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Abstract

In this master thesis we present the class of linear-rational term structure
models developed by D. Filipovi¢, M. Larson and A. Trolle, and described in their
work [8]. This new class of term structure models has several distinct advantages.
The short rate is non-negative at any time. The model admits analytical solution
to swaptions. One can easily accommodate the unspanned stochastic volatility
(USV) factors affecting the volatility and the risk premia. In the first part of this
master thesis we briefly describe some important classes of term structure models.
We discuss the concept of arbitrage free pricing in term structure models and
present three different arbitrage free pricing systems, using a state price deflator
(state space density), a risk-neutral probability measure and a market price of
risk. We show that if one of these objects can be specified, then, under certain
conditions, the other two can also be specified. We also take a closer look at affine
processes. The second part of this master thesis focuses on examining linear-
rational term structure models in greater detail. The parameters of the liner-
rational square root models can be estimated from the market swap rates and
market swaption prices by a maximum likelihood approach in conjunction with the
unscented Kalman filter (UKF). In the last part of this master thesis we introduce
the UKF algorithm. We also present the results from the parameter estimation of
three different specifications of the linear-rational square-root diffusion models.

Key words: term structure models, arbitrage free pricing, swaption pricing,
MLE, UKF



Zusammenfassung

Diese Masterarbeit beschaftigt sich mit Linear-Rationalen Zinsstrukturmod-
ellen, die von D. Filipovi¢, M. Larson und A. Trolle in ihrer Arbeit [8] entwickelt
wurden. Diese neue Klasse von Zinsstrukturmodellen hat einige besondere Eigen-
schaften. Die Short-Rate ist zu keiner Zeit negativ. Das Modell ldsst analytis-
che Bepreisung von Swaptions zu. Separate Modellierung von Zinsstrukturfak-
toren und Faktoren, die die stochastische Volatilitat beeinflussen, ist moglich. Im
ersten Teil dieser Masterarbeit werden einige wichtige Klassen von Zinsstruktur-
modellen beschrieben. Wir erklaren das Konzept der arbitragefreien Bepreisung in
Zinsstrukturmodellen und prasentieren drei  verschiedene arbitragefreie
Bepreisungsmethoden: Mit Hilfe der Zustand-Preisdichte, des riskneutralen
Wahrscheinlichkeitsmafles und des Marktrisikopreises. Unter bestimmten Bedin-
gungen zeigen wir, dass eines dieser Objekte die anderen beiden festlegt. Der
zweite Teil der Masterarbeit beschaftigt sich mit der Untersuchung von Linear-
Rationalen Zinsstrukturmodellen. Die Parameter der Linear-Rationalen Wurzeld-
iffusionprozesse konnen durch die Market Swap Rates und Market Swaption Preise,
mit Hilfe der Maximum-Likelihood Methode im Zusammenhang mit dem Un-
scented Kalman Filter (UKF), geschitzt werden. Im letzten Teil dieser Mas-
terarbeit préasentieren wir den UKF Algorithmus und zeigen die Ergebnisse der
Parameterschatzungen an Hand von drei verschiedenen Linear-Rationalen Wurzel-
Diffusionsmodellen.

Key words: Zinsstrukturmodelle, Arbitragefreiheit, analytische Bepreisung von
Swaptions, ML-Schdtzung, UKF
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Introduction

In this master thesis we present the new class of linear rational term structure
models developed by D. Filipovi¢, M. Larson and A. Trolle, and described in
their work [8]. The linear-rational term structure models are term structure factor
models, in which the factors are modelled by a multivariate factor process with
a drift that is affine in the current state and the state price density is given by
an affine deterministic function of the current state. Under these assumptions
the linear-rational term structure models are arbitrage free and the zero-coupon
bond prices and the short rates become linear-rational functions of the current
state. This class of models has several distinct advantages. The short rate is
non-negative at any time. The model admits analytical solution to swaptions.
One can easily accommodate the unspanned stochastic volatility (USV) factors
affecting the volatility and the risk premia.

