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ABSTRACT

Qi Gong: Three Stochastic Models for Order Book Dynamics
(Under the direction of Vidyadhar Kulkarni)

In this dissertation, we study three stochastic models for order book dynamics. We
first consider a double-ended queue with renewal arrivals where buyers and sellers arrive
to conduct trades. Because the analytical results of the limiting behavior of the double
ended queue is intractable except in very special cases, we apply the diffusion approximation
method. We find that the queue length process of the double-ended queue converges to
an asymmetric Ornstein-Uhlenbeck process with drift. We use simulation to evaluate the
goodness of our approximations.

Next we consider the double-ended queue where the arrival processes of the buyers and
sellers are state-dependent. We assume that traders arrive at the queue according to a phase-
type renewal process (PH-renewal process), and an arriving trader is a buyer or a seller
according to state-dependent probabilities. We derive an explicit algorithm to compute the
limiting distribution of this double-ended queue. We study two special cases with Erlang
and Hyper-exponential inter-arrival times. The goodness of the algorithm is validated by
simulation.

Finally, we study a stochastic model of an order book describing the movement of the
market ask and market bid prices. As soon as the market bid price matches the market ask
price, a trade occurs. Consequently the market ask and bid prices separate and start a new
movement. We use the moment estimation method to estimate the parameters of the model,
and apply this model to the real data. One application of this model is forecasting, in which

the performance is validated by numerical examples.
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CHAPTER 1

Introduction

The main trading problem in the financial market is matching compatible traders. Traders
offer bid prices to buy and ask prices to sell. The orders are maintained in an order book and
executed by using an execution system. The highest bid price on the order book is called
the market bid price, and lowest ask price is called the market ask price. When the market
ask price matches the market bid price, a trade occurs, and the market ask and bid prices

change to reflect this trade.

Traditional studies of this mechanisms were based on quote-driven markets, where a
market maker or dealer centralizes the orders. However, with the development of Electronic
Communications Networks (ECN), more and more market participants use the alternative
order-driven trading systems. In these electronic platforms, the information of all outstand-
ing limit orders in a limit order book is available to the market participants and the market
orders are executed against the market prices. Currently many exchanges such as the NYSE,
Nasdaq, the Tokyo Stock Exchange and the London Stock Exchange provide electronic order-
driven platforms. Because of the popularity of ECN and the availability of data, stochastic

models are increasingly used to model the order-driven markets.

The dynamic models of the order book have been studied extensively in the microstruc-
ture literature. Cohen (1981)[6] and Parlour (1998)[26] studied a dynamic programming
model that describe the behavior of single trader with multiple period. Foucault (1999)

[14] modified the model with non-fixed ask and bid price. Besides, many researchers used



queueing models to describe the dynamics of limit order book. Garman (1976)[15] modeled
the limit order book as CTMC (Continuous Time Markov Chain) and derived its balance
equations. The CTMC is positive recurrent, however the limiting behavior is hard to find.
Cont (2010) [10] considered the arrival rate of orders dependent on current market price,
which make the analysis more intractable. Cont (2011) [8] proposed a model for the dynam-
ics of a limit order book in a liquid market where buy and sell orders are submitted at high
frequency. Subsequently Cont (2013) [9] derived a stochastic model for the dynamics of a
limit order book including arrivals of market orders, limit orders, and order cancelations.
Luckock (2003)[24] constructed a model similar to Garman’s model and studied the limit-
ing distribution of order book. Compared with two-sided model of order book, one-sided
model is more analytically tractable, see Kleinrock (1967)[21], Seppi (1997)[32] and Rocsu

(2009)[31]. However, one-sided models lack applicability.

At the level of applications, number of models provide a quantitative framework to help
market participants optimize their trade execution strategies, such as Domowitz (1994)[12],
Bertsimas (1998)[2], Alfonsi (2007)[1]. Besides, some researchers provide statistical view and
empirical methods to study the order book, such as Bouchaud (2002)[4], Hollifield (2004)[16]
and Farmer (2004)[13].

In the study of the order book dynamics, we aim to consider a limit order book with
finite number of trading prices which is similar to Garman’s model. Under this situation
we find that the order book dynamic forms a multidimensional double-sided queue with
dynamic priorities. Although this queue can be described by a CTMC (continuous time
Markov chain), its analytical exploration is intractable. Therefore, we reduce the dimension
of the queue to be one. Thus this queueing process becomes a one-dimensional double-ended

queue with two arrival streams—sellers and buyers.



When the arrival process of the double-ended queue is a Poisson process, there are many
existing methods to deal with the analysis of the queueing process. In this thesis, we consider
the arrival processes of the double-ended queue to be general renewal processes. In chapter 2,
we consider a double-ended queueing system with two independent renewal arrival streams.
Whenever there is a pair of customers from both arrival streams, they immediately depart
together, and so there cannot exist nonzero customers from both arrival streams simultane-
ously. We further assume that traders are impatient, that is, if they do not see a matching
trader within a trader-specific random time (called the trader’s patience time) they leave
without completing the trade. By applying the diffusion approximation method, we find that
the queue length process of the double-ended queue converges to an asymmetric Ornstein-
Uhlenbeck process with drift. The goodness of the approximation is tested by numerical

examples.

In chapter 3, we study this double-ended queue with state-dependent arrival mechanism.
This extra assumption makes the double-ended queue more realistic. We assume the arrival
process of traders is a phase-type renewal process (that is, the inter-arrival time follows a
phase-type distribution), and an arriving trader is a buyer or a seller with state-dependent
probabilities. We derive an algorithm for the limiting distribution of this double-ended
queue, and obtain the explicit formula of limiting distribution for two special inter-arrival
distribution—Erlang distribution and hyper-exponential distribution. We also derive several

performance measures and analyze the goodness of our method through numerical examples.

In chapter 4, we build a stochastic model focusing on the market ask price and the
market bid price. Because of the new arrivals and reneging (that is, traders leaving the
market without trading) of traders, the market bid and ask prices can move upwards and
downwards. Immediately after the trade the market bid price moves down the the new

largest bid price, while the market ask price moves up to the new smallest ask price. We



use two independent geometric Brownian motions (GBM) to describe the movement of the
market ask and bid prices. From the model we study the inter-trading times and the trading
prices, and obtain the explicit estimators of each parameter of our model. Finally we derive
a simple forecasting formula by applying this model. The performance of the forecasting is

validated through numerical examples.

We present relevant literature review in each chapter separately.



CHAPTER 2
The Diffusion Model for a Double-ended Queue with Renewal Arrival Processes

2.1 Introduction

We consider a double-ended queueing system which consists of two independent renewal
arrival streams. Whenever there is a pair of customers from both arrival streams, they
immediately depart together, and so there cannot exist nonzero customers from both arrival
streams simultaneously (see Figure 2.1). We further assume that traders are impatient, that
is, if they do not see a matching trader within a trader-specific random time (called the

trader’s patience time) they leave without completing the trade.

Such double-ended queues arise in many applications, such as taxi-service system, buyers
and sellers in a common market, assembly systems, organ transplant systems, to name a
few. The first work on double-ended queue was by Kashyap [19] for a taxi service example.
Kashyap considers the taxi queueing system as a double-ended queue with limited waiting
space. Under the assumptions that arrival processes of taxies and passengers are Poisson
processes, he derives the analytical results about the steady state distribution of the system
state. Conolly et al. [7] study the effect of impatient behavior primarily in the context
of double-ended queues under the assumption of Poisson arrivals and exponential patience
times. Researchers also find many other practical applications of the double-ended queues,
such as networks with synchronization nodes (Prabhakar et al. [28]), and perishable inven-
tory system (Perry et al. [27]). When renewal arrivals are considered, the explicit form of the

stationary distribution becomes intractable. Degirmenci [11] studies the asymptotic behav-



ior of the stationary distribution of the double-ended queue using algebraic approximation
methods. Several researchers study the double-ended queue using simulation methods, see

Zenios [34] and Kim et al. [20].

The rest of the this chapter is organized as follows. In the next section we present the
model of the double-ended queue with renewal arrivals and introduce the relevant notation.
In Section 2.3 we collect the results about the special case when the renewal processes are
Poisson. Some of these results are known, while some are new. We use these results to
approximate the renewal case by replacing the renewal arrivals by Poisson arrivals in Section
2.5. In Section 2.4 we study the fluid and diffusion approximations for the queue length
process. (See Kushner [23] for comprehensive references about diffusion approximations).
Under suitable conditions (Assumptions 2.4.1 and 2.4.2), the fluid limit satisfies the ODE
(2.4.6), and the diffusion limit is given by the SDE (2.4.22). We provide the exact solution
to the ODE, and study the moments and stationary distribution of the SDE. We also remark
on the connections between the fluid and diffusion approximations and the special case in

Section 2.3.

Finally we study a numerical example in Section 2.5, and compare goodness of the two
approximations: the Poisson approximation, and the diffusion approximation. We make

comments on extensions of the model in Section 2.6.

We use the following notation. Denote by R, R,, N, and Z the sets of real numbers,
nonnegative real numbers, integers, and positive integers, respectively. For a real number a,
define a™ = max{a,0} and a~ = max{0, —a}. Similarly, for a real function defined on [0, 00),
define for ¢ € [0,00), fT(t) = max{0, f(¢)} and f~(¢) = max{0, —f(¢)}. Let a and b be two
nonnegative real numbers. We use a > b to denote that a is much larger than 0. For c € R,

denote by |c]| the largest integer less than or equal to c. Denote by C2(R) and D([0,00), R)



the space of twice differentiable real-valued functions with compact support and the space of
right continuous functions with left limits defined from [0, c0) to R with the usual Skorohod
topology. For semimartingales X, Y € D([0,00) : R), we denote by [X,Y] the quadratic

covariation of X and Y. For x € D(]0,),R), for t € [0, 00), let

[z[ls = sup |z(s)|.
s€[0,t]

A mapping F' : D([0,00),R) — D(]0,00),R) is called Lipschitz continuous if for any t €

[0, 00), there exists k € (0,00) such that for z1, x5 € D([0, 00), R),
[F (1) = Fa2)lle < wlley — 2o

Finally, normal distribution with mean p and variance o2 is denoted by N(u,0?), and its

density and distribution function are denoted by by ¢(+; p, 0%) and ®(-; u, 0%), respectively.

2.2 Model Formulation

Consider a trading market where the sellers and buyers arrive according to independent
renewal processes. When a seller is matched with a buyer, a trade occurs and they both leave
the queue. The trading follows according to first-come-first-served principle. If an arriving
seller (buyer) cannot be matched with a buyer (seller), he/she will stay in the queue and
wait for the upcoming buyers (sellers). Thus there cannot be non-zero number of buyers
and sellers simultaneously in the system. We also assume that each seller (buyer) can leave
the queue without trading because of impatience. The patience time of each seller (buyer)
follows an exponential distribution with rate € (7). The patience times of the buyers and
sellers are independent of each other. A queueing system forms a double-ended queue is
schematically shown in Figure 2.1. Let X(¢) be the length of the double-ended queue at
time ¢. We note that X (¢t) € Z. If X(t) > 0, there are X (¢) sellers waiting in the queue, and

if X(t) <0, there are —X (¢) buyers waiting in the queue.
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Figure 2.1: Double-ended Queue

Let (2, F,P,{F:}i+>0) be a filtered probability space satisfying the usual conditions. All
the random variables and stochastic processes are assumed to be defined on this space.
We assume the inter-arrival times for sellers and buyers are independent sequences of i.i.d.
random variables {U(k) : k € N} and {V (k) : k € N}, respectively. The random variable
U(1) has mean 1/« and standard deviation o, and V(1) has mean 1/ and standard deviation

¢. Define

N, (t) :max{k: > U(i) < t},
Np(t) = max {k ; iV(Z) < t} .

The renewal processes N, and N, can be interpreted as the arrival processes for buyers and
seller, respectively. As mentioned before, the patience time of each seller (buyer) follows
an exponential distribution with rate 6 (y). Let Ng. and N, be two independent unit-rate
Poisson processes, which are independent of Ny and NV,. Then we have the following evolution

equation for X (¢): For t > 0,

X(t) = X(0) + Nu(t) = Ny(t) = N, (9 /Ot X*(s)ds) + N, (v /OtX(s)ds> C221)

where X (0) denotes the initial number of sellers or buyers in the system, which is assumed

to be independent of Ny, Ny, N, and Ny,.



2.3 Special Case: Poisson Arrivals

When the arrival processes are Poisson, it is easy to see that {X (¢),¢ > 0} is a birth and
death process on Z with birth parameters \; = o + i~ and death parameters p; = 3+ 176

for i € Z. Using the standard theory (see Kulkarni [22]), we see that this birth and death
process is:

e positive recurrent, if 6 > 0 and v > 0;

e null recurrent, if 6 =y =0 and a = [,

e transient, if § = v =0 and a # S.

In the analysis, we assume # > 0 and v > 0. Therefore, this CTMC has a unique limiting
distribution. Let {m;, ¢ € Z} denote the limiting distribution of X. Using the standard

theory of birth and death processes we see that the limiting distribution is given by:

%

7r,~ — m, i=1,2,- (2.3.1)

[1(B+30)

j=1
T = = T, 1 =1,2,--- (2.3.2)

[T (a+357)

j=1

—1
o 1y ——° +y - g (2.3.3)
=1 H1 (B+350) = -H1 (a+j7)
J= J=



Now we consider the first two moments of X (¢). Define

Clearly, m(t) = my(t) — m_(t) and s(t) = s4(t) + s_(t). We also note that in general
my(t) # m*(t), m_(t) # m~(t), and so |m(t)| # my(t) + m_(t). The next theorem gives

our main result in this section.

Theorem 2.3.1. Assume that X(0) has finite first two moments. Then the moment func-

tions m(t) and s(t) satisfy the following differential equations. Fort > 0,

W) _ (0~ 8) — b (8) + 9m_(0) (23.4)
and
d‘;f) = —20s (t) — 2ys_(t) + (2a — 28+ 0)my () + (=20 + 28+ y)m_(t) + a+ 5, (2.3.5)

with initial conditions m(0) = E(X(0)) and s(0) = E(X(0)?).

