§>ps>>

A2 (p3—p2) A2(p3—p2)
52P%ﬂ§(9+2)\+51+ﬂ2+ﬂ1)(ﬂ3 p2) Rﬁzpng(pg o 571) k

uung%pg (p§—p2 )+P2ﬂ3(9+)\+ﬂv) (P2P3(9+)\+Hv) (93 2 ) >\P2P3(

)

A2 (p3—p2) A2 (p3—p2)

p%p%(x(wrﬁﬁﬁz)( k= 1*p}§ 1) <%}W) (P§*P§)> M/Up%pg()\(p’;_lf k— 1)+ (0-+22+B1+B2+1v) (p3 pz))

A2 (p3—p2) A2(p3—p2)

—1 -1 —
ﬂzpzpa(k(p3+p2))(03 pz) Aﬂzpng(pk 7/1]2“ ) wﬁzﬂ%pg(p%*p’z‘)+p293(9+k+uu)(A(pfj*lfp’;“) P2P3(>\+ﬂ1+32)(p3 —p.

5))

L A2(p3—p2) X2(p3—p2)
. 2 2 k—1_ k-1
pzﬂs(ﬂ2ﬂ3(>\+ﬁ1+ﬁz)(ﬂ;“_lfp.’j_l)+((A+ﬁ1+ﬂz)(ﬂ2+ﬂ3)fk)(pé*pé‘)) HvP2P3( P2 TP3 )+

Mp3+p2) ( k

3’P’§))

P2P3

k—1_ k—1
52P2P3(P3+P2)(P3 pg) 32p2p3(p —py )

Xpz—p2) 22 (p3—p2)
1w B2p3 0% (plgffp’;)+(>\(p3+p2)fp2p3(k+51 +82)) (A

(5"

_ ket
)

) p2p3 (X461 +52)(p’§fp’2“) )

k—1_ k-1

o3 —r2) A2 (p3—p2)

Png(ﬁzﬂ’3(>\+ﬁ1+52)( —py )+(>\+31+ﬁ2)(p2+p3)(ﬁ§*/)’§)+*(ﬂ’§*pl§)) 1o p2p3 (p2p3 (P§71*p§71)+(p3+p2)(p:lg*pg))

Alpg—p2) Alp3—p2)

Bapap3 (pﬁ“ k“)%zpng (PQPI;;*P:&P,QC ) —Bap2pl (p’g*l —pk1 ) A2(93+92)(9§“ —pkt1 ) —p2p3 (A(Hﬁl +62) (pé“ k“)Mz (p3 —ok

)

I ez —r2) 22(p3—p2)
B pgpg((A+ﬂ1+ﬁ2)(p§p3*p§p2+(p2+p3)(p§*p§))+k(p§*p§)) B p2p3 (p2p3 (pg 1*;13 )+ p3+p2) (p3 912“))
X(p3—p2) Alpg—p2)

P2

k+1_ k+1\ [ Mes+p2) k__k
k+1_ k+1) 92133(93+ —pbt )<‘°’7p32—(/\+31+ﬂz) —Apzﬂg(%—nz)

p3—p2) Alpg—p2)
pzﬂz( (ﬂ2 pg) (A+B81+82 ( A+l ’5“)) uuﬂzm(ﬂk“ k“)
Ap3—p2) Az —p2) — Ak+1
52,;2,33(,;’3?*1 k“) ﬂzps((9+A+uv)(p§+lfp§“)fk(oéffp;’}'))

Xp3—p2) Ap3—p2)

52p2p3(
A(
)




Chapter 3. M/M/1 model with unreliable service and a working vacation 27

Remark. Three substitutions were needed in this derivation. Namely:

(A + B1 + B2)” + Bopy = A((Hﬁﬁiz)pgpﬁpg)%), and

0—|—2)\+ﬂ1+52—|-,u1;:w, and

p2p3
A(ps + p2) — p2p3 (A + B1 + B2) = paps (0 + A+ o).
These can readily be verified from (3.6).

O
.. . . A C
Proposition 3.6.3. Given the block-matriz form of R = o Bl we find by Lemma
3.6.1:
k i Bk i—1 k Clk
0 B 0 B
where: _
pap3(A(ph ™ =)+ (A +B1+B2) (pk—pk)) top2p3 (p5—pk)
k _ Ap3—p2) A(p3—p2)
A* = Bap2ps(pk—pk) p2p3 (042 +10) (P —p5 )= X5 =p5™")) (by 3.6.2)
Ap3—p2) Aps—p2)
(51/)0 A)p(0+pl(;\ Bip1) M
kE B1(po—p1 B1(po—p1 ; — i
B AA+B2) (ph—pk) (A—Bup ) ok (Bupo—) (by 2.7.1, letting p = 1) and if:
L wpB1(po—p1) B1(po—p1)

p2()\Z—p3()\(9+)\)+ﬁ1;mp2)) p3(>\2—p2(>\(9+>\)+,31uvp3)) p3(>\2—p2(>\2+5103(9+)\+uu)))