In the first part of this master thesis we introduce the most common interest
rate securities and discuss their arbitrage free pricing. We briefly describe some im-
portant classes of term structure models. We discuss the concept of arbitrage free
pricing of interest rate securities, a basic requirement for term structure models.
Furthermore we present three different arbitrage free pricing mechanisms, using a
state price deflator (state space density), a risk-neutral probability measure and
a market price of risk. We show that if one of these objects can be specified,
then, under certain conditions, the other two can also be specified. We also take
a closer look at affine processes and give necessary and sufficient conditions for a
diffusion process to be affine. Finally in this chapter we discuss the existence and
the uniqueness of affine diffusion processes.

The second chapter focuses on examining linear-rational term structure models
in greater detail. We define the linear-rational framework of the linear-rational
term structure model. We show that the zero bond prices and the short rates are
linear-rational functions of the current state as well as that the short rate in the
model is non-negative at any time. We give necessary and sufficient conditions for
which a d-dimensional linear-rational term structure model has exactly m term
structure factors and exactly n = d — m unspanned factors. We examine linear-
rational square-root models, a subclass of linear-rational term structure models, in



which the factor process is modelled by a multi-dimensional square-root diffusion
process. Under this assumption the swaption prices become exponential-affine
functions of the current state. We give the conditions, the parameters in LRSQ
models have to satisfy in order to guarantee that a d-dimensional linear-rational
square root diffusion process has exactly m term structure and exactly n =d —m
unspanned stochastic volatility factors.

The parameters of the liner-rational square root models can be estimated from
the market swap rates and market swaption prices by a maximum likelihood ap-
proach in conjunction with the unscented Kalman filter (UKF). The maximum
likelihood approach finds the parameter values, which maximise the likelihood
function, obtained by the unscented Kalman filter. For the unscented Kalman
filter to be applied, the linear-rational square-root model has to be approximated
by a state space model, consisting of measurement equations, describing the rela-
tionship between the observable market data and unobservable states of the factor
process, and process equations describing the dynamics of the factor process. In
chapter 3 we present the theory of Unscented Kalman Filter. We define the state
space model corresponding to the LRSQ model. In the state space model the tran-
sition density of the factor process is approximated by a Gaussian density with
identical first and second moments. We present a numerical method for calculating
the first two moments of square root diffusion factor processes. Furthermore, we
discuss the properties of the square root diffusion processes. We give a numerical
method for calculating the first two moments and also describe the different meth-
ods for simulation of multi-dimensional square root processes. Finally, we present
the results from the parameter estimation of three different specifications of the
linear-rational square root diffusion model.



Chapter 1

Term Structure Models of
Interest Rates

1.1 Interest Rate Securities

An interest rate is the price that has to be paid to the lender for using their
money, usually given as a percentage of the borrowed money. The interest rates
can be agreed for an immediate or for a future period of time, in this case the
interest rates are called spot rate and forward rate respectively. Interest rates
can also be classified by their calculation rule. Two examples of interest rates with
different calculation rules are linear (simple) interest rates and exponential
(continuous) interest rates. If R(¢,7') is the annual linear interest rate at time
t, an investment x at time ¢ will yield x(1 + R(¢,T)(T —t)) at time T". If r(¢,T)
is the annual exponential interest rate at time ¢, the same investment z at time ¢
yields zexp(r(t,T)(T —t)) at time T. [11].

Interest rate securities are securities that derive their value from an under-
lying interest rate or a set of different interest rates. They are contracts between
two parties that specify conditions under which payments are to be made between
them. The interest rate securities can be traded on an exchange. However trading
them over-the-counter (OTC), which is a direct trade between two parties, is more
common. The interest rate securities are most commonly used to hedge against
the risk of an unfavourable movement of the interest rate. They are also used for
speculation. The basic interest rate securities are bonds, forward rate agreements
(FRA’s), interest rate swaps, swaptions, interest rate caps and floors and constant
maturity swaps.



1.1.1 Bond

A bond is the simplest interest rate security. It is a debt contract in which an
investor (buyer of a bond) loans money to the issuer of bond for a definite period
of time for predetermined scheduled payments [14]. Bonds are traded with various
maturities and types of payment schedules. The typical issuers are governments,
municipalities, private and public corporations, and financial institutions to fund
their activities. Most of corporate and government bonds are publicly traded on
exchanges, while others are traded only over-the-counter (OTC).