Proof. We first consider m(t) = E(X (¢)). Taking expectation of equation (2.2.1), we get

m(t) =m(0) + at — ft — 0/0 my(s)ds + 7/0 m_(s)ds.

Taking derivative on both sides of above equation we get equation (2.3.4).

10



Next we consider the second moment of X (¢). Using the infinitesimal analysis, for a small

h >0, we get,

(X()+1)?%, wp. (a+vX" () h+o(h)
X(t+h)?=q X(1), wp. (1—a—~7X"(t)— B —0X* () h+o(h)
(X(t)—1?%, wp. (B+0XH(t)h+o(h).

Therefore,
E(X(t+h)?X(1) = X(@t)P*+2X({t) (a—B—0XT({t)+1X (1)) h
+ (a4 B4+ 0XT(t) +vX () h+ o(h).
Since X () = X*(t) — X~ (t), we have
E(X(t+h)*X(t) = X(t)* —20XT(t)%h — 29X~ (1)*h + (2a — 26 + ) X T (t)h

+(—2a + 28 +9) X~ (t)h + ah + Bh + o(h).

Taking expectation on both sides of above equation, we get

SUHM) =) ops () — 295 () + (20 — 28+ O)m (1)

h
+H(—20+ 28 +y)m_(t)+a+ B+ ﬁf?).
Taking limit A — 0, the equation (2.3.5) follows. [
Remark 2.3.1. If § = v, we can further simplify (2.3.4) as follows:
dr;z_t(t) = (o — B) — Om(t), and m(0) = E(X(0)) (2.3.6)
which immediately yields
m(t) = <m(0) _— ; 5) e 4 & ; b, (2.3.7)

11



Also (2.3.5) can be simplified and we have that

d:;_(;) = —20s(t) + (2ac — 28)m(t) + 0 (my(t) + m_(t)) + a+ 5

> —20s(t) + (2a — 28)m(t) + 0|m(t)| + a + S.
Consider the following ODE

ds(t)
dt

= —205(t) + (2a — 28)m(t) + 0|m(t)| + a + B, and §(0) = s(0).
We have that
s(t) > 5(t), t € [0,00).

Using (2.4.16) to solve the ODE in (2.3.8) and, we have that

2
s (552 2l

(2.3.8)

(2.3.9)

(2.3.10)

In the following proposition, we study the first moment function m(t) when 6 # ~. We

provide a feasible region for the stationary first moment.

Proposition 2.3.1.

(1) When a > 3 and 0 <y, we have

< liminf m(t) < limsupm(t) < min

t—ro0 t—00

a—f a—f  (y=0) a—F  (y—0)«
. {9 i af b }

Oy g
(ii) When o > 8 and 6 > ~, we have

a—pF (y=0) a—3 (v—0)«
max{9+ 9v’7+ 97}

t—o0 t—00

(i1i) When o < 8 and 0 <y, we have

< liminf m(t) < limsupm(t) < min

< liminfm(t) < limsupm(t) <

a—p
0

Oy Y

Y t—00 t—o0

12
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(iv) When o < 8 and 0 > v, we have

max{a—ﬁ (7_9)5’a—5+(’y—@)a} a-p

+ < liminf m(¢) < limsupm/(t) <
0 Oy gl Oy < limfm(f) < i ) < gl

Proof. We first show (i) and (iii). We note that
W (t) = — B — B (£) + ym_(1)
=a—[F—=0m(t)+(y—0)m_(1)
> a— [ —0m(t).
Consider the following ODE
m'(t) = a— B —0m(t)

with initial distribution m(0) = m(0). Then we have

liminf m(t) > lim m(t) = “- 6.

t—o0 t—o0 Q

(2.3.11)

We next observe that m_(f) can be bounded above by the expected queue length in an

M /M /oo queue with arrival rate 5 and service rate v. Hence

B

m_(t) <m_(0)e " + 5

(1 - e—Wt)’
and so

m'(t) <a—pB—0mt)+ (v — 0)m_(0)e " + W(l —e ).
Consider now the ODE

(v—=0)p

m'(t) =a—B—0m(t)+ (y—0)m_(0)e " + >

(1—e7)

with initial condition 7(0) = m(0). Thus we have

limsupm(t) < tlim m(t) = + (2.3.12)
—00

t—o00 9 (9"}/

13



We note that there is an alternative estimate for m(¢). In fact, we have that

() = a — B —ymlt) + (v — O)ma(t) > a— B — ym (2),
and

(1) = =8 —ym(t)+ (- Ohm (1) < a—f—ym(t)+ (y—Oym O)e~ "+ T4 _ o)

Thus we have

=8 fiminfm(t) < lmsupm(t) < 2—5 + =0 (2.3.13)
gl t—o0 t—00 gl 0y

Combining (2.3.11) - (2.3.13), we show (i) and (iii). The results in (ii) and (iv) follow

similarly. [
Remark 2.3.2. In Proposition 2.3.1, if

o — B >>max{|7 _79|B, ’7_9’0‘}, (2.3.14)

0

then when a > 8 (see (i) and (ii)),

lim m(t) ~ a—Pp

t—o0 0 ’

and when a < f (see (iii) and (iv)),

lim m(t) ~ a- 6.
t—00 Y

2.4 Fluid and Diffusion Approximations

In this section we establish fluid and diffusion approximations for the double-ended queue

under appropriate conditions (see Assumptions 2.4.1 and 2.4.2). To describe the asymptotic

14



region where such an approximation is valid, we consider a sequence of double-ended queues
indexed by n € N. For the n-th system, all the notation introduced in Section 4.2 is carried
forward except that we append a superscript n to all quantities to indicate the dependence
of parameters, random variables, and stochastic processes on n. In particular, on the space
Q™ Fr, P {F}i>0), {U"(k) : k € N} and {V"(k) : k € N} are the interarrival times,
N7 and Ny are the arrival processes, " and 7" are the reneging rates, and N[. and N;.
are the unit-rate Poisson processes used to formulate the reneging processes. Also 1/a™, "
and 1/6",¢" are the means and standard deviations for the inter-arrival times of sellers and
buyers, respectively. The expectation operator with respect to P™ will be denoted by E",
but frequently we will suppress n from the notation. We further assume the following strict

positivity and uniform integrability on {U"(1) : n € N} and {V"™(1) : n € N}.
P*(U™(1) > 0) =P(V"(1) > 0) =1 for all n € N. (2.4.1)

{(U™(1))? : n € N} and {(V"(1))? : n € N} are uniformly integrable. (2.4.2)
Finally, the queue length process X™ can be described as follows:

Fort > 0,

t t
X"(t) = X"(0)+N (t)—Ny;'(t)— N2 (9"/ X”’+(s)ds) + Ny, (fy"/ X"7_(s)ds) . (2.4.3)
0 0
The following assumption describes the asymptotic regime of the parameters.

Assumption 2.4.1.
(i) There ezist o, 5,0, € (0,00) such that
a"—a, "= 6, 0" =0, " =g
(ii) For 0,~ € (0,00), we have that

nd" — 0, ny" — 7.

15



2.4.1 Fluid approximation

We begin by defining the fluid scaled processes. Loosely speaking, we accelerate time by

factor n and scale down the queue size by the same factor n. More precisely, for t > 0, define

(1) = X"ént), No(#) = N;Zint), N () = Ng;gn)7 N(t) = N%Ent)a N (t) = N’Zém)-
(2.4.4)

Recall that for a stochastic process {Y (t),t > 0},
IV, = sup [Y(u)], t €0,00).
0<u<t

We first establish an asymptotic limit of X™ as n — oo in Theorem 2.4.1. The solution of

the fluid limit equation is then given in Proposition 2.4.1.

Theorem 2.4.1. Assume that for some zy € R, E|X™(0) — 29| — 0 as n — oo, and

Assumption 2.4.1 holds. Then we have that fort € [0, 00),
E (| X" —z|;) =0, asn— oo, (2.4.5)
where x is the solution of the following integral equation

z(t) =z + (a — B)t + /0 (=0T (s) + vz~ (s)) ds. (2.4.6)

Proof. We note from (2.4.3) that for ¢ > 0,

X(t) = X(0) + N(t) — NP (t) — N© (nQ" /0 t X”’*(s)ds) + A (mn /O t X"’(s)ds) |

For t € [0,00), let N™(t) = NI(t) + Nj.(t) and O"(t) = |[NI(t) — a"t — NP(t) + "]
Then we have that

[X"(B)] < [X"(E) = (N(t) — ot = Ny (t) + "t)| + O"(t)

< |X™M0)| + |a™ — B"|t + O™(t) + n ' N" (nQ(V" + 6”)/0 |X”(u)|du) :

16



Define for t € [0, 00),
YR(8) = |X7(0)] + o™ — 7t + O°(t) + = N (nw o [ Y”(s)ds) |
0
Then
X" (1) < Y™(t), t €]0,00).

Noting that N™, O™ and X™(0) are mutually independent, we see that

M"™(t) :==Y"(t) — X™(0) — o™ — ™|t — O"(t) — 2n(y" + 6") /Ot Y"™(s)ds

is a {F;'} martingale. Using Ito’s formula, we have that
¢
(Y"(t) = O"(1)) exp{=2n(y" + ")t} = |z"(0)] + / exp{—=2n(7" 4 0")s}dM" (s)
0

¢ t
+/ 2n(y" + 0") exp{—2n(y" + 0")s}O"(s)ds + |a" — " / exp{—2n(y" + 0")s}ds,
0 0

and so
(Y”(t) + %) exp{—2n(y" + ")t} — (|X”(0)| + %)
= /0 exp{—2n(y" + 0")s}dO"(s) + /0 exp{—2n(y" +0")s}dM"(s). (2.4.7)

We observe that from the functional law of large numbers for renewal processes, O™ = 0
as n — 0o, and from the continuous mapping theorem, [|O"|| = 0 as n — oo. For t € [0, 00),

we have the following claim:

{N?(t) : n € N} and {N*(t) : n € N} are uniformly integrable.

(2.4.8)
{I|O"||+ : n € N} is uniformly integrable.
(We show the claim at the end of this proof.) Thus we conclude that for 7" € [0, 00),
E ( sup O"(t)) — 0, asn — oo. (2.4.9)
0<t<T
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We next note that from (2.4.7) and (2.4.9), for any ¢ € [0, 00),

n o — B o= 6
E(Y"(t)) — (xo + 20+ 0)> exp{2(y + 0)t} — 21 0) as n — oo. (2.4.10)

From Doob’s inequality and (2.4.10), for any T € [0, c0),
2 T
E ( sup ) <A4E (/ exp{—2n(y" + 9")5}dM”(s))
0<t<T 0
T
—4E ( | et=antrn + or)spaa, M%) < (M7, M)
0

:4n4E(N”Qfﬁ”+WﬂATY%Q%)>:%ﬂAUw"+anATEOm@»%

— 0, asn — oo.

2

/0 exp{—2n(y" + 6")s}dM"(s)

(2.4.11)

Now from (2.4.7), (2.4.9), and (2.4.11), for any T" € [0, c0),

= (g [0 = | (0 56557 e+ o = 57705 )

2(y+0)
gIE(#zE}‘Y”@)—-{<A7%0)+—§g%%;£%;j)emp{2n0wﬁ+9”ﬁ}—-§kz13f§jj}’)-+0(D

n(y" + 6"
< exp{2n(y" +6")T}E ( sup /0 exp{—2n(y" + 9”)5}610”(5))

(. )+ o)

+exp{2n(y" + 6")T}E ( sup

0<t<T

/Ot exp{—2n(y" + 0" )u}dM"(u)

— 0, asn — oo. (2.4.12)
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We next observe that

[ X"(t) — (1)
< |X™(0) = @o| + [N (£) — ot = Ny'(s) + 57|

t t
+ |NZ. (n@”/ )_(”’+(s)ds> —n@"/ X" (s)ds
+ Nbr<n'y /X" )—n7 /X"_

+|n /X’“r Yds — 6 /X"Jr Yds| + |ny /X" s)ds — /X"_( )ds

+ 9/0 X”’+(s)ds—9/0 x" + ‘7/0 X"’_(s)ds—fy/o x(s)ds
< |X™(0) — zo| + O™(t)

|y (nen / Xk (s ) 7
+ | (m / X (s)ds ) g /Ot)_(”’(s)ds

t
+ (8" = 0]+ oy = 4)) [ ¥7(5)ds
0

—l—(6’+7)/0 | X"(s) — z(s)| ds.