01 = AupB1(po—p1)(p2—p3) 7 0y = AusB1(po—p1)(p2—p3) 03 = Apo—p1)(—p2-+p3) ’
5, = 2N =pa (M 481 (042 41) )
4= Xpo—p1)(=p2+p3)
then C(k) = {2183 iizgz”, where:
. po(A— #bﬂl k—pk)  p1(A—mppo) (ph—pk) p1(A—ppp0) (PE—p%)  po(A—pup1) (pk—pk)
cu(k) =& < P1 po— p2 B po(p1—p2) +02 po(p1=p3) B p1(po—ps)
. 100 ( Pk  mopr(pf—ph) o1 (P8 —=p%)  mwpo (pk—pk)
612 =01 ( 00 Opz P 1/72 ) + 02 ( PleS - pO*Ops :
B p2A—pup1) (pE—p%) 2 (A—pupo) (ph—pk) prA—ppp0) (PE—p5)  P3(A—pupr) (pk—0k)
c21(k) = 03 < A% ( Po p3 N A% (p1—p3) +04 A% (p1—p2) B A2 (po—p2)
- 0 p1(ph—pk) p1(ob=p5)  po(pk—pk)
caa(k) = 03 < B1 po PB - Bilpi— Ps)) +04 <51(P1p2) ~ Bilpo—p2)

Proof. The above result follows from the preceding analysis, specifically Lemma 3.6.1,
Proposition 3.6.2, and the observation that B is entry-wise identical to the matrix R
from Chapter 2. The rest is merely the computation of C'(k) = Zi':ol A'CBX~1=1 which
is tedious but straightforward. O

3.6.2 The Initial terms of 7T
A (¢

. , and a positive vector
B A+RB

Turning attention to the computation of B[R] = [

(x0,%1), such that (zo,x1)B[R] = 0, we have:
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- A 0 0 0
0 —0-X—p, Ly 0+ A 0
(z0,x1)B[R] = (z0,%1) | A Ba —Bi—Ba—A A 0 =0 (3.8)

0 0 0 — b b
B 0 0 Bat+A —B1—PBa—A

o =1

T10 = AA+B1+82)

B2 (0+N)+B81 (0+ X+ 110 ) + A0+ A+ 1)
— (T = Ay

B2(0+N)+B81 (0+ A+ 110 ) +A(0+A+ 1)
Lo = MAEBLEB) (BLOFN) +B2(0+ N+ A0+ A +11v))
127 "B (B2 (0F )+ 81 (0 At 1) FAOF AT 1))
1 A(B1(0+X)+B2(0+X) +A(0+A+10))
13 = BI(Ba(0-+N)+B1 0+ A+ 0) A+ +110))

We normalize the solution in order to generate the first five terms of

K(zg+x1(I-R)7le) =1

K — (B1 (o = A) = Ay + B2)) (082 + B1 (0 + 1)) 3.9
- Br((0+A) (Br+ B2) i+ ((Br (1o — A) = X (4o + B2)) + Aap) pior) (3:9)
7o = K
T = KP203(>\/\+/31+52)
(700, 10, 711, 12, M13) = K (20, %1) = { 711 = %
_ K()‘J"BIJF/BQ)()\Z_BIM’UPZ,OZS)
T2 = AB1 iy
_ K(X2—Bipupaps)
T3 — pYe3

Remark. We observe that the condition given by Corollary 3.5 for positive recurrence:
B1(ps — X) — Ay + B2) > 0 is equivalent to K > 0.

3.6.3 The Remaining Terms of 7

Proposition 3.6.4. The remaining elements {(mro, Tk1, T2, Tk3) | k > 2} of our sta-
tionary distribution satisfying (7ro, Tk1, Tk, Tk3) = (7710,7r11,7712,7r13)Rk_1 and

[e.°]
700 + > (ko + k1 + Tr2 + T3) = 1 are given by:
k=1
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Kpaps((A+B1+82) (ph—pk ) —A(ps ' —p571))

kO = A(p3—p2)
_ Kpopaps(ph—pk)
ﬂ-kl )\(p27p3) k k k—1 k—1 k—1 k—1
R 1 (61—02) (B1 (P& —ph ) =X (pk—pk ) 4 P2esMtBi ) (s poA—mop1) (6" =P571)  prA—ppo) (P =P8 ")
k2 — B Y 1 p1(po—p2) po(p1—p2)
45 P1()\—#bp0)(P1 Yph 1) _ PO(A_Hbﬁl)(PO Tph- 1)
2 po(p1—p3) p1(po—p3)
mpens (5 P (A—pppo) (py 1 =p5 1) PR (A—mpr) (5 t=p5 ") iy Pi(A—mop1) (o6t =p5 1) PR (A—pwpo) (P} Pt
A3 4 p1—p2 pPo—p2 3 pPo—p3 pP1—p3
k—1 k—1 k—1 k—1
o k k 5148 polpPyg —p pi{py ~—p
T = K (,Ub (61 — 8) <p0 _p1> + A 1)\ 2)p2p3 (51 ( ( (;)Oimz ) _ ( ;1 p22 ))
p1(pf ' =p57")  po(py M —p5 )
+62( P1—p3 o Po—p3
pwpaps [ 0a((p1=p2)pk—(po—p2)pf+(po—p1)pk)  83((p1=p3)pl—(po—ps)pf—(p1—po)rk)
AB1 (po—p2)(p1—p2) (po—p3)(p1—p3)