Dependant on the number of the scheduled payments we distinguish zero-
coupon bonds and coupon bonds.

e Zero-coupon bond

A zero-coupon bond (or discount bond) is a bond that pays to the holder
the nominal value on a single future date called maturity date. The nominal value
is also known as face value, par value or principle. We assume that the nominal
value of any bond is equal to one unit of a currency (for example 1 Euro). A zero-
coupon bond is normally issued under the face value and its price is calculated by
discounting the face value with the interest rate effective from the present moment
till the maturity date. Therefore if a zero-coupon bond with maturity 7 is traded
at some date t < T at a price P(t,T) then the price of a zero-coupon bond

must be
P(t,T) = e~ T=rtD) (1.1)

where r(t,T) is the annual continuously-compounded interest rate effective for
the period [¢t,T] (or the yield to maturity on a zero-coupon bond). Obviously
P(T,T) = 1 because the value of getting 1 Euro on the maturity date is 1 Euro.
The zero-coupon bond with maturity date T is also denoted further in the text as
(t,T) bond or T—bond.

The spot rate at time ¢, effective for the period [t, T], can be given by the price
of a (¢,7)-bond

r(t,T) = — log P(t,T). (1.2)

T—1



e Coupon bond

A bond, which regularly pays to its holder (semi-annual or annual) interest rates
(coupons) in addition to the face value is called coupon bond. A coupon bond is
initially traded near the price of its face value. Therefore the coupon bondholders
gain from the regular payments of interest and not form the difference between the
bond price and the face value they will receive at maturity. The coupon bond that
pays a fixed coupon rate is called fixed coupon bond. The coupon bond that
pays a variable coupon that is linked to a reference rate of interest, such as LIBOR
or EURIBOR is called floating coupon bond. The coupon rate is recalculated
periodically. Typically, the coupon rate, effective for the payment at the end of
one period, is set at the beginning of the period at the current market interest
rate for that period, e.g. to the 6-month interest rate for a floating rate bond with
semi-annual payments. Any coupon bond can be seen as a portfolio of zero-coupon
bonds which has the same payments as the coupon bond. Then the price of the
coupon bond must be equal to the value of the portfolio, otherwise there is an
arbitrage opportunity in the market. Therefore the price of any coupon bond can
be expressed by the prices of the zero-coupon bonds in the portfolio and if the
prices of the zero-coupon bonds are known then the price of the coupon bond is
known too. [11, 14]

Fized coupon bond

Let Pg 1TCn " denote the price of a fixed coupon bond, promising at time 7T} the
coupon payment C; (for i = 1,...,n) and additionally at time 7,, the face value of
1. Since the portfolio consisting at time ¢ < T7 of C] units of T3 —bond, C5 units of
T—bond, ..., C,_1 units of T,,_;—bond and C, + 1 units of 7;,—bond ensures the
same payments as the fixed coupon bond, the arbitrage free price of the fixed

coupon bond at any time ¢t < 7} must be

PEba(t) = P(t,T,) + > CiP(t,T)) (1.3)

=1

Floating coupon bond

Let ijéoj‘fan denote the price of a floating coupon bond paying at time 7,
the face value of 1 Euro and at time 7; the variable coupon C; = R(T;_1,T;)A; for
i=1,...,n, where A; = T; — T;_; and R(T;_1,T;) is the reference annual linear
rate. The reference annual rate, hence the variable coupon Cj, is known at time
T;—1 and it is valid for the period [T;_1,T;], therefore the time T;_; is called reset
date and the time 7; is called payment date. The same payments can be ensured by
the following trading strategy (see [11]): at time t buy one (t, Ty)-bond; at time Tj

>



the (¢, Tp)-bond yields 1 Euro which is reinvested in ﬁ units of P(Ty, T1)-bond;
at time T; (1 < n) the (T;_1, T;)-bonds yields ﬁ =14+R(T;-1,T;)A; = 1+ C,
the coupon C; is paid and 1 Euro is invested in ﬁ units of (7}, T;+1)-bond;
at time T,, the (T,,_1,T,)-bonds yield 1+ C,,. Since the investment for this trading
strategy equals the price of one (t,7Tp)-bond, the arbitrage free price of the

floating coupon bond at any time ¢t < T must be

PR 0, (t) = P(t,Ty). (1.4)