Gronwall’s inequality yields that

e (sup 1)~ 2(0)]) < B (1X7(0) | + sup 0°()

0<t<T 0<t<T

t ¢
+ sup |NZ (n@”/ X”’+(s)ds) —n@"/ X" (s)ds
0<i<T 0 0
+ sup |Ng. (nv”/ X”’_(s)ds) —nv"/ X™7(s)ds
0<t<T 0 0

T
+ (|n6™ = 0| + |ny" — 'y])/ Y”(s)ds) el0+T
0
(2.4.13)

Let 7"(t) = fg Y™(s)ds, and then from (2.4.12), for any T" € [0, 00),

(o (oo ) 20000 ] o
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We then note that

t t
E ( sup |N™. (n@”/ X"’*(s)ds) — n@”/ X"™F(s)ds ) <E < sup ’ — t‘) .
0<t<T 0 0 0<t<nfnr (T

For t € [0,00), let N%°(t) = N (t) — t. Using functional law of large numbers for Poisson

processes, we have that N™¢ = 0 as n — oo. Now from continuous mapping theorem, we
have that || N™|| = 0 as n — co. Noting that nf"7" converges to a finite limit in probability
as n — oo, and using the random change of time theorem (see Section 3.14 in Billingsley
[3]), we have that

| N2 pgnrn = 0, as n — oo,

Finally, we show the uniform integrability of ||V, 2l ngnrn(ry for each fixed T' € [0,00). In

fact, we have that for T' € [0, 00),

2
E(|| Nz llngnrn(r) ) =E< sup \ —f\>
0<t<ngnrn(T

< 2E (N7 (n0"7"(T)))* + 2E(n6"7"(T))*

< 2n°E (N” (n2(9" + ™) /0 ' Y”(s)ds) — 20" +~") /0 ' Y”(s)ds)

+2[(n0")* + (n6" +ny")’JE(T"(T))*

2

= 2E(M™(T))? + 2[(n6")? + (n" + ny")*|E(7"(T))
= 2E([M", M"]r) + 2[(n6")* + (n" + ny")*|JE(7"(T))* < o0,

uniformly on n € N. Thus we have that for T' € [0, c0),

E < sup ‘ - t|> E(| N2 ngnrn(ry) = 0, as n — oo,

0<t<nonrn (T

and so

E ( sup
0<t<T

¢ ¢
NI (né’"/ X”’+(s)ds> - n@"/ X" (s)ds
0 0

20
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Similarly, we have that

t t
E < sup | Ny (nH"/ X”’_(s)ds) - nv"/ X™(s)ds
0<t<T 0 0

Applying (2.4.9), (2.4.14), (2.4.15), and the convergence ny" — v,n" — 6 to (2.4.13),

> — 0, asn—o0. (24.15)

(2.4.5) follows immediately. We now show the claim (2.4.8). We first note from Lemma 4.2

in Budhiraja and Ghosh [5], there exist €,6 € (0, 1) such that

inf P(U"(1) > 9) > e. (2.4.16)

neN

Fix t € (0,00). Following the proof of Theorem 1.1 in Sigman [33], define new interarrival

times which are given as follows: For i € N,
U™(i) = 6Lqun(i)>s)-

We observe that the new arrivals can only occur at the deterministic times {0k : & € NU{0}}.
Let Cy denote the number of arrivals at time dk. Then {C} : k € N} are i.i.d. random
variables with geometric distribution with success probability p™ = P(U™(1) > ¢). Defining
the new renewal process N7 by using the new interarrival times {U"(i) : i € N}, we then

note that for ¢ € [0, 00),

(/9]

N2(t) < NJ(t) <) Gy
k=1

Finally, we have that for = € [0, c0),
i mt/s]\ 2 [t /3] [nt/3] 2
E(N(t))? <n’E Z Cv | =n?*Var Z Ce | +n2 |E Z Ck
k=1 k=1 k=1
1—p" 1—p" 2
=n"?[nt/6 +n? nt52< ) < 00,
[nt/d] )2 ([nt/d]) p

uniformly on n € N on noting that inf, p® > ¢ > 0. This shows {N"(t) : n € N} is
uniformly integrable. Similarly, we have {N*(t) : n € N} is uniformly integrable. The claim

follows. L
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Proposition 2.4.1. Consider the integral equation in (2.4.6).

(1) If « > B and xy > 0, then

x(t) = (xg - a;ﬁ) e % 4 #, t € [0,00).

(i) If « > B and xo < 0, then

where

t, = 7_1 log (—Oz —aﬁ_—ﬁ’yl‘o) )

(i1i) If o < B and xy <0, then

where

Proof. We first show (i) and (ii). Assume a > . We consider the following three situations.

(a) Let xy > 0. Define 7 = inf{t > 0 : (t) < 0}. Then for t € [0, 7), we have z(¢) > 0, and

SO

() = 20+ (0 — B)t — /0 o(s)ds. (2.4.17)
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Solving the above equation, we have for ¢t € [0, 77),

() = (xo - 5 5) et + 2 5 b (2.4.18)

If 7 < oo, then (7)) = limyy,, z(t) > 0, which contradicts the definition of 71. Thus 7 = oo,

and so equation (2.4.18) holds for all ¢ € [0, c0).

(b) Let xy = 0. We first assume « > 8 and note that
2(0)=a—8—0x +yzg =a—>0.

So there exists 75 > 0 such that x(t) > 0 for t € (0, 72]. Define Z(t) = z(t + 72), t € [0, 00).

Then we have for ¢ € [0, 00),

z(t) =2(0) + (o — P)t +/O —07 (s) + 2~ (s)ds.

Noting that Z(0) = z(7y) > 0, and using the result in Part (a), we obtain that Z(¢) > 0 for
all t € (0,00). Thus z(t) > 0 for all ¢t € [0,00), and so equations (2.4.17) and (2.4.18) hold

for all t € [0,00). If @ = 3, then
x(t) =0 for all t € [0, 00). (2.4.19)

Otherwise, if (2.4.19) fails, then there exists 0 < t; < ty < oo such that z(t;) = 0 and
x(s) > 0 (or z(s) < 0) for all s € (t1,t2]. Without loss of generality, we assume z(s) > 0 for
s € (ty,ts]. Then for z € (1, 1s],
x(s) = x(t1) — 9/ z(u)du = —«9/ z(u)du = 0,
t1 t1

which is a contradiction.
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(c) Let zy < 0. We note that
2(0) =a—f—0zf +yz5y =a——7x9 > 0.
Let 73 = inf{t > 0 : 2(¢) > 0}. Then for ¢ € [0, 73],

o) =+ (o= D=7 [ alo)ds,

and so

w(t) = <x0 - #) e + O‘T_ﬁ (2.4.20)

From the fact that z(r3) = 0, we have

T3 =7 "log (%) € (0,00).

Define #(t) = z(t + 73),t € [0,00). We have for ¢ € [0, c0),

z(t) = 2(0) + (v — B)t +/0 (—02"(s) + 2~ (s)) ds.

Noting that #(0) = z(73) = 0, and using the result in Part (b), we know that Z(¢) > 0 for
all t € [0,00). Hence z(t) > 0 for all x € [r3,00), and equations (2.4.17) and (2.4.18) hold
for ¢ € [13,00). Combining this with (2.4.20), we obtain that

<$0 - o‘q{;ﬂ> e + QT_B, t € [0, 73],
x(t) =

O‘Tﬁﬁ(l—e”t), t € [13,00).

At last, letting y(t) = —xz(t) and using the results in (i) and (ii), the results in (iii) and

(iv) follow immediately. |

Remark 2.4.1. We note that when 6 = ~, the fluid equation is the same as the ODE for

m(t) in Section 2.3 (see (2.3.6)). However, when 6 # 7, noting that m4 (¢) # m™(t) and
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m_(t) # m~(t) in general, the fluid equation doesn’t match the ODE for m(t). Nevertheless,

we note that

_ b a>p,
lim z(t) =

t—00 a—B
Ta O[<B,

and hence, under the condition (2.3.14), lim; . x(t) & lim;_o m(¢). W

2.4.2 Diffusion approximation

In this subsection, we consider the diffusion approximation and define the diffusion scaled
processes. We accelerate time by the same factor n and scale down the queue size by factor

v/n. To be precise, for t > 0, define

5 X"(nt) <, NM(nt) —na”t . NJ'(nt) — np"t

X(t) = , VI (1) = , V(1) = ,

. ant) —nt . ﬂ(nt) —nt v (2421)
A (e) = Mol =t gy Nip(nt) = nt

N Vn
We next introduce the following “heavy traffic” condition on parameters o™ and ". Roughly

speaking, in the heavy traffic regime, the arrival processes have the same arrival rate.

Assumption 2.4.2. For some c € R,

Vn(a™ = ") = ¢, asn — oo.

We note that under Assumptions 2.4.1 and 2.4.2, o = f3.

We now state our main results for the diffusion approximation. Define a diffusion process
Z as follows. For a given random variable Z(0) with law v, and a standard Brownian motion

W, let Z be the unique solution to the following stochastic integral equation

Z(t)=2(0)+aW(t)+ct—46 /t Zt (u)du + /t Z~ (u)du, (2.4.22)
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where

a = +/a30? + 3362 (2.4.23)

The existence and uniqueness of Z is guaranteed by the following lemma.

Lemma 2.4.1 (Reed and Ward [30]). Let ¢ : D(]0,00),R) — D([0,00),R) be Lipschitz
continuous. Then for any given w € D([0,00),R), there exists a unique x € D([0,00),R)

that satisfies the integral
t
o) =w(t) + [ ola)(wdu
0
and x(0) = w(0). Moreover, define the mapping M? : D([0,00),R) — D([0,0),R) by

M®(w) = x, and then M? is Lipschitz continuous.

Theorem 2.4.2. Assume that X™(0) converges weakly to a probability measure v, E(|X™(0)]) —
0, and Assumptions 2.4.1 and 2.4.2 hold. Then X™ = Z, where Z is defined by (2.4.22).

Proof. We first note that, by functional central limit theorem for renewal processes (see

Theorem 14.6 in Billingsley [3]),

N' = W,, N = W, (2.4.24)

where W, and W, are independent Brownian motions with zero drifts and variances a30?
and 3%¢%, respectively. We also note that N o and Ng; converge weakly to standard Brownian
motions from functional central limit theorem for unit Poisson process. Further noting from
Theorem 2.4.1 and Proposition 2.4.1 (when a = 8 and zy = 0) that X™ = 0, and using the
random change of time theorem (see Section 3.14 in Billingsley [3]), we obtain that

N (nQ” / f("’*(u)du) =0,

0
NP (nfy"/ X"’(u)du) = 0.
0
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Now define for ¢t > 0,

¢ t
Wn(t) = N™(t) — N (t) — N, (n@” /0 X”’+(u)du) + NP (mn /O X”’_(u)du) .
Combining (2.4.24), (2.4.25), and Assumption 2.4.1(ii), we have W" = oW, where W is
a standard Brownian motion, and a is as in Equation 2.4.23. Furthermore, there exists a
random variable Z(0) with law v such that (X™(0), W") = (Z(0),aW). By Skorohod rep-
resentation theorem, without loss of generality, we assume that (X™(0), W") and (Z(0), W)

are defined on the same probability space and (X™(0), W") — (Z(0), W) almost surely and

uniformly on compact sets of [0, 00). Define
t t
Z(t)=Z(0)+aW(t) + ct — 0/ Zt(s)ds + 7/ Z~(s)ds, t>0.
0 0
From Lemma 2.4.1, Z is well-defined. Also note that
A A A t A t A
X"(t) = X™(0) + W"™(t) + v/n(a™ — ")t — nQ"/ X" (s)ds + n’y”/ X" (s)ds, t>0.
0 0
We then have that for ¢ > 0,
A A A t A
X" = Z]le < [X"(0) = Z(0)] + [W" = Wl + (n0" + ny" + 0 + 7)/ | X" = Z]ds.
0
By Gronwall’s inequality,
||Xn _ ZHt < <|Xn(0) o Z(O)| + ||Wn . W”t) 6(n9n+nvn+9+7)t‘
Using continuous mapping theorem, we have
W™ — W, — 0, almost surely.
Noting that nf"™ + ny™ 4+ 6 + v — 26 + 2, we obtain that

| X" — Z||, — 0, almost surely.

The result follows immediately. |
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When 6 = 7, we derive the first and second moments of Z(t).

Proposition 2.4.2. Consider the stochastic integral equation in (2.4.22), and assume 0 = ~.

Then fort € [0, 00),

E(Z(t)) = (E(Z(O)) - g) e + g (2.4.26)
and 5 ,
E(Z(t)") = (B(Z(0)") - 5 (EZO) -3) - (5) )™
(awn-Feaw-)-GY-9)=
+7 (B -5) "+ (5) + 55
Proof. We first note that
E(Z(t)) = E(Z(0)) + ¢t — 0 /0 E(Z(u))du
Thus we have
E(Z(t)) = (E(Z(O)) - g) e~ + g t € [0, 00). (2.4.28)

Using the integration by parts for stochastic integrals (see Corollary 2 in Chaper I1.6 in
Protter [29]), we have
Z(t)?* = 2,7, + Q/tZ(s)dZ(s),
0
where [Z, Z] is the quadratic variation process for Z, and [Z, Z], = Z(0)* + a*t. Thus we

have
E(Z(t)?) = E(Z(0)?) + at + 2c /tE(Z(s))ds — 20 /tE(Z(s)Q)ds.

Let v(t) = E(Z(t)?). From (2.4.28), we have the following ODE with initial condition v(0) =

E(Z(0)?).
dv(t) _ 2 & — 0t 2C2
o — a2 (E(Z(O)) 9> e + = — 200(0).
Solving this ODE, we have for ¢ € [0, 00),
2c c c? a? _opt . 2C c\ _pt
o) = (o0 - 5 (Bz0) - §) - 5 - 5 ) e+ 5 (B 20 - )
2 a?
+ @ + %
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Remark 2.4.2. We observe that when 6 = ~,

AL B = g (2.4.29)
lim E(Z(t)?) = <§>2 + ;‘—9

t—o00

Noting that under heavy traffic condition, § = lim,, ., n6" and ¢ = lim,,_,« v/n(a™ — "),

we have that for large enough n € N,

Jim E(X"(nt)) ~ lim E(VnZ(t)) ~ 0‘"9—715",
i B0~ Jin E(Z(0)* = (F ) S

t—o00

In the special case of Poisson arrivals, we have for large enough n € N,
an_ﬂn 2+an+ﬁn N an_ﬂn 2+max{a”,6"}
on 20m or 20m

lim E(X"(nt))? ~

t—o00

which matches the lower bound for s(¢) in Section 2.3 (see (2.3.10)). W

When 6 # ~, the exact moments of Z(t) become intractable. Thus we consider the

limiting distribution of the process Z, and compute the stationary moments. We observe

that Z is a unique solution of the following SDE
(2.4.30)

dZ(t) = adW (t) + (c — 0Z7(t) +vZ (1)) dt.

Theorem 2.4.3. Let a be as in Equation 2.4.23 and denote by ¢(-;€,m) and ®(+;&,n) the
density and distribution function of N(&,n). Then the density of stationary distribution of

the diffusion process satisfying (2.4.30) is given by

C 2 ¢ a2
—exp{m}qS(a:;@,@), x>0,

U(z) = f 2 2 (2.4.31)
Zop{Zho(nsg), v<o,
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where C' 1s given by

1
Lo {} (1-0(0:5,%) + Lo {}o(0:58)

C:

(2.4.32)

Proof. We follow Section 5 of Chapter 15 in Karlin and Taylor [17] to construct a stationary
density. Denote by u(x) the infinitesimal drift parameter ¢ — fx™ + yo~. We first note that

an indefinite integral of 2202 is 2o — £221{z > 0} — La?1{z < 0}. Define for z € R,

s(z) = exp {zcx - aﬁx e >0} — —:c 21{z < 0}}

We define a density function as follows:

C’exp{QQx—a—Qx2}
Cexp{22:v——2x },
Gexp{impo(nss), 220

c? c a
K\fexp{,ya2}¢<x;;a%>a ._'E<0,

where

In the following, we calculate the first two moment of the stationary distribution of Z.