(3.10)

Proof. To motivate the proof, we begin by noting that:

(780> T1 s T2, Th3) = (10, T11, T12, M3)RETY <= (7ko, Th1, TRy Th3) = (10, 711, T2, T13) RF 2R

= (Tk0s Th1, Th2, Tk3) = (Th—1,0, Tk—1,1, Th—1,2, Tk—1,3) R

We will use an alternate form of R given below. This is entry-by-entry identical to that
defined by (3.4), but is merely expressed in terms of pg, p1, p2, p3, 01, d2, 03 and d4 when-

ever possible.

Qb1 +B2)0z03 tupoes (A+B1+B2) (51=82) (po—p1) (81—82)pp(po—p1)
ﬁ2p>\293 A(p2+p3)—(/\;51+l32)0203 (/\+ﬁ1+52)(53—g4)ﬂo(00—f71)1)1 (03— 54%(/7 —p1)
A 1
R = 0 0 B1(pn te1) > iy (3.11)
B1 B1
0 0 A(Po+p1)7(}\61+ub)pop1 67)\1
Next, we define: (m4—1.0, Th—1,1, Th—1,2, Tk—1,3) R = (a, b, ¢, d)
Then k—1 k—1 k—2 k—2 k—1
a = Kpaps((A+B1+82) (5~ —p5 1) =M(ps—*=p5"")) ()\"‘/31"‘/32)02/)5 + Kpvp2p3 (P =5~") Bapops
A(pg p2) A(p2—p3) A
_ K33 (((A+B1+82)" +B20m0) (05" —p5~ ") = AA+B1+52) (5 - )
A2 (p2—p3)
)\ A — — — —
203(( wﬁingﬁpg) ))(9'5 Yo T =AO+B1+B2) (5 —ph 2))

o A2(p2—p3)

_ Kpaps(M(A+B1+B82) (p2+p3)—N)) (05 =p5 ™) =AA+B1+B2)p2ps (o5 2 —p5 7))

B A2(p2—p3)

_ Kpaps(AO+B1+482) (p2+p3)—22) (o5~ —p5 1) =A(A+B1+B2)p2ps (ph 2 —p5?))

- A2(p2—p3)

_ Kpaps(AA+B1+82) (pk—pk ) -2 (o5 =p5 "))

o AQ(Pz—Ps)

_ Kpaps(A+B1482) (o —pk ) -A(p5 ' =p5 "))

= and,

A(p2—p3)

p — Kp2ea(OtB1+82) (o5 —p5 ") =A(p5*—p5" 2))uup2p3 oy Bamoaps (05 =05 ") Moo tps) =\t B1+B2)paps
)\(ps p2) Ap2—ps3) A

)
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_ Kpop3pd(MHB1+82) (05 =5 ) =A(p5 2 =05 %) )+ Kpup2ps (05 —p5 ) (Mp2-+ps)—(A+B1+B2)p2p3)
o A2(p3—p2)
— Kpop3pd (=X (52 =p5 7))+ Kpupaps (p5 ' —ph ) (Mpatps))
o A (p3—p2)
_ Kpup2ps(AMpatps) (05 —p5 ) = Xpaps (o 2—p57?))
o AQ(PS p2)
_ Kpupaps(M(p5—05))
o A2(p3—p2)
_ Kpopaps(ph—pk)
A(p3—p2)

Since the verification of ¢ and d are similar in nature to a and b, but are too lengthy
to provide the step-by-step details, they are omitted. Similarly, we have verified that
o0
700 + > (o + Tk1 + Th2 + Tr3) = 1, but will omit these steps as well.
k=1

O

3.7 Decomposition

3.7.1 Decomposition of N

Theorem 3.7.1. If K > 0, then the stationary number of customers in steady-state, N,
can be decomposed into the sum of four independent geometric random variables and an
independent finitely valued generalized random variable with an explicitly known general-
ized distribution. Namely: N = Xo+ X1 + Xo + X3+ X4, where: Xog ~ Geometric(1 —

pO)a
X1 ~ Geometric(1 — p1), Xo ~ Geometric(1 — p2), X3 ~ Geometric(1 — p3) and if:

K
T =)= p) (1= p2)(1—p3)

_ o ((0+X)B2+ A0+ A+ ) + 61 (0+ A+ )
0+ N) (B Ba) n+ ((Br (s — A) = A (B2 + 1)) + Ao o

*

g =1
51 — A(A+B1+B2) o+ (0+ A+ p10))
01 = _Mb((9+>\)ﬂ2i)\(62+)\+uvb)+,31(9+A+MU)) (3.12)
5o — Ay
02 126 (04 X) B2+ A O+ A+ 120 )+ B1 (F+ A+ 110))
K*y if k=0
Then, P(X, = k) = ! if
K*0y if k=2
0 otherwise
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Proof.
Since all exponential rates A, up, ty, 81, B2, 0 are non-negative, then by inspection we have
K*>0, 6 >0, 6; <0, and d > 0.