1.1.2 Forward rate agreement

A forward rate agreement (FRA) is an over-the-counter contract between two
parties (buyer and seller) that determines a fixed rate of interest for a future period
of time which has to be paid or received. At maturity the difference between the
contracted interest rate and the market interest rate is exchanged. This way the
buyer of FRA hedges against the risk of rising interest rates, while the seller hedges
against the risk of falling interest rates. How do Forward Rate Agreements work?
Let f denote the contracted continuous forward rate at time ¢ for the future period
of time [Ty, T1]. The buyer of FRA pays at time 7j 1 Euro and receives at time T3
1 Euro and the interest e(™1=70)/ The same payments at time T, and T} can be
ensured by the following trading strategy: sell at time t one Ty—bond and buy at
time t e =T0)f units of Ty—bond [11].

The value of these payments at time ¢ and hence the arbitrage free price of
forward rate agreement can be given by

Pl (6) = —P(t,Ty) + =™ P(t,T)) (1.5)

The continuous forward rate f(t,7y.77) at time ¢ for the future period
[Ty, T1] is the rate f for which P{:J“Tf (t) = 0, i.e. neither the buyer nor the seller
pays for the FRA at time ¢,

ft,To.Th) = (1.6)

kgrwﬂq.

T T, P(t,Ty)

1.1.3 Interest rate swap

An interest rate swap is an agreement between two parties to exchange a stream
of fixed interest rate payments and a stream of floating interest rate payments [11].
It is specified by a tenor structure of reset and payment dates 7oy <17 < --- < T,
and a predetermined annualized rate K. At each payments date T;, (i = 1,...,n)
the floating leg pays R(T;—1,T;)A; and the fixed leg pays KA;, where R(T;_1,T;)
is the annualized reference rate and A; = T; — T;_;. Note that the sale of a fixed



coupon bond paying at time 7; the fixed coupon KA; and the buying at the same
time of a floating coupon bond paying at time 7; the variable coupon R(T;_1,T;)A;
for i = 1,...,n ensure the same payments as the interest swap from perspective
of the fixed-rate payer. Hence, the arbitrage free price of the interest swap at
any time ¢t < Ty must be

-----

P;‘:,J%?’KTn (t) = P(tu TO) - P(tu Tn) - AZKZ P(tvl-rz) (17)
=1

The rate K = S; for which Pp" KTn (t) = 0 is called the time-t forward
swap rate. It is given by

P(t, Ty) — P(t,T,)

o= S AL T)

(1.8)

Swaps are very similar to FRAs. Both are used for hedging against the risk of
raising resp. falling interest rate. They can be used also for speculating. Unlike
the swap in FRAs the payment is only made once at maturity. Interest rate swaps
could be viewed as a chain of FRAs [11].

1.1.4 Swaption

A swaption is an option on a swap, it gives its holder the right, but not the
obligation, to enter into an underlying swap at or before a given future date called
maturity date. There are two type of swaption. A payer swaption gives the
holder of the swaption the right but not the obligation to enter into an interest
swap, paying the fixed leg at a pre-determined rate and receiving the floating leg
[7]. A receiver swaption gives the holder the right to enter into an interest swap
paying the floating leg and receiving the fixed leg. The buyer and seller of the
swaption agree on the price of the swaption and expiration date, which is usually
two business days prior to the start date of the underlying swap. They also agree
on the parameters of the underlying swap as settlement/payment days, the fixed
rate (which equals the strike of the swaption), the reference rate (for example, 3
month LIBOR paid quarterly). The holder of the swaption exercises the right to
enter into the underlying interest swap if its value is positive on the maturity date.
Hence, the swaption price also depends on this value and can be calculated only
if the term structure of the interest rates is known. The swaption pricing includes
development of the term structure models.



1.2 Term Structure of Interest Rates

The current term structure of interest rates (or yield curve) represents the
relationship between the interest rates and different maturities. For a fixed time
t the yield curve is observable at the market and can be given by the function
T — r(t,T).