First, note that if X ~ N(&,n), the density of truncated normal random variable on (xy, z5)

is given bygr (;”577() - Let X1 be a truncated N(g, ‘21—;) random variable on (0, +00),
)

and X be a truncated N (£ g—) random variable on (—o0,0). Let V' be the random variable
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with distribution ¢ of Equation 2.4.31. Then V' can be written as a mixture of two truncated

Normal random variables as follows:

v Xl w.p dl,
X2 W.p dg,
where
C c? ¢ a®
C c? c a?
dy = — — P (0=, — . 2.4.34
’ ﬂeXp{VGQ} (0’7’27) (2434)

Now, the first and second moments of the truncated Normals are given by

E(X) = =+ — qs(—g\/g;o,l)

E(X?) = (5

Hence the first and second moments of V' are given by
E(V) = diE(X;) + d.E(X>), (2.4.35)

and

E(V?) = diE(X]) + doE(X3), (2.4.36)

where d; and dj is given by equation (2.4.33) and (2.4.34).
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Remark 2.4.3. In the above theorem, when 6 = 7,

c a®
Y(z) = ¢ (517; 9’ %> )

and so the first and second moments E(V') and E(V?) are the same as the limits in (2.4.29).

2.5 Numerical Example

In this section, we use simulations to evaluate the performance of the Poisson and the
diffusion approximation under different arrival processes. We first note that the diffusion

limit Z satisfies the stochastic integral equation given by (see (2.4.22))
t ¢
Z(t)=Z(0) 4+ aW(t) +ct — 9/ ZF (u)du + ’y/ Z~ (u)du,
0 0

where W(t) is a standard Brownian Motion. Hence, using (2.4.21), we get for large N € N,

approximately,
XN (Nt XN XNA(Nu) XN~ (Nu)
(_ ) _ _(O) +aW(t) +ct — / v) / v)

Letting s = Nt, we have approximately,

XN(s) = XN(0) 4+ aW(s) + \/Lﬁs - %/O XNF(v)dv + % /0 XN (v)dv.

Using Assumptions 2.4.1 and 2.4.2, we get approximately,
X¥(s) = X"(0) + \/(OéN)?’(UN)2 + (BY (M)W (s) + (o = BY) s

—oN / XNH(v)dv 4+~ / XN (v)dv
0 0

Therefore, if we have a double-ended queueing system with parameters o, 3, o, ¢, 6 and

7, the dynamics of the queue length process {X (), > 0} can be approximated by an

asymmetric Ornstein- Uhlenbeck process

X(t)=X0)+aW(t)+ (a—p)t— Q/tX+(v)dv+7/tX_(v)dv, t>0, (2.5.1)
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or by the stochastic differential equation (SDE)

dX(t) = adW(t) + ((a — B) —0XT(t) + vX(t)) dt, t > 0. (2.5.2)

We now consider a double-ended queue length process {X(t),¢ > 0} with the buyer
inter-arrival time distribution Fi(-) and seller inter-arrival time distribution Fy(-). Let my,
my, sdg and sdy, be the mean and standard deviation of the inter-arrival time for sellers and

buyers. We consider the following inter-arrival time distributions:

Exponential: Fy(z) =1—¢™*, Fy(z)=1—¢ ", my=1 m, =

’ B
e Uniform: Fi(z) = % (z € [0, 2]), Fy(z) = & (z € [0, %])7 Mms =5, mp = %’ sds = ﬁ’
sdy = \%}5
e Brlang(2): Fu(x) = 1 — ¢ — 2aze-27, Fy(a) = 1 — ¢ — 280027, m, = 1,
o= 430,k =
e Hyper-exponential: Fy(z) = (1 —e729") + 2(1 —e2°7), Fy(z) = 5(1 —e 27") + 2(1 -
), my =1 my = 1, sdy = Y2, sdy = 2

Note that the means of inter-arrival time of the above distributions are the same, while
their standard deviations are different, with the following ordering: Hyper-exponential >

Exponential > Erlang > Uniform.

We consider the following values for (o, 3) = (1,1), (1,1.5) and (1,2). We choose
the following reneging rates (0,v) = (a, ), 0.1(c, 5) and 0.01(c, 5). For example, when
(0,7) = 0.1(«a, ), the seller’s (buyer’s) expected reneging time is 10 times the buyer’s
(seller’s) expected inter-arrival time. Thus we consider a total of 4 x 3 x 3 = 36 differ-

ent parameter settings.
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In each parameter setting, we use simulation, Poisson approximation, and diffusion ap-
proximation (which will be made precise below) to estimate the following performance mea-

sures:

m = lim Pr{X(t) =i}, —1000 < <1000 (2.5.3)
— 00

Ly = lim B(X(1)) (2.5.4)
—00

L, = lim E(X(t)?). (2.5.5)
—00

Simulation. We compute the performance measure by using N replications of the simulation
using Matlab. Each replication consists of simulating the system for 0 < ¢t < T and the
estimates are computed by using the sample paths over t € [1,T], where 7 < T is a given
warmup period. Let X¥(¢) be the state of the system at time ¢ in the k-th replication,
k=1,2,--- ,N,0<t<T. Using these sample paths, we compute

N

T
. 1 1 .
= > - / L xry=iydt;  —1000 < i < 1000.
k=1 -

Using these we compute the following simulation estimates of the first and second moments

of the queue-length:
Ly = Y ir, (2.5.6)

Ly = Y i (2.5.7)

i=—1000
Poisson approximation. In this approximation we replace the renewal arrival processes
by Poisson arrival processes with the same arrival rates. Clearly, this approximation is exact
in the exponential case. From equations (3.3.2) to (3.3.3), we have:

i

o= Y i=1,2,---.1000

(B+40)

7
j=1
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» g

T, = —————m, t=1,2,---,1000
I (e +37)
j=1
-1
1000 o 1000 g
S D

S 1G+0) T e+

Let L% and L% be the Poisson approximation of L; and Lg respectively. Using 7¥ we compute

1000

o= > i (2.5.8)

1000

Ly = Y i (2.5.9)

i=—1000
We compute the relative error of the above moments to the ones from simulation method.
For example, the relative error of L} to L§ is given by (L} — L5)/L; x 100%.

Diffusion approximation. As the second method, we use diffusion approximation to
compute these performance measures. We know that the stationary density function of
the diffusion approximation of the queue-length process is given by equation (2.4.31). In
addition, we directly compute the first moment L¢ and second moment Lg by using equations
(2.4.35) and (2.4.36). We also compute the relative errors of the moments to the ones from

simulation method.

The comparisons of limiting density are shown in Figure 2.2-3.4. In the figures, we com-
pare the density graphs derived from the simulation method and the two approximation
methods. When using simulation method, we evaluate the performance measures using the
parameter (N,7,7T) = (400,1000,4000) and obtain the 90% confidence interval. The com-
parisons of L; and Lo are shown in Tables 2.1-2.8. In the columns of L] and L%, we evaluate
the performance measures by Poisson approximation method, and obtain the relative error

of each performance measure to the one from simulation method. In the columns of L{ and

35



L4, we obtain the performance measures by diffusion approximation method, and also obtain

the relative error of each performance measure to the one from simulation method.
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Figure 2.2: Density functions by simulation method, Poisson approximation and diffusion
approximation, when inter-arrival times follow exponential distribution
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(b) (a, 8,6,7) = (1,1.5,0.1,0.15) (c) (a,3,6,7) = (1,1.5,0.01,0.015)
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(c) (o, 5,0,7v) = (1,2,0.01,0.02)

Figure 2.3: Density functions by simulation method, Poisson approximation and diffusion
approximation, when inter-arrival times follow uniform distribution
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Figure 2.4: Density functions by simulation method, Poisson approximation and diffusion
approximation, when inter-arrival times follow Erlang distribution
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Figure 2.5: Density functions by simulation method, Poisson approximation and diffusion
approximation, when inter-arrival times follow hyper-exponential distribution
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(a, B) (0, 7) Ly Ly L

1,1 0.0001 0 0
+£0.0024  NA NA
wy | @Lon |00 0 0
’ +0.0243  NA NA
(0.01,0.01) | 0.1234 0 0
+0.2084  NA NA
(1,15) | -0.2352 -0.2343 -0.2375

+0.0022 -0.41% 0.98%
(0.1, 0.15) -3.248  -3.2532 -3.2625

(1,1.5) £0.0192  0.16% 0.44%
(0.01, 0.015) | -33.1485 -33.3332 -33.3332

+0.1754  0.56% 0.56%

(1,2) -0.3876  -0.3858  -0.3878

+0.002  -0.47% 0.04%

(1, 2) (0.1, 0.2) -4.9779  -4.9719  -4.9776
’ +0.0157  -0.12%  -0.01%

(0.01, 0.02) | -49.9609  -50 -50
+£0.142  0.08%  0.08%

Table 2.1: The first moment of the stationary distribution when the arrival process is a
Poisson process

(@, B) (0, 7) Li Ly L{
1,1 0.0004 0 0

+0.0017  NA NA

w | ©LoD | -0000 0 0

: +0.0141  NA NA
(0.01, 0.01) | -0.1309 0 0

+0.1231  NA NA

(1,15) | -02736 -0.2343 -0.2979

+0.0015 -14.39%  8.87%
(0.1,0.15) | -3.3315 -3.2532  -3.328

(1,15) £0.0114  -2.35%  -0.10%
(0.01, 0.015) | -33.4634 -33.3332 -33.3333
01132 -0.39%  -0.39%

1,2 -0.4375  -0.3858 -0.4714

+£0.0013 -11.82%  7.76%

(Lg) | (01,02) | 49946 49719 49998
’ +£0.0109  -0.45%  0.10%

(0.01, 0.02) | -50.0716  -50 -50
+£0.1036  -0.14%  -0.14%

Table 2.2: The first moment of the stationary distribution when the inter-arrival times follow
Uniform distribution
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Table 2.3: The first moment of the stationary distribution when the inter-arrival times follow

Erlang distribution

Table 2.4: The first moment of the stationary distribution when the inter-arrival times follow

(@, B) (@, ) Li Ly L{
1,1 0.0006 0 0

+£0.0024  NA NA

wy | @Lon | -oous 0 0
’ +0.0186  NA NA
(0.01,0.01) | 0.0409 0 0

+0.1848  NA NA
(1,15) | -0.2624 -0.2343 -0.2804

+0.002 -10.74%  6.84%
(115 | (01,015) | 32975 32532 -3.3165
e +0.0155 -1.34%  0.57%
(0.01, 0.015) | -33.1629 -33.3332 -33.3333
+0.1613  0.51%  0.51%
1,2) -0.4285  -0.3858  -0.4493

+0.0018  -9.96%  4.87%
(L) | (0102 | -49832 49719 49983
: +0.015  -023%  0.30%
(0.01,0.02) | -50.089  -50 -50
+0.1507 -0.18%  -0.18%

(a, B) (0, 7) L3 Ly L
(1, 1) 0.0022 0 0
+0.0032 NA NA
1) (0.1, 0.1) -0.0169 0 0
’ +0.0321 NA NA
(0.01, 0.01) 0.016 0 0
+0.3177 NA NA
(1, 1.5) -0.2039  -0.2343  -0.1735
+0.0028  14.89% -14.92%
(1.15) (0.1,0.15) | -3.1406 -3.2532  -3.1368
n +0.0271  3.59%  -0.12%
(0.01, 0.015) | -33.2392 -33.3332 -33.3261
+0.237  0.28% 0.26%
(1,2) -0.3383  -0.3858  -0.2866
+0.0026  14.04% -15.26%
(1, 2) (0.1, 0.2) -4.8819  -4.9719  -4.8822
’ +0.0214  1.84% 0.01%
(0.01, 0.02) | -50.1134 -50 -50
+0.1959 -0.23%  -0.23%

hyper-exponential distribution
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(o, B) (@, 7) Ly Ly Ly
(1, 1) 1.409 1.4104 1
+0.0042  0.10%  -29.03%
@) (0.1,0.1) | 11.3894  11.3045 10
: +0.0838  -0.74%  -12.20%
(0.01, 0.01) | 103.2893  104.0397 100
+2.2095  0.73%  -3.18%
(1, 1.5) 1.4354 1.4372 1.028
+0.0038  0.12%  -28.38%
(115 | (01,015) | 212369 21,2498 19.4084
e +0.1458  0.06%  -8.61%
(0.01, 0.015) | 1218.2624 1211.1069 1194.4415
+12.3607  -0.59%  -1.96%
(1,2) 1.4828 1.4841 1.0755
+0.0036  0.09%  -27.47%
1. 2) (0.1,0.2) | 348606  34.956  32.4389
: +0.1677  027%  -6.95%
(0.01, 0.02) | 2601.2009 2600 2575
+15.2948  -0.05%  -1.01%

Table 2.5: The second moment of the stationary distribution when arrival process is a Poisson

process

(e, B) (0, 7) Ly Ly Lj
1,1 0.8254 14104  0.3333
+0.002  70.87%  -59.62%
oy | 010D 43492 113045  3.3333
’ +0.0336  159.92%  -23.36%
(0.01,0.01) | 34.6831  104.03907  33.3333
+0.7472  199.97%  -3.89%
(1, 15) 0.8961 14372 0.3993
+0.002  60.38%  -55.45%
(115 | (0L015) | 15775 212498 13,8778
e +0.0952  34.71%  -12.03%
(0.01, 0.015) | 1148.5144 1211.1069 1138.8889
+7.7166  545%  -0.84%
1,2) 1.0102 14841  0.5019
+0.0021  46.91%  -50.32%
(g | (0102 | 301933 3495 27499
: +0.1226  15.77%  -8.92%
(0.01,0.02) | 2551.7944 2600 2525
+10.7995  1.89%  -1.05%

Table 2.6: The second moment of the stationary distribution when the inter-arrival times

follow Uniform distribution
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(a, B) 0, 7) L3 Ly L