We also note that:

— Bilpp=N)=A(pp+B2) _ 0P2+B1 (0+40)
(1=po)(1=pr) = ==t and (1= p2) (1= p3) = Grxygan(o i at o)+ @A 7

These can be verified from (3.5) and (3.6) respectively.

Therefore, using the definition of K from (3.9), we have:

K* = K
(1=p0)(1=p1)(1—p2)(1—p3)
_ (B1(ps—=A)=A(pp+62)) (082481 (0+10)) 1

T B((0+N) (B1+B2) p+((B1 (o —A) = A(1p+52) ) +App) pw) (1=po)(1—p1)(1—p2)(1—p3)
_ iy ((0+X) B2+ A0+ M 4-paw) +51 (0+A4-p0))
T (04N (Br+B2) e+ ((B1 (o —X) = X(B2+1p ) )+ Ay ) o)

By definition the P.G.F. of N is given by:
[e.e]
=> P(N =k)z* (3.13)
k=0

= Gn(z) = ;_?OP(N = k)

o0
=m0 + > (Tko + Th1 + Th2 + Tr3) 2"

K=1
o

= 3 (mgo + Tr1 + T2 + Th3) 2F
5=0

_ K*(1—po)(1—p1)(1—p2)(1—p 5 5,2
(- ﬂoz)((i plzll p222 1- psgz (50—{-(512—}—(522)

)
_ 1-po 1=p1 1=po 1-p3 g (5
T 1-poz 1—p1z 1—p2z 1— PszK 50+512+52Z

= Gxy ()9, (2) G, ()G x, (2) K (80 + 812 + 6227

Since Gy (1) = Gx,(1)Gx, (1)Gx,(1)Gx, (1) K* (5A1 + 6y + 5A3) and since all rates are finite
—= K*((SAl + 832 +<5A322) =1 when z =1, and 2_, |6;] < o0.

= Gn(2) = Gx,(2)0x,(2)Gx,(2)Gx,(2)Gx,(2), where Gx,(z) is said to be the gener-
alized generating function for the generalized random variable X}.

Note: For reasons of length we omit the rather lengthy algebraic steps that reduced
the infinite series to its simplest form. However, it is worth noting that we heavily relied
upon Mathematica’s algebraic capabilities. Our Mathematica methods are included in
the Apendix. O

Employing The Fundamental Theorem of Negative Probabilities by Ruzsa, Imre and

Székely, Gébor J. [18], we are guaranteed the existence of a pair of ordinary random
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variables Yp,Y; such that Y7 = Yy + X4 in distribution. Indeed, in our case we see that
Y1 = N and Yy = Xy + X1 + X9 4+ X3 is one such pair.
3.7.2 The L.S.T. of W

We use Little’s Distributional Law [11] to find the L.S.T. of the waiting time for the

purposes of computing its expected value and variance.

Proposition 3.7.2. Using Theorem 2.8.2, the L.S.T. of the stationary waiting time W

for the queue with the stationary number of customers N is given by:

A(1—po) A(l—p1) A(1—p2) A(1—p3) 5o 5
W*(S) = 7PO 7P1 7/)2 7,03 K*((%Jr&jugi( +—2)q+—252)
(A(lpopo) —s) (A(lplﬂl) —s) (A(1p2,02) — ) (A(lpsps) —s) A A2
Proof. R
Ko\ s\ _ K*(1=po)(1—p1)(1—p2) (1=p3) (So+81 (1-$) +62(1-$)?)
W (s) = v (1= %) = St g T S 2
_ K*(1=p0)(1=p1)(1=p2) (1=p3) (Bo+01 (1= $)+b2(1-$)?)
(1=po(1=5))(1=p1(1=%))(1—-p2(1-3))(1=p3(1-5))
_ KM (1=po)(1—p1) (1—p2) (1—p3) (bo+61 (1— )+52(1*§)2)
(A=po(A=5))(A=p1(A=s)) (A—p2(A f))(’\ p3(A—s))
_ KA (1=po)(1=p1)(1=p2)(1=p3) (bo+61 (1=5)+d2(1-%5)?)
— (A1=po)=pos)(M(1=p1)—p1s)(A(1—p2) —p25) (A(1—p3)—p3s)
B A(lp—opo) A(lp—lpl) A(lp—292) )‘(lp_gpg’)K*((50+51(1—§)+52(1—§)2)
- (/\(1;/?0)75)(A(1P—P1)7S)(A(1P—P2)78)(/\(1;/?3)75)
A(lfpo)o A(1*131)1 A(1*022) )\(1*%’;) o 5 25 ~
B (A(FZOO)—S) (Mlj:}l)—s) (A(lfg)—s) (A(lfzsg’)—s) Koo+ 46~ <>\ +T2>S+Fs )
) o1 02 °3