Because of the one to-one relationship between zero-coupon bond prices and
spot rates,

r(t,T)=—

T3 log P(t,T),
the discount function T — P(¢,7) and the zero-coupon yield curve
T — r(t,T) give exactly the same information. If P(¢,T) is defined for all matu-
rity dates T, we can easily recover the yield (i.e. the annualized interest rate) for
borrowing money for that period. The actual challenge in defining a yield curve
therefore lies in the determination of the discount function ' — P(t,T).

The entire term structure of the interest rates describes the relationship
between the interest rate r(¢,7) (or the price P(¢t,T)) and the time variables ¢
and T'. It is given by (7(t,7T))o<t<T<o0o O (P(t,T))o<t<T<c0- The term structure of
interest rates is not observable and has to be modelled.

1.2.1 Extracting the Current Term Structure from the Mar-
ket Prices

If all zero-coupon bonds were traded, the term structure could be specified by their
market prices. However, in many bond markets only very few zero-coupon bonds
are issued and traded, which means that the term structure is known with certainty
only for a few specific maturity dates. In markets where the coupon bonds are
intensively traded the zero-coupon bonds can be constructed by forming certain
portfolios of coupon bonds. The arbitrage free price of this zero-coupon bond can
be derived and transformed into zero-coupon yield. This technique for constructing
the yield of zero-coupon bond from the prices of a set of coupon-bearing products,
e.g. bonds and swaps is called bootstrapping. Examples and detailed description
of this technique are given in [14].

The bootstrapping technique is a simple technique, but the term structure
extracted with this technique seems often unrealistic. A reason for this is that the
bond prices are not only affected by interest rates but also by other factors. To
determine more realistic term structure we need more sophisticated mathematical
techniques, for example stochastic models.



1.2.2 Modelling the Term Structure by Using
Stochastic Variables

The term structure of interest rates can also be modelled by a deterministic func-
tion of one or more time-dependent, non-observable, stochastic variables. These
variables normally describe the factors which affect the term structure or factors
which affect the price of interest rate derivatives but not the term structure. They
are usually non-observable and have to be modelled.

The instantaneous spot rate and the instantaneous forward rate are two exam-
ples of factors affecting the term structure and can be used to describe the entire
term structure of interest rates.

Instantaneous forward rate

Definition 1.1 (Instantaneous forward rate). Assume that P(t,T) is differentiable
with respect to T. The instantaneous forward rate f(t,T) is the forward
rate with maturity T, arranged at time t for an infinitesimal short time interval

[T, T+dT] defined by

f(t,T) =lim f(t,T,T + h) = a7 (1.9)
T) =lm f&T.T+h) = — o7 -
The zero-coupon bond prices P(t,T) for 0 <t < T < oo can be defined as solution
of the differential equation (1.9) with initial condition P(7,T") = 1 given by

P(t,T) = exp (— /t ' f(t,u)du) | (1.10)

The instantaneous forward rates (f(t,7"))o<t<r<co determine the prices P(t,T) for
all 0 <t < T < oo and hence the entire term structure of interest rates. Since
the instantaneous forward rates are unobservable at the market, they are usually
modelled by the stochastic processes. [11]

Instantaneous spot rate (or short rate)

Definition 1.2 (Instantaneous spot rate). Assume that P(t,T') is differentiable
with respect to T. The instantaneous spot rate (or short rate) r; is the spot
rate for an infinitesimal short time interval [t,t+dt] defined by

dpP

——=(t,T). (1.11)

Ty = 1}1&)17"(25,71) = f(tu t) =

Unlike the instantaneous forward rate, the short rates (r(t))o<i<r+ can not
determine the entire term structure alone. But if we assume that the short rate



follows an It6 process defined on the probability space (2, A, F,P) with Fy =
{0,Q} and choose a risk-neutral measure Q, equivalent to P, then the short rate
process (7(t))o<t<r+ and the risk-neutral measure QQ together define an arbitrage
free system of zero-coupon bond prices

P(,T) = Eq [exp <_ /t Tr(u)du) | ]—"tl (1.12)

for 0 <t < T <T* and hence, the entire term structure of interest rates.[11]

1.3 Some Important Groups of Term Structure
Models

There is a wide variety of term structure models of interest rates, described in
financial literature. We give a brief description of some important groups of term
structure models [19].