(1, 1) 1.9852 1.4104 2

+0.0064  -28.95% 0.74%

(1) (0.1, 0.1) 20.899 11.3045 20
’ +0.1485  -45.91% -4.30%

(0.01, 0.01) | 201.652  104.0397 200

+4.4079  -48.41% -0.82%

(1, 1.5) 1.9944 1.4372 2.0092

+0.0056  -27.94% 0.74%

(1.15) (0.1, 0.15) 29.1292 21.2498 28.0112
v +0.1894  -27.05% -3.84%
(0.01, 0.015) | 1293.001 1211.1069 1277.5943
+16.5071  -6.33% -1.19%

(1, 2) 2.0089 1.4841 2.0252

+0.0052  -26.12% 0.81%

(1, 2) (0.1, 0.2) 41.7095 34.956 39.8704
’ +0.2351  -16.19% -4.41%
(0.01, 0.02) | 2684.7348 2600 2649.9986

+20.576 -3.16% -1.29%

Table 2.7: The second moment of the stationary

follow Erlang distribution

distribution when the inter-arrival times

(o, B) 0,7) L L L3
(1, 1) 1.9943 1.4104 2
+0.0063  -29.28% 0.29%
(1, 1) (0.1, 0.1) 20.8656 11.3045 20
’ +0.1625  -45.82% -4.15%
(0.01, 0.01) | 205.774  104.0397 200
+4.7111  -49.44% -2.81%
(1, 1.5) 1.9962 1.4372 2.0092
£0.0057  -28.01% 0.65%
(1,15) (0.1, 0.15) 29.4329 21.2498 28.0112
v +0.1921  -27.80% -4.83%
(0.01, 0.015) | 1307.8225 1211.1069 1277.5943
+16.5066  -7.40% -2.31%
(1, 2) 2.0048 1.4841 2.0252
+0.0048  -25.97% 1.02%
(1, 2) (0.1, 0.2) 41.5526 34.956 39.8704
’ +0.2282  -15.88% -4.05%
(0.01, 0.02) | 2660.7665 2600 2649.9986
+20.4434  -2.28% -0.40%

Table 2.8: The second moment of the stationary distribution when the inter-arrival times

follow hyper-exponential distribution

From the numerical example, we find that the performance of the limiting behavior of
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diffusion approximation method improves when the reneging rate becomes smaller. Besides,
the variance of the inter-arrival time also affects the performance. From the four distributions
we have tried, we conclude that the larger variance results in better performance. The
Poisson approximation works well only in the exponential case, when it is in fact exact. In
most other cases, the diffusion approximation outperforms the Poisson approximation. This

implies that ignoring the variance in the inter-arrival time leads to significant errors.

When (o, 5,0,7) = (1,1.5,0.01,0.05) and (1,2,0.01,0.02), we find that (o — 3)/v is -10
and -50, respectively. In this case Remark 3.2 is applicable. Using Equations (2.4.35) and
(2.4.36), we see that

and

and

Ly = (a_ﬁ)2+a—2.

gl 2y
The results about the first moment are shown in the tables 2.1 to 2.4 and those about
the second moment are shown in tables 2.5 to 2.8. Figures 2.2 to 3.4 show the limiting
distributions of the queue-length for the simulation, the Poisson approximation, and the
diffusion approximation. It is clear that the diffusion approximation outperforms the Poisson
approximation (except in the Exponential case, where the Poisson approximation is exact)
since it is better able to capture the effects of the variance. Furthermore, the diffusion
approximation improves as the reneging rates become small, since that brings the parameters

closer to the asymptotic region.
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2.6 Extensions

We end this chapter with suggestions for three extensions.

1. In this chapter we have assumed that the patience times of the buyers and sellers are
exponentially distributed. It would be interesting to study the situation when the distribu-
tion is general. In this case {X(¢),¢ > 0} is no longer Markov. It would be interesting to see

if we can derive the diffusion approximation under this setting.

2. In this chapter we have assumed that the arrival processes of the buyers and sellers
are independent of the state of the system. It would be interesting to consider an extension
where the arrival processes are Poisson whose parameters depend on the state of the double-
ended queue. For example, the parameters could simply depend upon the sign of the X(¢).
Thus we could capture the situation where the buyer arrival rate exceeds the seller arrival
rate when there are sellers waiting (its a buyers’ market), and the seller arrival rate exceeds
the buyer arrival rate when there are buyers waiting (its a sellers’ market). We think this

extension is doable, and the methods developed in this chapter will be useful in its study.

3. In stock market order book dynamics, the buyers and sellers have their own bid and
ask prices. Thus we can model the order book as a multi-dimensional double-ended queue.
It would be interesting to extend our analysis to such a model. However, this extension
promises to be hard, since the state-space of the multi-dimensional double-ended queue is

typically not convex.
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CHAPTER 3
Double-ended Queue with State-dependent Phase-type Arrival Process

3.1 Introduction

In this chapter we consider a double-ended queue with state-dependent phase-type arrival
process. In detail We model the combined arrival process of the buyers and sellers as a single
renewal process, with iid Phase-type(PH) inter-arrival times. An arrival from this common
stream may be a buyer or seller with given probabilities that depend on the state of the
queue. The buyers and seller may also depart without conducting a trade due to impatience.
We assume that the impatience times of the buyers and sellers are independent exponential
random variables. The form of this dependence will be made precise in the next section.
We also assume that there is a limited waiting space for the buyers and the sellers, and the

arrivals to the system are lost when it is full.

In section 3.2 we present the details of the model of the double-ended queue with arrivals
generated by a PH-renewal process and introduce the relevant notation. In Section 3.3 we
collect the results about the special case when the PH-renewal process is a Poisson process. In
Section 3.4 we derive the algorithm for the limiting distribution of the double-ended queue.
In section 3.5 we derive the explicit formula of limiting distribution for the two special
cases. In section 3.6 we study the numerical examples considering the inter-arrival time
follows Erlang distribution and Hyper-exponential distribution, derive several performance
measures and validate the algorithm using simulation. We also and make comments on the

possible extensions of the model in Section 3.7.



3.2 Model Formulation

Consider a trading market where the traders arrive at the queue according to a PH-
renewal processes. The inter-arrival times form a sequences of i.i.d. Phase-type random
variables {A(k) : k € N}. Assume that A(1) follows a Phase-type distribution with param-
eters (p,T) (see Chapter 2 section 2.2 from Neuts [25]). When a seller is matched with a
buyer (we say a trade occurs), they both leave the queue. The trading follows according
to first-come-first-served principle. If an arriving seller (buyer) cannot be matched with a
buyer (seller), he/she will stay in the queue and wait for the upcoming buyers (sellers). Thus
there cannot be non-zero number of buyers and sellers simultaneously in the queue. Also,
each seller (buyer) may leave the queue without trading because of impatience. The patience
time of each seller (buyer) follows an exponential distribution with rate 6 (). The patience
times of the buyers and sellers are independent of each other. Thus queueing system forms

a double-ended queue as shown in Figure 3.1.

ATrade Occurs

Reneges with Rate y ﬁ f'\;/ Reneges with Rate 8

—

Be a Buyer |-| Be a Seller

Phase-Type Arrivals

Figure 3.1: Double-ended Queue

Let X (¢) be the length of the double-ended queue at time t (X (¢t) € Z) = {--- ,—2,—-1,0,1,2,--- }).
If X(t) > 0, there are X (t) sellers waiting in the queue, and if X (¢) < 0, there are —X (¢)

buyers waiting in the queue. An arriving trader is a buyer or a seller with state-dependent

47



probabilities as given below:

a, ifn >0
Pr{Customer arriving at time ¢ is a seller| X (t—) =n} = B, ifn<0
n, ifn=20

l—a, ifn>0

Pr{Customer arriving at time ¢ is a buyer|X (t—) =n} = 1—-p5, ifn<0

1—n, ifn=0

\

In practice, if X(¢) > 0, we say the market state is a buyers’ market. In this case, the
buyers are more likely to come to queue, since they need not wait for sellers. On the contrary,
if X(t) < 0, we say the market state is a sellers’ market. In this case, the sellers are more
willing to come to the queue, since they need not wait for buyers. Therefore, we are likely

to have a < 0.5 and 8 > 0.5.

3.3 Special Case: Poisson Arrivals

When the arrival process is a Poisson process, the arrivals of sellers and buyers can be
considered as two independent Poisson processes (with state-dependent arrival rates) by
splitting the original arriving Poisson process. Thus it is obvious that {X(¢),t > 0} is a
birth and death process on Z. In this case, the queueing system forms a double-ended queue

as shown in Figure (3.2).

Assume the arrival process of the traders is Poisson with A\. Thus the birth rates A,
(n € Z)and death rates p, (n € Z)are given by:
a\, n>0
A = nA, n=>0

BA—ny, n<O0
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A Trade Occurs

Reneges with y CT O_ﬁ_o ﬂ:’) Reneges with 8

OO “—

Poisson Arrival for Buyers Poisson Arrival for sellers

Figure 3.2: Double-ended Queue

(1—a)A+nb, n>0

Using the standard theory (see Kulkarni [22]), we see that this Birth and Death process

1s:

e positive recurrent, if

0>0,v>0,
or 6=0,7>0,a<0.5,
or 6>0,v=0,8>0.5,

or §=0,7v=0,aa<0.5,8>0.5.

e null recurrent, if

0=0,v>0,a=0.5,
or 0>0,v=0,68=0.5,

or 0=0,7v=0,aa=p=0.5.
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e transient, if
0=0,v>0,a>0.5,
or 6>0,7v=0,08<0.5,

or 6=0,7v=0,a>0.50<0.5.

In the analysis, we assume 6 > 0 and v > 0 for simplicity. Therefore, this birth and
death process is irreducible and positive recurrent and has a unique limiting distribution.
Let

ﬂn:Pr{th(t):n}, i€z

t—o00

Using the standard theory of birth and death processes we see that the limiting distribution

is given by:
o = — et N 1 (3.3.1)
ljl (1= a)A+30)
= Lo X 1o (3.3.2)
ljl (B+47)
J= -1
00 n—l\n 00 n—1y;
o= |1+Y 1 A +Z(1_2)(1_5) M 333
= (A —e)r+j6)  n=t T (5 +57)

3.4 PH-Renewal Arrival

In this section we consider the double-ended queue with a PH-Renewal arrival process
and finite capacity C, that is, there can be at most C' buyers or sellers in the system at any
time. Any buyer (seller) arrivals when the system is full of buyers (sellers) are lost. We can
approximate the double-ended queue with unlimited capacity by a double-ended queue with

a sufficiently large finite capacity C'.
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Suppose the inter-arrival times are iid with phase type distribution with parameters
(p,T) of order K. Here T is an invertible K by K matrix such that (using e to denote a

K-dimensional column vector with all the entries equal to 1)

T —Te
0 0

is an infinitesimal generator matrix of a CTMC with state space {1,2,--- , K + 1}, with
absorbing state K 4 1. The vector p = [p1,ps,- -+ ,Pk| is a probability mass function. We

know that the mean inter-arrival time is —pT~!e.

Let X(t) be the number of traders in the system at time ¢, with the convention that
X(t) > 0 means that there are X (¢) sellers in the system, while X () < 0 means that there
are —X (t) buyers in the system. Thus —C < X(¢t) < C for all ¢ > 0. Let Y (¢) be the
phase of the arrival process at time ¢. That is {Y(¢),t > 0} is an irreducible continuous-
time Markov chain (CTMC) on state space {1,2,---, K} with generator matrix 7" — Tep.
Although {X(¢),t > 0} is not a CTMC, the bivariate process {(X(¢),Y(t)),t > 0} is a
CTMC on the state space Q = {(i,7): —C <i<C,1<j < K},

Borrowing notation from chapter 3 of Neuts(1981) [25], we define:
T° = ~Te, T =T, A° = diag(p), A" = ep.
Thus we have T%A° = T,

Since {Y(t),t > 0} is irreducible and jumps in {X(¢),¢ > 0} are 1, {(X(¢),Y (¢)),t > 0}
is irreducible. Furthermore, it has finite state space €2, hence it has a unique stationary
distribution

my; = lim Pr{X (1) =4, Y (t) = j}, (i,j) € Q.

t—o0
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Let m; = [mi1, mig, -+ ,mik] (—C < i < C). Following the analysis in Neuts [25], we first

introduce the following notation (—C <i < C):

S; = (01 + (1 —a)T™A%) ((i — )OI — T — (i — 1)9A® — (1 — )T A%) " (3.4.1)

B; = (inI 4 BT™AY) ((i — D)yl =T — (i — 1)yA® — BT®A%) ", (3.4.2)

and
S; = ScSc-1++S;, (3.4.3)
B, = B¢Bo_y---B;. (3.4.4)

In addition, we denote

D; = iyl +pT%A°, —C<i<-—1,
Dy = TITOOAO,

D; = aT™A° 1<i<C-1,

E o = T—Cyl+(1-pB)T"A,

E;, = T+iyl, —C+1<i<0,

Ei = T—40, 1<i<C-1,

Ec = T —COI+aT™ A",

Fi = (1-8)T%"A° —-C+1<i<—1,
Fy, = (1—-n)T%A°

Fi = il +(1—a)T"A° 1<i<C.