O

3.8 Results

3.8.1 Analytical Results

Steady-State # of Customers: N
Gn(z) = 1—po 1—p1 1—ps 1-— p3K*(50+(§‘12+(§\222)

1=poz 1—p12 1—p2z 1—p3z

E() [ B B +1513+K*((§1+2§2)
Var(.) 2+ g — K01 (3 + K*61)

po? T e +

TABLE 3.1: Analytical Results on IV
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Steady-State Waiting Time: W

A(1—pg) A(l—p7) A(1—p2) A(1—p3) R 51 252 52
* _ PO Pl P2 P3 * o “va 2
W (s) = (el ) (el ) (Ml ) (Aup—;s)_s)K (0 + 61 + 62 (/\ LY ) 2* )
K* (5 | of
E() Niopo) T30 T A(lme) + e % (014 20)
2 2 2 —~ ~
Var(.) v 4 i+ ey e 5 (20— K0+ 202)?)

TABLE 3.2: Analytical Results on W

3.8.2 Numerical Results

When choosing parameters 6, 81, Ba, by, s, A to illustrate as an example, it follows that
one might seek to make po, p1, p2, and p3 given in (3.5) and (3.6) rational. However, we
show that if one is interested in E(N) or E(W), then this in not necessary with the

following Lemma.
Lemma 3.8.1. For any 0, 31, B2, ly, iy, A € Q, we have E(N) € Q and E(W) € Q.

Proof. By Table 3.1, we have:

E(N) = 25+ 125 + 72, 4 125 + K7 (81 + 26)
_ po(1— p1)+p1( —po)  p2(l— pa)ﬂ’s(l p2) % <
= e K (61 +20)
— PoFp1—2p0p1 p2+p3—2p2p3 *
= (A B + K (01 4 26), where
2 A A
pop1 = 2 po+ pr = APz
_ 22 + _ A(B1+B2+0+22+py)
P2P3 = B0+ X)+hr (92>\(+Hv);)r)\(9(g)\+ﬂu)) P21 P3 = By0+0)+5 (MHm%EM@;(A;M))
12 +u _ + + 1o
(1= po)(1 = p1) - 11581 = (1=p)(1-ps) = (9+)\)BQ+)\(92+)\41-NU)+51(9+/\+Nv)

The above identities can be verified from (3.5) and (3.6).

K*, (5A1, and 6, are rational and given in Theorem 3.7.1.

Lastly by Little’s Law [10], we have E(N) = AE(W). O

We chose the following choice of parameters 0, 51, B2, fy, b, A

A=10 6=5
(3.14)
wo =15 pp, =10

158243833 —60082—9081 B2+5782 B2 — 1055241851 85— B3
5(81—2B82—30)(381+B2)(1181+582)

With this choice, we have: E(W) =
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FIGURE 3.2: Plot of E(W) as a function of S.
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3.9 Special cases

We can now recover, as a special case, the stationary distribution of the Chapter 2 model.

Proposition 3.9.1. Let 0 — oo with pup, = p, = p, then (3.10) recovers the stationary
distribution of the model studied in Chapter 2. Consequently, we also get the special cases

of the previous model as follows:
o Let 0 — oo with pup = py = w1, and

1. B1 — oo with 0 < By < oo results in the classical M /M /1 queue.

7 0 < By < oo with fo =0 and pu = Py results in an M /Es/1 queue, where Esy

refers to an 'Erlang’ service time distribution with shape 2 and rate p.

1 0 < 1 < oo with fo = 0 and p > B results inan M/ HE /1 queue, where HE

pbr(e”P1t—e 1)

refers to a hypoexponential service time distribution ~ f(t) = =

[12].

Proof. We obtain the stationary distribution from the previous model by substituting

py = fy = p, computing K, {p;}i—o,1,2,3 and {d;};j—1,2,34, and letting  — co. Namely:
— lim K = B ABatn)
0— 00 1H

: _ A
= Jlim {po, p1, p2, p3} = {po; P1, g 7x- O}

. _ A A
— 911%10{51752753754} - {m70707 PO_PI}
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Care is needed when substituting these values into (3.10) due to indeterminate expression
0° arising from p& and ,0]5*1 terms, leading to three different cases.

k=0

7 = (K,0,0,0)

- eli_)rgjﬂk = K(1,0,0,0)

:913}0 — 91220 { szpg(A;rﬁlJrﬁz)7 Kipaps, K(A+51+,32/\)B(1>\:—51upzp3)’ K(/\2—/\%1upzp3) }
Koo s )

k>2

:>01520 o= K {0’ 0, w1 (B (pﬁ“fp’f)\“)*k(/)é*p'f))”u(gl (Pg _ pllc>
=K10,0, < (pgﬂiﬁflg;z;l/\)(pgipf)’ 21(550,051))}
=K {O’ 0, P’S;;:ﬁ’f“ B 21(550_—;;];1))’ 21((/)50_—,0/)];1))}

We recall that the first two entries in 7y, are from states where J(¢) = 0, i.e., where
the server is undergoing a working vacation (see Definition 3.2.1). By taking 6 — oo, we
take the expected working vacation duration to 0. Thus for k > 1, mrg and 7 are 0. It

is still possible, however, to visit the vacation state (0,0,0) when the queue is empty. [
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Chapter 4

Future Work

The following ideas for future research are intended to outline the relevance and potential
of our queue model when applied to wireless networks. As we have shown in Chapters 2
and 3, we seek to construct queue models with application in mind, but do the construc-
tion and analysis in a general way. It is with this notion that we propose the following

ideas for future work going forward.

4.1 Modified Working Vacations

4.1.1 A Policy-Based Modification with Application

The work of Levy and Yechiali in 1975 [16] sought to model a queue whereby the idle-time
of a server, more commonly referred to as a vacation period, could be utilized for other
purposes. This gave rise to a natural extension known as a working vacation introduced
by Servi and Finn in 2002 [19] where the server is defined to be available during its
vacation period, but at a reduced service rate. In either case, the event responsible for
triggering a vacation period is defined by the existence of an empty queue (i.e. when the
server is idle, it begins a vacation period). This policy is intuitive when using the term

vacation, but a more general interpretation of a working vacation is as follows.

Definition 4.1.1. A working vacation is a period of time triggered by some well defined
event F7, whereby the server is still operational albeit at a reduced rate. The server

returns to a normal service rate when the well defined event E5 occurs.

Under this more general interpretation of a working vacation, we are free to define the

following:

Definition 4.1.2.
Let 1 = {a customer’s service fails}

E5 = {a customer’s service succeeds}

We need only a few non-trivial modifications to the transition rates diagram from Chapter

3 to achieve this.
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FIGURE 4.1: 3D Markovian state transition rates diagram.
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These changes will of course alter our infinitesimal matrix @, but the rest of the

analysis should follow in a similar fashion to that contained in Chapter 3. One possible
application of such a queue would be to an adaptive two-rate wireless network, where
transmission failures (unacknowledged) trigger a reduced encoding rate to be used by
the transmitter until a successful (acknowledged) transmission is observed. Likewise, a
successful transmission (one that is acknowledged) would trigger the faster encoding rate

to be used by the transmitter, repeating the cycle.

n Service Rates

A natural extension to the model proposed in Section 4.1.1 would be to consider n distinct
types of 'vacation’ periods, each with their own distinct service rates. If we then reduce
the rates upon service failure and increase the rates on successful service completion, we
would have a queue model potentially suitable to ieee 802.11bg type wireless networks
where we have one adaptive rate carrier to encode data with. We would also want to
adjust the failure rates associated with each vacation period since the probability to
failure should decrease when the encoding method is slower but simpler. The Positive
Recurrence condition would be of great interest since it could provide great insight into

the proper use cases for various equipment based on the equipment’s specifications.
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4.2 Multiple Servers

4.2.1 Parallel Configuration

The M/M/c model has been studied extensively with some assumptions, see [20], [21],
and [22]. However, if feasible, one might analyze this queue with ¢ parallel servers
and unreliable service in addition to perhaps n service rates, as discussed previously.
Within the context of wireless communications, this can be viewed as a MIMO (Multiple
In/Multiple Out) wireless configuration whereby the transmitter uses spatial multiplexing
(typically orthogonally oriented antennas in a 2x2 design) to establish multiple point to
point data streams on the same channel simultaneously. [23] contains some excellent
ideas on how one might define the workflow of a parallel server configuration, in addition
to some interesting results on the implementation of their model as a CTMP (Continuous

Time Markov Process).

4.2.2 Series Configuration

Within the context of computer networking, the idea of a series m-server configuration
would model the path from point A to B along n individual links. If we then add the
notion of unreliable service, we begin to build the picture of a point to point data stream
over a MESH network, whereby clients are connected by a whole host of access points
(APs) that are then connected to one another. Client A may send data to Client B, but
that data may be transmitted from one AP to another several times before reaching its
final destination. Effectively, MESH networks are a distributed wireless network where
the supporting network (the underlying network which connects individual access points
to one another) is itself wireless. This type of queue is worthy of study based on this

application alone, even though it has been largely overlooked by the literature.

In practice, we could merely add to our Chapter 2 or Chapter 3 model the additional
requirement that service must succeed ¢ times for the customer to be considered served.
At each of the c times of service, separate success and failure rates could be defined to
determine the 'risk’ associated with that service period. The analysis should follow in a

very similar manner to that of our previous work.