Using this notation we see that the generator matrix @ of this Markov process {(X(t), Y (¢)),t >

52



0} is given by the following tridiagonal block matrix:

E o« D_¢

Fcy Ect1 Docia

Foor Ec-1 Do

Fe  Ec

Theorem 3.4.1. When the arrival process is a PH-renewal process, the limiting probability

vector m; (—C <1 < C) are given by

Te = dsie, (3.4.5)
o = dbi_g, (3.4.6)
T o= meSi, 1<i<C—1, (3.4.7)
T = m_¢Bi, 1<i<C -1, (3.4.8)
o = — (moa(yI + BTPA%) +m (0 + (1 — )T A")) T, (3.4.9)

where T_¢ and 7o satisfy

7 o(T — Oyl +TO A" + CyA™) = 0, (3.4.10)

7o(T — COI + T A° + CHA™) = 0; (3.4.11)

and the scalar constants s, b and d are given by

s = ni_oBy(BTOA° +4A%)(1), (3.4.12)

b = (1—n)7cSa((1—a)TA% +0A%)(1); (3.4.13)
C c -1

d = |bi_c(I+) Bletsicl+» S)e| . (3.4.14)

=1 =1
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Proof. By using the generator matrix, the steady-state equations are given by

T_o(T — Oyl + (1 — )T A + 7_cy1((1 — B)T?A%) = 0, (3.4.15)

T ((i 4+ DY+ BTOAY) + 7 (T — kyl) + 71 (1 = B)TPA%) =0, 2<i<C—1),

(3.4.16)
7_o(2yI + BT A°) + 7 (T — A1) + mo((1 — ) T®A") = 0, (3.4.17)
T (vl + BT A%) + mo(T) + m (01 + (1 — )T A%) =0, (3.4.18)
mo(nT®A%) + (T — 0I) + m2(201 + (1 — a)T  A°) = 0, (3.4.19)

i1 (TP A + (T — §0I) + miy (G + 1O+ (1 — a)T®A%) =0, 2<i<C—1),

(3.4.20)
7o_1(aT®A%) + 7o(T — COI + T  A%) = 0. (3.4.21)
Multiply both sides of equation (3.4.15) by e, we get
7 (BT + Ce) = 7o (1 - AT,
Applying this result in equation (3.4.17) when i = C' — 1, we obtain
o1 (BT + (C — 1)ve) = m_ca((1 = B)TY).
Recursively, we have
(BT +ive) = i1 ((1 = B)T°), 2<i<C. (3.4.22)
Similarly, we obtain
(1 — )T° +ife) = m_1(aT?), 2<i<C. (3.4.23)
Besides, using these recursive equations we have
71 (BT° +ve) = mo((1—n)T°), (3.4.24)
7 ((1— )T+ 0e) = mo(nT?). (3.4.25)
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Multiply p on the right of equations (3.4.22) to (3.4.25), we have:

7_i(BTOA° +iyAY) = 7_i (1= B)T™A%), 2<i<C, (3.4.26)
(1 —a)TPA° +4i0A") = m_1(aT™A%), 2<i<C, (3.4.27)
7 1(BTOA° +~A") = 7((1 —n)T"AY), (3.4.28)
(1 —a)TP A% + 0A") = m(nT™AY). (3.4.29)

Substituting the above equations into the original steady state equations and simplifying,

we have

Tt (i + D)L + BTOA") + 7 (T — iyl + BTPA +iyA®) = 0, 1<i<C-1

Tivr (((+1)0 + (1 — )TV A%) + 7, (T — i1 + (1 — )T A’ +i0A”) = 0, 1<i<C—1.

Therefore,

7 = o (i D)yl + BTOA%) (in] — T — BTOA° — iy A®) ™! 1<i<C -1

T o= mi (((+ 10+ (1 —a)T®A°%) (i0I =T — (1 — a)T™A° — i@AOO)_l, 1<i<C-—1

With the notations defined in equations (3.4.2) to (3.4.3), we have the results for m; and

7_; in equations (3.4.7) and (3.4.8).

Substituting equation (3.4.26) and (3.4.27) when ¢ = C' into the equations (3.4.15) and
(3.4.21) respectively, we have
7_c(T — CyI +T"A° 4 CyA™) = 0,
To(T — COI +T™ A" + CHA™) = 0.
Also the matrix T' — CyI + TP A° + CyA" and T — COI + T A° + CHA® are stochastic,

in which the diagonal entries are negative and other entries are nonnegative, and the sum of

each row is equal to zero. Hence m_¢ = b_¢ and mg = §7¢, where b and s are constants.
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Since we have equations (3.4.24) and (3.4.25), we get

1

T 1(BT™ A0 44 AD) — %m(u — Q)T A 4 gA™).

Thus,

L 1 -
. br_cBa (BT A° + yA") = Z3710S5((1 — )T A% + 9 A™).
-n n

Using the notations of s and b in equations (3.4.12) and (3.4.13), 5 and b are given by

§=ds and b= db, where d is a constant.

Finally, we determine d by normalization. From equation (3.4.18) and the normalization

equation
-1 c
(Z 7Ti+7TO+Z7Ti> € = 1,
i=—C i=1
we have
-1 c
d [bﬁc <I+ > Bi) + 5o (HZ&)] e=1.
i=—C i=1
Thus the equation (3.4.14) follows. [

Corollary 3.4.1. From the results of Theorem 3.4.1, the limiting distribution of {X (t),t >

0}, m(—C <i<C), is given by

T = tliin P{X(t) =i} =me, —C<i<C. (3.4.30)
—+00
Proof. This is obvious from the definition of {(X(¢),Y (¢)),t > 0} and ;. |

3.5 Special Case: Erlang and Hyper-exponential Arrivals

In this section, we consider the special case when the inter-arrival time of the PH-renewal
process follows an Erlang distribution or Hyper-exponential distribution, and obtain the

explicit expressions of 7o and 7_¢ as given in the following theorems:
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Theorem 3.5.1. If the inter-arrival times follow an Erlang(k, k)\) distribution, T_¢ and 7¢

are given by the following equations:

) kX kX \"
e = |1 e 3.5.1
= (’kAJrny’(k)\Jer)’ ’(kA+ny>>’ (8:5.1)
) kX kX
e = |1 | = . 3.5.2
e (’kAJrC@’(k)\JrCH)’ ’(m+ce)> (8:5.2)
Proof: When inter-arrival time follows an Erlang(k, k) distribution, we have
—kX KA 0 o 0 - 0
T = TO — 00 — : : : A0 —
—kX kA 0 o 0 --- 0
—kA kX EX kX - kX
1 1 10 -0
0 1 10 -0
,p=(1 0 - 0>,e= , AP =ep =
0 1 10 -0

Therefore from the equation (3.4.10), we have

kNE_o(1) = (kA + C7) 7_c(2),

kAT_c(2) = (kA + C) T (3),

kMt _o(k — 1) = (kX + C) 7_c

—k)\ﬂ'c + C”)/ (Z 7TC > C’Y + k)\ Wc(k) 0.

Thus we obtain an explicit solution for 7m_o from above equations, which is shown in

equation 3.5.1. Similarly we obtain an explicit solution for 7, which is shown in equation

3.5.2. 1
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Theorem 3.5.2. If the inter-arrival times follow an Hyper-exponential distribution with

parameters (A, -+, A\g) and (p1,-++ ,pr), T_c and Tc are giwen by the following equations:

~ y4! P2 Dk
= : P 3.5.3
m-c (C’er)\l Cvy+ X\ Cv%—)\k) ( )

- Y41 D2 Dk
_ D) 5.4
e (C@+>\1’09+)\2’ ’09+Ak> (3:5.4)

Proof: When inter-arrival time follows an Hyper-exponential distribution with parame-

ters (Ay, -+, Ag) and (p1, -+, pk) (Zlepk = 1), we have

-\ A1 A N
T = ~a . TY = A , T = Ao Az , A =
o 1 a1 Qg e Qg
Q9 1 Q] Qg v O
) ,pZ(ou Qg - Oék)vez ] AV = ep = ) ) ]
(67 1 o O ot O

Therefore from the equation (3.4.10), we have

k

D7) (Cy + ) pr = Fo(1) (Cy +A),
ZW (1) (Cy + X)) p2 = T_c(2) (Cy + A2)
ZW c(@) (Cy + X)) pe = T—c (k) (Cy + Ai) -

Thus we obtain an explicit solution for m_, which is given by equation 3.5.3. Similarly

we obtain an explicit solution for ¢, which is shown in equation 3.5.4. B
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3.6 Numerical Example

In this section, we use simulations to test the performance of our algorithm. We consider

the following inter-arrival time distributions:

o Erlang(2,2)\): F(x) =1 — e 2% — 2 ze 27,

e Hyper-exponential with parameter (A/2,2X;1/3,2/3): F(z) = (1 — e2M) 2(1 -

6—2)@).

We want to capture the situation where the buyer arrival rate exceeds the seller arrival
rate when there are sellers waiting (its a buyers’ market), and the seller arrival rate exceeds
the buyer arrival rate when there are buyers waiting (its a sellers’ market). Therefore, we

choose a < % and 3 > % Without loss of generality, we choose A\ = 1.

We consider the following values for («, 5,7) = (0.1,0.7,0.5), (0.3,0.6,0.5) and (0.45,0.55,0.5).
We choose the following reneging rates (6,v) = Aa, ), 0.1A(«, 5) and 0.01A(, B). Thus
when (0,7) = 0.1(«a, ), the seller’s (buyer’s) expected reneging time is 10 times the buyer’s

(seller’s) expected inter-arrival time.

3.6.1 Limiting Probability Mass Function

We compare the limiting probability mass function (pmf) of X (¢) derived from the sim-
ulation and our method. When applying simulation method, we compute the limiting pmf
of X(t) by using N replications of the simulation using Matlab. Each replication consists
of simulating the system for 0 < ¢ < T and the limiting probabilities {m;} are computed by
using the sample paths over t € [r,T|, where 7 < T is a given warmup period. Here we

choose ¢ € [—1000, 1000]. Since the range of this interval is large enough so that the capacity
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of the simulated queue can be considered to be infinity. Let X*(¢) be the state of the system
at time ¢ in the k-th replication, k = 1,2,--- | N, 0 <t < T. Using these sample paths, we

compute

N T
o 1 1 .
= > I / Lixeqp—i}dt;  —1000 < i < 1000,
k=1 J
We evaluate the limiting pmf using the parameter (N, 7,T") = (400, 5000, 20000).
Note that our algorithm assume a finite capacity C' for buyers and sellers. One can

approximate an infinite capacity (C' = co) queue by using a sufficient large C'. Here we use

C = 20.

Next we use simulation to verify this approximation. The comparisons of limiting density
are shown in Figure 3.3 and 3.4. From these graphs, we observe that the pmf from our

algorithm is almost exact the same as the one from simulation.
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(a) (e, B8,6,7) = (0.1,0.7,0.1,0.7)

—& —phase
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(a) (e, B8,6,7v) = (0.1,0.7,0.1,0.7)

o

—& —phase
sim

(a) (e, B8,6,7) = (0.1,0.7,0.1,0.7)

(b)
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(b) (o, 3,6,7) = (0.1,0.7,0.01,0.07)

—& —phase
sim

= (0.1,0.7,0.001, 0.007)

—& —phase
N sim
i

AN —&—phase
N sim

(c) (o, 8,6,7) = (0.1,0.7,0.001, 0.007)

Figure 3.3: Limiting pmf functions by simulation method and our method, when inter-arrival
times follow Erlang distribution and n = 0.5
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(a) (o, 8,6,7) = (0.1,0.7,0.1,0.7)  (b) (e, 3,6,) = (0.1,0.7,0.01,0.07)  (c) (v, 3,6,7) = (0.1,0.7,0.001, 0.007)

Figure 3.4: Limiting pmf functions by simulation method and our method, when inter-arrival
times follow Hyper-exponential distribution and n = 0.5

3.6.2 Expected queue length

In this subsection, we test the performance of the expected queue length. More precisely,
we aim to find the queue length of sellers (L), queue length of buyers (L;) and the total

queue length L, that is

-1

c c
=1 i=—C

i=—C
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These performance measures are compared with the ones from simulation, shown in the
table 3.1-3.2. In the columns of L, L7 and L°, we evaluate the the above performance
measures by simulation method, and obtain the 95% confidence interval. In the columns
L?, L} and L, we obtain the performance measures by our method, and obtain the relative
error of each performance measure to the one from simulation method. From the table we
find that if the reneging rate is very small, the expected queue length largely depends on the
value of o and 8. Thus if « is closer to 0.5, the expected queue length for sellers is larger.
On the other hand, if 5 is closer to 0.5, the expected queue length for buyers is larger. This
is true since the () closer to 0.5 will result in a less frequent trades and a larger queue
length. Besides, we find that the expected queue length for Erlang inter-arrival is larger than

the one for the hyper-exponential arrival.

(o, B, ) .7) L, L | Ly It | L I
(0.1, 0.7) 0.26 0.26 0.32 0.32 0.58 0.58

+0.00 0.09% | £0.00 0.00% | £0.00 0.01%
(0.01, 0.07) 0.58 0.58 0.27 0.27 0.84 0.84

.
(0.1,0.7,0.5) +0.00 0.05% | £0.00 -0.04% | £0.00 -0.05%
(0.001, 0.007) 0.73 0.73 0.25 0.25 0.98 0.98
+0.00 0.02% | £0.00 0.15% | £0.00 -0.16%
(0.3, 0.6) 0.32 0.32 0.40 0.40 0.71 0.71
+0.00 -0.05% | £0.00 0.07% | £0.00 -0.02%
(0.3, 0.6, 0.5) (0.03, 0.06) 0.84 0.84 0.49 0.49 1.34 1.33

+0.00 0.09% | £0.00 0.17% | £0.00 -0.2%
(0.003, 0.006) 1.39 1.39 0.47 0.47 1.87 1.86
+0.01 -0.03% | £0.00 -0.58% | £0.01 -0.61%
(0.45, 0.55) 0.36 0.36 0.43 0.43 0.80 0.80
+0.00 0.25% | £0.00 -0.15% | £0.00 0.02%
(0.045, 0.055) 0.93 0.94 1.08 1.07 2.01 2.01
+0.01 041% | £0.01 -0.67% | £0.01 0.08%
(0.0045, 0.0055) | 1.83 1.82 1.95 1.93 3.78 3.76
+0.02 -0.35% | £0.03 -0.71% | £0.02 -0.64%

(0.45, 0.55, 0.5)

Table 3.1: Measures of queue length when the inter-arrival time follows the Erlang distribu-
tion
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(a, B, m) 0, 7) L; Ly L LY L I3

(0.1, 0.7) 0.22 0.22 0.29 0.29 0.51 0.51
+0.00 0.05% | £0.00 -0.17% | £0.00 0.01%
(0.01, 0.07) 0.56 0.56 0.26 0.26 0.82 0.82