4.3 Service and/or Arrivals in Batches

4.3.1 Batch Service

Wireless networks are subject to an interesting conundrum, should you transmit large or

small amounts of data within a single transmission?
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In the case of smaller transmission, the probability of a failed transmission (i.e. the
need of a retransmission) is lower, especially when using CTS/RTS (see [2]). However
due to network overhead that encapsulates the data and the need for each transmission
to be acknowledged, this additional reliability comes at the cost of throughput (see [24]).
In the case of larger transmissions, air time can be preserved due to less overhead and
the need for fewer acknowledgments, granting greater theoretical throughput, but if a
transmission fails, you will need to retransmit the entire frame which can lead to reduced

throughput in some cases.

Therefore, within the ieee 802.11x standard exists a mechanism called frame aggre-
gation whereby 802.11x data frames can be transmitted in batches. It is the decision of

the user to enable or disable frame aggregation within their devices.

In Queue Theory, we refer to this concept of 'frame aggregation’ as service in ’batchs’
or 'bulk’ service and it is well studied (see [25], [26], [27], [28] and [29]). However,
what has not been studied is the real-world trade off in a wireless environment between
longer transmissions (bulk servicing) with a higher probability of failure and shorter
transmissions with a lower probability of failure—this is due to the concept of unreliable

service only now being well defined and studied in this paper.

4.3.2 Batch Arrivals

It seems natural that if wireless devices, specifically ieee 802.11x devices are able to
transmit data in batches, or bulk, then they certainly must be able to receive data in
the same way. Indeed, this is true. However a non-trivial idea must be rationalized in
context before we are allowed to proceed down this seemingly logical path—that is, can

we meaningfully define a queue along the receive, or ingress data path?

We tend to think of queues in a networking environment as they apply to egress, or
uplink, data flows. This is because we can locally decide when to send data, but we
cannot in general decide nor control when we receive or ingress data. Therefore it would
seem meaningless to define a queue along the ingress data path. Indeed, some operating
systems have limitations where interface queues can only be defined for egress (outgoing)
data. For example, in Linux, this limitation is overcome by defining a virtual loopback
interface, forwarding all ingress data to this virtual interface to be egressed out, which,
by definition, then returns the data to the host. The ingress data is then queued or

controlled as it "leaves’ the virtual loopback device as egress data.
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While there is certainly wisdom to idea that only egress data can meaningfully be
queued in the general case, TCP /IP networks are blessed by the congestion control mech-
anisms therein which, in the event that packets (packets are frames at a software level)
are dropped or delivered out of order, can signal to the party or parties who are sending
us data to slow down. In this environment, queues defined along the downlink or ingress
path become meaningful because they can trigger the congestion control mechanisms of
TCP/IP to alter the rate of the ingress data flow to achieve desirable effects. Therefore,
it is natural that if we can meaningfully study batch or bulk service in light of its appli-
cation to ieee 802.11x wireless networks, we can likewise study batch arrivals. For more
details on batch or bulk arrival queues, see [28], [30] and [31].

4.3.3 Batch Service and Arrivals

Even without the above contextual insight into the workings of TCP /IP, we may consider
the case of a wireless router where virtually all data leaving the device also entered the
device. In this case, we may control ingress data by controlling when and how it leaves
the device (i.e. batch or bulk arrivals that feed directly into batch or bulk service). See
[32] and [33] for more details.

4.4 Finite Capacity

The observant reader will note that the contents of this paper have assumed an infinite
capacity queue whereby arrivals are always accepted and the number of customers wait-
ing for service may be unbounded. One area of future research would be to consider
the potentially more realistic case where the queue length is bounded, i.e. the queue’s
capacity is finite. We would need to define a policy by which customers arriving to find
the queue full will be handled.

One such possible policy would be to borrow the notion of an ’orbit’ from customer
retrial queues such as that done by Sherman & Kharoufeh in 2006 [34] to define a policy
whereby customers who find the queue full leave, then after some possibly exponentially

distributed time, return.

Another possible policy would be to drop arrivals who find the queue full. This
policy is perhaps more applicable in some situations. Network queues, for example, drop
data packets / frames if they do not have the capacity to hold them, however TCP/IP
mechanisms guarantee that drop packets / frames will be resent by the originating source.
Therefore, there is an argument to be made for both policy types in the context of

computer networking.
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Appendix

Mathematica Methods

Method #1

Much of this paper was possible due to the algebraic capabilities of Mathematica. We
would like to emphasize that Mathematica was strictly used as a "scratch paper" en-
vironment where potential algebraic manipulations could be observed, done by hand
(using a keyboard), and checked for consistency with a mere press of the Shift+Enter
key combination. This greatly reduced the time necessary to complete the work, reduced

the likelihood of algebraic errors, and allow us to focus our attention on the larger picture.

While we would very much like to include the Mathematica work explicitly, it is sim-
ply too long to feasibly fit on A4 sized paper. To give the reader an impression as to the
amount of Mathematica work that was needed, it is contained in 38 separate Mathematica
notebook files. Each notebook file, if printed to A4 paper by File— Print, contains 8-30
pages worth of trial and error work. We will, however, go over the more general ideas
behind the work by illustrating an example.