.
(0.1,0.7,0.5) +0.00 0.19% | £0.00 0.07% | £0.00 0.04%
(0.001, 0.007) 0.73 0.73 0.25 0.25 0.97 0.98

+0.00 0.00% | £0.00 0.27% | £0.00 0.11%

(0.3, 0.6) 0.28 0.28 0.34 0.34 0.63 0.63

+0.00 0.04% | £0.00 -0.08% | £0.00 0.00%

(0.3, 0.6, 0.5) (0.03, 0.06) 0.83 0.82 0.48 0.48 1.30 1.30

+0.00 -0.10% | £0.00 -0.53% | £0.00 0.12%
(0.003, 0.006) 1.39 1.38 0.47 0.47 1.86 1.85
+0.01 -0.49% | £0.00 0.39% | £0.01 -0.19%
(0.45, 0.55) 0.32 0.32 0.39 0.39 0.71 0.71
+0.00 -0.17% | £0.00 -0.07% | £0.00 -0.07%
(0.045, 0.055) 0.92 0.92 1.06 1.06 1.98 1.98
+0.01 -0.46% | £0.01 -0.31% | £0.01 -0.27%
(0.0045, 0.0055) | 1.82 1.82 1.94 1.93 3.79 3.75
+0.02 -0.46% | £0.03 -0.58% | £0.03 -1.11%

(0.45, 0.55, 0.5)

Table 3.2: Measures of queue length when the inter-arrival time follows the Hyper-
exponential distribution

3.6.3 Fraction of reneging

In this subsection, we test the performance of the fraction of sellers/buyers reneging from
the queue. Let the fraction of sellers reneging be f, and fraction of buyers reneging be f;
respectively. From our method, we have
Zf:l 710

e JTBA A+ TonA + D> T
-1 N .
fb _ Zi:—c Wi(—Z)’y
e i1 = B)A+ oL = A+ L il — a)A

fs = 1

These performance measures are compared with the ones from simulation, shown in the
table 3.3-3.4. In the columns of f7 and f;, we evaluate the the above performance measures
by simulation method, and obtain the 95% confidence interval. In the columns f¢ and f¢,

we obtain the performance measures by our method, and also obtain the relative error of
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each performance measure to the one from simulation method. From the table, we find that
when the reneging rate becomes smaller, the fraction of reneging will becomes smaller. The
fraction of reneging for Erlang inter-arrival is larger than the one for the hyper-exponential

arrival.

(o, B, 1) 0, 7) fi I I3 fe

(0.1,0.7) 032 032 | 008 007
+0.00  0.63% | +0.00 -0.9%
(0.01,0.07) | 008 008 | 001 001

(0.1,07,0.5) +0.00 0.06% | £0.00 -0.07%
(0.001, 0.007) 0.01 0.01 0.00 0.00

+0.00 0.76% | £0.00 -1.02%
(0.3, 0.6) 0.36 0.36 0.26 0.26

+0.00 0.06% | £0.00 0.45%
(0.3, 0.6, 0.5) (0.03, 0.06) 0.10 0.10 0.03 0.03

+0.00 -0.13% | £0.00 0.09%
(0.003, 0.006) 0.02 0.02 0.00 0.00
+0.00 0.62% +0  -0.19%
(0.45, 0.55) 0.4 0.4 0.39 0.39
+0.00 0.11% | £0.00 -0.02%
(0.045, 0.055) 0.10 0.10 0.10 0.10
+0.00 0.18% | £0.00 0.19%
(0.0045, 0.0055) | 0.02 0.02 0.02 0.02
+0.00 0.29% | £0.00 -0.78%

(0.45, 0.55, 0.5)

Table 3.3: Fraction of reneging when the inter-arrival time follows the Erlang distribution
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(o, B, 1) 0, 7) fi I I3 fe

(0.1,0.7) 028 028 | 007 007
+0.00 -0.62% | £0.00 0.81%
(0.01,0.07) | 008 007 | 001 001

_
(0.1,0.7, 0.5) 4+0.00 -0.42% | +0.00 0.39%
(0.001, 0.007) | 0.01  0.01 | 0.00  0.00

+0.00 -0.04% | £0.00 3.32%

(0.3, 0.6) 032 032 | 022 022

+0.00 0.36% | £0.00 -0.36%

(03,06, 0.5) (0.03, 0.06) 010 010 | 0.03 003

+0.00 -0.27% | £0.00 -0.37%
(0.003, 0.006) 0.02 0.02 0.00 0.00
+0.00 1.06% | £0.00 -0.36%
(0.45, 0.55) 0.35 0.35 0.35 0.35
£0.00 0.02% | £0.00 -0.01%
(0.045, 0.055) 0.10 0.10 0.10 0.10
+0.00 -0.10% | £0.00 -0.18%
(0.0045, 0.0055) | 0.02 0.02 0.02 0.02
+0.00 0.49% | £0.00 -0.55%

(0.45, 0.55, 0.5)

Table 3.4: Fraction of reneging when the inter-arrival time follows the Hyper-exponential
distribution

3.6.4 Expected waiting time

In this subsection, we test the performance of expected waiting time of sellers/buyers.
Let the expected waiting time of buyers and selelrs be w, and wy respectively. Applying
Little’s law, we have

-1 N .

ie—c Ti(—1)
— N R Cc - )
! cTi(l—=B)A+7(L —mA+ >, (1 —a)A

P
Ziczl il

o mBAF R+ S FaN

Wy =

These performance measures are compared with the ones from simulation, shown in the
table 3.5-3.6. In the columns of w?{ and wj;, we evaluate the the above performance measures
by simulation method, and obtain the 95% confidence interval. In the columns w? and wy,

we obtain the performance measures by our method, and also obtain the relative error of
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each performance measure to the one from simulation method. From the tables, we find that
with the same arrival process, the smaller reneging rate results in a larger expected waiting
time. And the expected waiting time for the Erlang inter-arrival is larger than the one for

the hyper-exponential arrival.

(o, B, 1) (6, 7) w; wyy w; w;

(0.1, 0.7) 0.45 0.45 0.75 0.75
+0.00 0.64% | £0.00 -0.88%
(0.01, 0.07) 1.11 1.11 0.55 0.55

(0.1,07,05) 40.00  0.19% | +0.00 -0.34%
(0.001,0.007) | 145 146 | 050  0.50

+£0.01  0.23% | £0.00 0.09%

(0.3, 0.6) 059 059 | 085 086

+£0.00 0.01% | £0.00 0.24%

(03,06, 05) (0.03,006) | 1.63 163 | 1.02  1.02

+0.01 0.10% | +£0.00 0.03%
(0.003, 0.006) 2.74 2.76 0.95 0.95
+£0.02 0.55% | £0.01 -0.26%
(0.45, 0.55) 0.72  0.72 0.87  0.87
+0.00 0.16% | +0.00 -0.13%
(0.045, 0.055) 1.86 1.87 | 2.16 2.15
+0.01 0.35% | £0.01 -0.26%
(0.0045, 0.0055) | 3.64  3.64 3.89 3.87
+0.05 -0.14% | +£0.05 -0.35%

(0.45, 0.55, 0.5)

Table 3.5: Expected waiting time when the inter-arrival time follows the Erlang distribution
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S a

(v, By 1) 0, ) wp wy ws w

(0.1,0.7) 040 040 | 066  0.67
+0.00 -0.66% | +0.00 0.72%
(0.01,0.07) | 1.08 107 | 055 055

_
(0.1,0.7, 0.5) 4+0.00 -0.40% | +0.00 0.49%
(0.001, 0.007) | 1.46  1.45 | 050  0.50

4+0.01 -0.44% | £0.00 -0.03%

(0.3, 0.6) 053 053 | 0.74  0.73

+0.00 0.17% | £0.00 -0.44%

(03,06, 0.5) (0.03, 0.06) 159 159 | 1.00 0.9

+0.01 -0.03% | £0.00 -0.22%
(0.003, 0.006) 2.75 2.75 0.94 0.95
+0.02 -0.02% | £0.01 0.10%
(0.45, 0.55) 0.64 0.64 0.77 0.78
+0.00 -0.22% | £0.00 0.22%
(0.045, 0.055) 1.84 1.84 2.13 2.12
+0.01 -0.07% | £0.01 -0.80%
(0.0045, 0.0055) | 3.66 3.63 3.86 3.86
+0.05 -0.78% | £0.05 -0.05%

(0.45, 0.55, 0.5)

Table 3.6: Expected waiting time when the inter-arrival time follows the Hyper-exponential
distribution

3.7 Extensions

We end this chapter with suggestions for four extensions.

1. In this chapter we have assumed that the patience time of the traders follows an
exponential distribution. It may be interesting if the distribution is general. In this case

{X(t),t > 0} is no longer Markov.

2. We have assumed that the arrival processes of the buyers and sellers are PH-renewal
process. It would be interesting to consider an extension where the inter-arrival time follows

an general distribution.

3. In this chapter we only consider the limiting behavior of the double-ended queueing

process. In order to consider the transient behavior, it would be interesting to derive the
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diffusion approximation to the system.

4. We only consider the double-ended queue with one dimension. It would be interesting

to extend our analysis to multidimensional queues.
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CHAPTER 4

A Stochastic Model of Order Books with Bouncing Geometric Brownian

Motions

4.1 Introduction

A trading system consists of two types of arrivals, namely, the “sellers” and “buyers”.
Each buyer and seller is interested in trading one unit of a security (such as a stock). Every
trader has his/her own trading price. The largest trading price of buyers is the market bid
price, while the smallest trading price of sellers is the market ask price. Because of the new
arrivals and reneging (that is, leaving the market without trading) of traders, the market bid
and ask prices can move upwards and downwards. When a market bid price reaches market
ask price, a trade occurs. Immediately after the trade the market bid price moves down the
the new largest bid price, while the market ask price moves up to the new smallest ask price.
In this chapter, we consider to use two independent geometric Brownian motions (GBM) to
describe the movement of market prices. From the model we study the inter-trading time
and the trading price, and obtain the explicit estimators of each parameter of our model.

Finally we derive a simple forecasting formula by applying this model.

In this chapter, we first formulate the trading system as a bouncing GBMs in section 4.2.
We also obtain a joint Laplace transform of inter-trading time and logarithmic increase of
trading price in this section. In section 4.3, we derive the estimators of the parameters of
the model. In section 4.4, we apply this model to real data and derive a simple forecasting

formula. The performance of the forecasting is validated through numerical examples. We



also and make comments on the possible extensions in section 4.5.

4.2 Model Formulation

In this section, the prices offered by sellers or buyers are assumed to be continuous,
taking values in [0, c0). Because trading occurs when the market ask price is matched with
the market bid price, we are only concerned about the dynamics of the market ask price and
market bid price. Let A(t) and B(t) be the market ask price and market bid price at time
t respectively (A(0) > B(0)). Until the market ask price is matched with the market bid
price, the market ask price can decrease because of the arrivals of new sellers with smaller
ask prices; it can also increase because of the reneging of the seller with current market ask
price (that is, the seller can leave without a trade). Similarly the market bid price can also

increase and decrease.

Let T} be the first time the two processes meet:
Ty = min{t > 0: A(t) = B(t)}. (4.2.1)
Thus we call (0,7}] as the first trading period. Let P; be the first trading price, hence
P = A(Ty) = B(Ty).

After the trading occurs, the market ask price and the market bid price will separate so that

A(T1+) > B(T1+). Consequently, we define for k& > 1:

T, = min{t > T, : A(t) = B(t)},

P = A(Ty) = B(T}).

Therefore, T}, is the kth trading time and Py is the kth trading price. The dynamics of the

market ask price and the market bid price is shown in Fig (4.1).
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Figure 4.1: Dynamics of the ask price and the bid price

4.2.1 First trading period

Assume that {A(t),t > 0} and {B(t),t > 0} behave like two independent GBMs with
A(0) > B(0), until they meet for the first time at time 73 in equation (4.2.1). That is we
assume that, for t € [0, 7],

A(t) = exp{a + (fi, — 02 /2)t + 5. Wa()},

B(t) = exp{b+ (fi, — 07 /2)t + oWy (t)},
where {W,(t),t > 0} and {W,(¢),t > 0} are two independent standard Brownian motions,
and A(0) = e* and B(0) = ¢’ are the initial market ask price and market bid price. We
assume that a > b, so that A(0) > B(0). We assume that fi, — 02/2 < [, — 02 /2 so that

Ty < oo with probability 1. We aim to compute the joint Laplace transform of the bivariate

random variable (In P;,T7). For convenience, we first denote

fto = fia — 022, iy = fip — 05 /2

Theorem 4.2.1. Given A(0) > B(0), the joint Laplace transform of (In P, T1) are given by

Elexp(—sIn P, — tT)] = exp{0:(s,t)a + 02(s,t)b}, (4.2.2)
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where 01(s,t) and O5(s,t) are given by

(s — 1o — 592) =\ (15 — pa — 502)° — (02 + 02)(s%0% — 2t — 2515)

0,(s,t) = . (423
1(s:1) o2+ o} ( )
(s — ta — 502) =\ (1 — pta — 50)° — (02 + 03) (5202 — 2t — 251
Or(s,t) = —s— T (4:2.4)
oz + oy
Proof. Let

1
Yo(t) = exp{0i(pat + cuaWa(t)) — (0100 + éﬁfaz)t},

1
Yy(t) = exp{Oa(upt + ouWy(t)) — (o + 59305)1@7

where ¢, and 6, are any real numbers. Therefore, {Y,(t),t > 0} and {Y,(¢),t > 0} are two
independent martingales (see Karlin (1975)[18]), and T} is a stopping time for the bivariate
martingale {(Y,(t),Ys(t)),t > 0}. Because u, < g and A(0) > B(0), Pr{T} < +oo} = 1.

Hence we can apply the Optional Stopping Theorem, which yields

(E(Ya(T)), E(Yy(T1))) = (E(Ya(0)), E(Y5(0))).