Example. We would like to find an expression for (1 — pg)(1 — p1), knowing that

2 A(B1+B2+A
popL = Hj:ﬂl and po + p1 = (B 5;51 Hitp)

We begin with a trivial statement in the Mathematica environment:
In[1]:= Simplify[(1-py) (1-p;)==(1-py) (1-p,)]

Out[1]= True

Next, we attempt to distribute (1 — po)(1 — p1) on the right hand side.
In[2]:= Simplify[(1-py) (1-p;)==1-py=p;+pop;]

Out[2]= True

Notice that the algebra manipulation is done by hand, albeit with a keyboard. We merely
ask Mathematica to verify our results. At this point, we’d like to factor the —pg — p1

expression since one of our identities is given as pg + p1.
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In[3l:= Simplify[(1-py) (1-p;)==1-(py=p1)+pyp1]
Out[3]= p;==0

At this point we see Mathematic reduced the boolean expression lhs == rhs into an
equivalent expression pg == 0. This means that our rhs is conditionally equal to lhs.
Since we merely wanted to factor a negative out of two terms, we should review our work
to see if we made a mistake—and upon closer inspection, we see what our mistake was

and correct it. Note: Ctrl+Z (the undo shortcut) helps greatly when mistakes are made!
In[4]:= Simplify[(1-py) (1-p;)==1-(po+p1)+pop,]
Out[4]= True

We now reach a critical juncture whereby we must decide how to make our substitutions.
Mathematica’s Simplify[] command includes the option to give identities. This is useful

for our purposes.

AO+8,+8,+ A+8,+6,+
In[s]:= Simplify[(1-py) (1-p,)==1-( A+B,+B, Mb))+pop1,{po+p1== A+B1 485+ }]
My B4 MyB4
Out[5]= True
. . A+B1+By+uy,) A? A2
Inf6]:= Simplify[(1-p,) (1-p,)==1-( )+ ,{ ="
Py Po P1 By My B4 PoPs ﬁ;\b& 5.4 ;
P10ty
+p,== 1
PoTP1 )
Out[6]= True
We now see an additive cancellation of the ﬁ term.
- A(B1+By+in,) A2 AO+B,+B,+1,)
In[7]:= Simplify[(1-p,) (1-p,)==1-——""——"— == s PP, == }
plily Po P1 1151 PoP1 1051 Po*P1 1.5y

Out[7]= True

Next, we add the terms on right hand side with a common denominator, then re-associate.

-A)-\ 22 A\
In[8]:= Simplify[(1—po)(1-p1)==ﬁ1('ub YA Bytiny) s 1pop1==—7>PotpP1== ( +,[;1+ﬁ,32+llb)
vP1

s H
ppBy ppBy

Out[8]= True

Alas! We find an expression for (1 — pg)(1 — p1)! The observant reader may recall that
po and p; are conjugate pairs, so there are certainly other ways to compute an expression
for (1 —po)(1 — p1). However, the purpose of this illustration was to demonstrate that

the actual mathematics was first observed by human intuition then implemented by hand
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(with a keyboard). The results were merely verified at each step by Mathematica. In the
context of this paper, it is clear how this environment allows for substitution ideas to be
attempted on very complicated expressions in a timely manner and without error, until

a desired equivalent expression is found.

Method #2

There is another method by which the computational power of Mathematica can be used
to our advantage. This method proved to be exceptionally useful when we found the
P.G.F. of N in Chapter 3 given in the proof of Theorem 3.7.1 as:

1—po 1—p1 1—pa 1—p3 ~ & o,
= K*(dp+ 0 1)
In () L—pozl—p1z1—przl—p3z (0+ 1 QZ)
After computing the P.G.F. by definition, we found after many substitutions and simpli-
fications that we had what appeared to be a non-zero coefficient of z3. To be consistent

with the notation of Theorem 3.7.1, lets call that coefficient 6A3

5, = Mpopr (A= (95 = 04) (po = p1)) (9205 = 015) = B (923 — 173))

9 ¢ 9
s + twpop1 (53/)2 54P3)

However, we found that this coefficient of 22 was actually 0 by using the /. operator in
Mathematica to 'plug in’ the definitions of our variables which we have stored in lists. We
did this out of curiosity for all constants {5,}?:1 For every i = 1,2, 3, we were pleasantly

surprised by the results, but the result for ¢ = 3 in particular was extremely useful.

/\p,bpopl ((A-(3-64) (po-pl) ) (52p§-51p§) ‘,31 (62p§—61p§) )

P2P3
+1,popy (03p3-04p3) / .01—deltal[[1]1]/.5,—delta[[2]]

/.03—deltal[[3]11/.04—deltal[4]1]1/.py—rho[[1]]
/.py—rho[[2]11/.p,—rho[[3]]/.p;—rho[[4]1]]

In[9]:= Simplify[

Out[9]= O
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