Now denote Y (t) = Y,(t)Y,(t), we obtain E(Y (17)) = E(Y (0)). This yields

1 1
FE {exp{(@l + 92) In P1 — (01[La -+ 50%0’2 + egﬂb + 59%0’5)7—’1}} = exp{@la + 926}

Let
01 + 62 = —S,
Lo o Lo o
Qlua + 5010a + 92/% + 5620b =1.
Solving ¢y and 6, in terms of s and ¢, we obtain equation (4.2.3) and (4.2.4). Therefore,

the Laplace transform of (Py,T}) is given by equation (4.2.2) [
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Remark: When solving #; and 6, in terms of s and ¢, we should have two groups of solutions.
But we only choose above solution, since the other solution will produce the negative value

when we calculate the expectations in next section.

4.2.2 Multiple trading periods

In this section, we consider multiple trading periods. Let T, be the nth trading time and

the P, be the nth trading price (n = 1,2,---). In this section we assume that
(A(T,+), B(T+)) = (Pue’, Pe™),

where 6 > 0 is a given constant. Thus if the current trading price is P,, the immediate
new ask price will increase to P,e® and the immediate bid price will decrease to P,e~°. For

convenience, we denote
U,=mP, .y —InP,, V,=T,1—1T,.

Proposition 4.2.1. {(U,,V,),n > 0} is a sequence of i.i.d. bivariate random variables with

common joint Laplace transform given by
Elexp{—s(In P,y1 —InP,) — t(Th11 — 1))} = exp{0:(s,t)d — O2(s,t)d},

where 01 and Oy are given by equation (4.2.3) and (4.2.4).

Proof. From the assumption and the results of Theorem 4.2.1, we obtain

Elexp{—sin P, 1 — t(Ths1 — Tn)} |Po] = exp {01(s,t)(In P, 4+ 6) + O2(s,t)(In P, — §)} .

Since 6, (s,t) + 6a(s,t) = —s, we obtain
Elexp{—s(InPy1 —InP,) — t(Thi1 — T0) } Pn] = exp{01(s,t)0 — 02(s,t)0}.
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Hence,
Elexp{—s(In P,y —InP,) — t(Th11 — T,)}] = exp{0:1(s,t)d — O2(s,t)d}.

The result follows. [
Define N(t) = min{n > 0: T,, <t} which gives the number of trades up to time t. We

also define P(t) = Py().

Proposition 4.2.2. The process {P(t),t > 0} is a Semi-Markov Process (SMP) with state

space [0, 4+00).

Proof. Since {(P,,T,),n > 0} is a Markov renewal sequence, from the definition of N(¢) and

P(t), the stochastic process { P(t),t > 0} is a semi-Markov process. |

The process {P(t),t > 0} is observable, while the {(A(t), B(t)),t > 0} process may not
be publicly observable. The ask and bid processes may be accessible to the brokers and

dealers, but not to common traders. The question becomes how to find the parameters of

{(A(t), B(t)),t > 0} by observing {P(t),t > 0}.

4.3 Parameter Estimation

4.3.1 Moments

We shall estimate the parameters pi,, py, 04, 0, and d by the method of moment. Now
assume that {(U,, V,,),n > 0} has common distribution of the random variable (U, V'), whose

bivariate Laplace transform is given by
E [exp{—sU — tV'}] = exp{01(s,t)0 — O2(s,t)0}.
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Next we find the moments of U and V', namely, E(V), E(V?), E(U), E(U?) and E(UV).

Theorem 4.3.1. E(U), E(U?), E(V), E(V?) and E(UV) are given as follows:

2 2 2

B(V) = 20 BV = 40 2 2(07 + ab)35

b = fa (o — pa)™ (1o — Ha)

2 2 2 2 2 2 2

E(U) — 5(#’17;‘_ :ua)7 E(U2) — 5 (H’CL + /*’ng (:ubo-a + /"Lagb)(s’

(Hb ,ua) (Plb - ,ua) (:ub - PJ@)

2 2 2 2 2
ZE((]‘/) — 5 (Mb'+'ﬂ;) (Nbaﬁ %_liagb)é.
(,ub - Na) (:ub - ,ua)

Proof. For convenience, we first need some simple results about 6;(s,t) and 65(s,t). For

81(87t>7

6,(0,0) =0,
001 (s, t) 1 020, (s,1) o2+ o
ot 5=0,t=0 T ot 5=0,t=0 - (o — ,Ua)3’
961 (s, 1) et pa 8P0i(s,t) 04 + a0
s 5=0,t=0 b~ fha 0s® 5=0,1=0 - (o — Ma)3 7
020, (s, ) 0% + [1a07)
ds0t $=0,t=0 - (o — ,Ua)S '
For 0y(s, 1),
92(0, 0) =0,
D05(s,t) 1 0?05 (s,t) o2+ o
ot 5=0,t=0 = e o $=0,t=0 a (o — Ma)?)’
90s(s, t) Mot gy 0P6(s,t) _ Hjoi + pzoy
s 5=0,t=0 b — e 0s® 5=0,t=0 a (o — Na)g ’
0?04(s,t) 0 T a0}
ds0t s=0,t=0 a (,Ub - Ma)g .
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Therefore,

0
E(V) = —aE lexp{—sP — tT}”s:O,t:O
0
= _Eexp{el (57 t)5 - 92(‘97 t)5}’s:O,t=O
- 901(s,t) . 0a(s,1)
= o608 o i { T - PRI
_ 20
[y — o
Similarly, we can obtain
2 0’
E(V?) = ﬁE[eXP{_SP - tT}”s:O,t:O
452 2(0% + o)
(o = ta)” (s — fa)
0
EU) = —%E lexp{—sP = tT}]],_g,—9
_ 6(:““1) + /~La)
(/vbb - ,U/a)
2 0
LU~ = @E[GXP{_SP_tT}HS:O,t:O
_ P(pat ) | 2(ppon + paop)d
(1o — fta)” (15— Ha)”
82
FE (UV) = 950t E [eXp{—SP - tT}Hs:O,t:O
_20% (o pa) | 2002 + 1007)8
(,Ub - ,Ua)2 (Mb - ,ua)g
The results follows. u

4.3.2 Estimation of parameters

In this subsection, we assume that the sample data for the ith trading time ¢; and the

1th trading price p; are given for : =1,2,--- ;n. Let
u; =Inpi —Inp;, v =t —t,
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hence the sample data for (U, V) is given by ({w;},, {v;}I,). Denote

n

n
xry = Zvi/na IQIZui/n7
=1

i=1
n n n
2 2
T3 = E vi/n, x4 = E u;/n, x5 = E v /n.
=1 i=1 i=1

We aim to derive explicit estimators of the five parameters py, pe, 01, 02, 0 using moment

estimation.

Theorem 4.3.2. The estimators of jia, [, Ta, b, 0 are given by

Yy — <y% _ 4y1y;2—y3>

N|=

ﬂa = 9 , Oq = \/(y4 - 2192)(22 - 21),
1
2 y1ya—y3 \ 2
e femn)t
Hy = 5 , Op = \/(2’2?/2—y4)(Z2—21),
0 = (22— 2)z,
where
29 T3 — T3 T4 — T3 Ts — T1To
yl - _7 y2:—7 y3:—7 y4:—7
I X T X
1 1
) 2 _\ 3
L m—(ﬁ—4ﬂﬁﬂ> Z__w+(ﬁ—4ﬂ%£>
b 2 T 2

Proof. Using the method of moment estimation and the results of Theorem 4.3.1, we obtain

~

20
T = = =
Hb — Ha
_ 5([% + /la)
Xo = —F0—F—~
(:U’b - ,ua)
. M22 mﬁ+ﬁ?
(ﬂb - ,aa) (ﬂb - /la)
521+ i) 2062 + i267)3
Ty = ~ ~ 2 - 3
(fp — fia) (fis — fia)
2(52(,&() + /l(z) 2(/:“26-2 + ﬂa§g)(5
5 = ~ N - .3 .
2(fip — fia) (fp — fta)
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Next we solve fiq, flp, Fa, Op, 0 in terms of x; to xs.

Let,
2$2 N R
Vi = —— = [t [l
a1
T3 — a2 62 + o7
Yo = = N2
T (/Ilb - ,ua)
wi—ad 3R+ 2o
Ys = = = ~ N2
1 (Hb - Ma)
T5 — T1T2 oo+ ﬂa@?
Yo = = — 5 -
1 (:ub - ,ua)
Note that,
Y1Ys — Y3 N N
?J% — 4= = (i — Ma)2-
Y2
Since i, > fi,, We obtain
3
) Y1 — <y% _ 4y1y;12—y3)
Ha = 9
%
) Y1 + <y% _ 42/11/;;1/3)
My = 5
Next denote
%
Y1 — <y% _ 4y1y;;y3>
21 = s
2
3
Ui + <y% _ 4y1y;12—y3>
Z9 = s
2

we obtain

Oq = \/(y4 — 2192) (22 — 21),

6 = /(2092 — ya)(22 — 21).
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Finally we obtain
= (29 — 21)x1.

The result follows.

Next we verify that these estimators are well-defined.

Proposition 4.3.1. The estimators produce real valued estimates, 1.e.

Y1Ys — Y3 >0,
Yo

(ya — z192) (22 — 21) > 0,

yi — 4

(2292 — ya)(22 — 21) > 0.

Proof. First we prove the term y? — 47413’;—2—3"3 is nonnegative. Note that

y: —4 = —~ [25(x5 — 27) — 2my20 (35 — y20) + 2 (24 — 23)] .

YiYa — Y3 4 (22
Y2 x%(f?) - xl)

Since

n
r] = (Zvi/n)2>0,
i=1
n n
ny vl — v
i=1 i=1

T3 —T] = > > 0,

it suffices to show

.T%(.Z'g - :Cf) —2mo(xs — m20) + xf(:ul - :c%) > 0.

80



Note that

v3 (x5 — 22) — 2m179(T5 — 2129) + 23 (74 — T3)

v

2x119 \/(:):3 — 1) (14 — 23) — 23179 (T5 — T179)

= 2$1IE2(\/($3 — x7)(24 — 23) — (25 — 7129))

_ G ruXuw <2v2 B (2)) (w B (2)) B (zm-m ) z%z%)

_ 22%‘2“1 \/Z )22(%—27%/”)2_(Zviui_zvizui>
— 2

n n n n

> QZ%ZW( vi/n) (ui Zw/n)_(Zwui_ZwZui))

n n n n

Next we show y4 — z1y2 and 25ys — y4 are nonnegative. Note that

) 2
Yo (y% _ 4y1y;2 y3> 1y
Ys — 21Y2 = +(y4——>,

2 2
1
Yi1ya—y3
Zoly — - yg(y -4 Y2 > _( _?le2>
2Y2 — Ya B Ya —2 .

Hence it is enough to show

After simplifying above inequality, it suffices to show that yay3 > 3.

Note that

yays > Y3 > (x5 — 7)) (w4 — 23) > (w5 — 2175)?
This is proved in previous inequality. Hence the result follows. [
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4.4 Numerical Example

In this section we apply our model to the real data, and aim to forecast the trading price
movement over a short period. Here we select the stock SUSQ (Susquehanna Bancshares
Inc). The data is chosen from 01/04/2010 9:30AM to 01/04/2010 4:00PM, including the
trading price and trading time. The unit of trading price is dollars and the unit of the

difference of consecutive trading time is seconds. From the formula

O(fha
E(npn,y —Inp,) = M,
Mo — Ha
we obtain
O( g +
E(lnp,i1 —Inpg) = M(n +1).
My — Ha

Therefore given the initial trading price Py = pg, we have

5(/% + ,Ub)

B(ln P(1) = =

E(N(#)) + Inpo.

Since this stock is frequently traded, we use t/7 to approximate E(N(t)), where 7 = E(V) =

26

Hence we have the prediction formula for In P(t) as following

Hy—ha
F(t) = Ly g, (4.4.1)
Similarly, from the formula
2 2 2 202 2.2
E(in Py —In Py = S8 - pp oy pye = St ) 2000 + o})d
(ko = o) (1o — fha) (o — fa)

we obtain
2(ppor + pa03)0
(16 — 1)’

Since {(In P,11 —In P,),n > 0} is an i.i.d. sequence, we have

Var(lnP,1 —InP,) =

2(1p00 + 11503)0

VGT(IH Pn+1 —1In PO) = (/1/ B )3
b — Ma

(n+1).
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Therefore, given the initial trading price Py = py, we have

2(ppoa + Haoy)9
(:ub - Na)g

Var(In P(t)) = E(N(t)).

Hence by using the approximate formula of E(N(t)), we have the prediction formula for

Var(In P(t)) as following
(1504 + Ha03)

g(t) N (:ub - ,ua>2

t (4.4.2)

From above results, we use f(t)+3+/g(t) and f(t) —31/§(t) to estimate the upper bound

and lower bound of the predicted In P(t).

Now we perform the back test for above formula to evaluate the performance of the
prediction. In detail we predict the logarithmic trading price at each trading time using the
10-minute data 1 minute before the trading time. For example, we observe there is a trade
at 10:34:56, then we use the data from 10:23:56 to 10:33:56 to estimate the parameters and
predict the logarithmic trading price at 10:34:56. At the same time we calculate the upper
bound and lower bound of the prediction at that trading time. We compare this predicted
logarithmic trading price with the real one in Figure 4.2. We do the similar prediction for
each trading time but using the 10-minute data 5/10/15 minute before the trading time

respectively. The comparisons are shown in Figure 4.3-4.5.

4.5 Extensions

We end this chapter with suggestions for two extensions.

1. In this chapter we only consider the data of trading price and trading time. It would
be interesting to include the information of trading size (that is, the number of shares of the

traded stock for each trade).
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Figure 4.2: Prediction of trading price using the data 1 minute before each trading time

2. We have assumed that the market ask price and the market bid price separate in a
proportionally manner immediately after they meet each other. It would be interesting to

consider a price-dependent separation mechanism.

84



184
T

real logrithmic price
predicted logrithmic price
upper bound
lowrer bound

182 T TM =

) s
m _,I/“\ ok - iy :
e
18 e 0 SN _
o =
ot i . 1
ryd I‘I'#lr" i

176 — —

174 — —

172 1 I I |

05 1 15 2 25

w10t

Figure 4.3: Prediction of trading price using the data 5 minute before each trading time
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Figure 4.4: Prediction of trading price using the data 10 minute before each trading time
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Figure 4.5: Prediction of trading price using the data 15 minute before each trading time
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