1.3.1 Parametric Models of the Current Term Stricture

In parametric models the current term structure is fitted by a smooth parametric
function with a finite number of parameters, chosen in such a way that many of
the typically observed shapes of the yield curve can be captured. One of the most
popular models of these groups is the model of Nelson and Siegel introduced in
1987, in which the shape of the yield curve is modelled as

fns(x,z) = 21 + (22 + 237) exp(—z4x)

where zq, 29, 23, 24 are parameters which have to be estimated. This family of
interest rates curves was extended by Svensson as

fsu(x,2) = 21 + (22 + 237) exp(—242) + 25 exp(z6x)

This model is now used by central banks in Canada, Germany, France and the
United Kingdom [19].

1.3.2 Affine-Factor Diffusion Models

The factor diffusion models assume the existence of factors which can affect the
prices of all tradable securities and this factors are modelled by stochastic diffusion
processes X;. In affine-factor diffusion models the zero-coupon bond prices can be

10



written as an exponential-affine function of the short rate r(¢, X;), which means
there are deterministic functions A(¢,7") and B(t,T) so that

P(t,T) = exp(A(t,T) + r(t, X)) B(t,T)).

An important result of Duffie and Kan (1996) shows that the yields are affine
if and only if the drift and the square of the diffusion components of stochastic
differential equations of X; are also affine in r(¢, X;). The functions A(t,7") and
B(t,T) can be determined by solving Riccati differential equations.

1.3.3 Short Rate Models

In short rate modles it is assumed that the short rates follow an Ito process defined
on the probability space (92, A, F,P) with Fy = {0),Q}. The short rate process
(rt)o<t<r+ together with the risk-neutral pricing measure Q define an arbitrage
free system of zero-coupon bond prices given by (1.12), and hence they determine
the entire term structure of interest rates. The first attempt in this direction was
made in 1977 by O. Vasicek. He describes the short rate by an Ornstein-Uhlenbeck
process
dry = k(0 — ry)dt + odB,.

The short rate in Vasicek’s model is asymptotic normal distributed with mean 6
and variance % A disadvantage of this model is that it is theoretically possible
for the interest rates to become negative. Furthermore, the model is not flexible
enough to capture all shapes of the yield curve.

In the CIR model, proposed in 1985 by Cox, Ingersoll and Ross (CIR), the

short rate is described by
dry = k(0 — ry)dt 4+ o\/r1dBy.

The short rate in the CIR model is non-centred y2?-square distributed and
almost surly positive. Nevertheless the model is not flexible enough.

Since both the drift and o?(r;) are affine function of r; both Vasicek and CIR
models are one factor affine models where the only factor is the short rate.

1.3.4 HJM Models

Heath, Jarrow and Morton (HJM) introduced in 1992 a new framework for mod-
elling of interest rates. They model the evolution of the forward rates by a family
of (an infinite number of) stochastic differential equations

VI 0<T<T* ftT)=f0,T) +/ta(t,T)dt+/ta(t,T)dBt vt € [0,7].
0 0
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In this class of models o is essentially chosen freely, while « is determined from o
by the HJM drift condition in order to get an arbitrage free model.
The instantaneous forward rates (f(t,7"))o<i<r<7+ determine the zero-coupon

bond prices for all 0 < ¢ < T < T* by (1.10) and hence the entire term structure
of interest rates.

1.3.5 Market Models

The LIBOR market model does not describe the entire term structure. It models
the (linear) forward rates L; = F(t,T;-1,T;), (0 <t < T;_), for a fixed tenor
structure Ty < Ty < --- < T, as lognormal process.

dLy(t)
Li(t)

= wi(t)dt + o;(t)dW;, i=1,....,n,

Note that at time ¢ the LIBOR rates L;(t) are directly observable in the market.
Its volatilities are naturally linked to traded contracts. This model class was first
introduced in 1997 by Brace, Gatarek and Musiela [2] and extended by Miltersen,
Sandmann and Sondermann in the same year. It is used for pricing interest rate
derivatives, especially exotic derivatives like Bermudan swaptions, ratchet caps
and floors, etc. [19]

1.4 Arbitrage free pricing

An essential requirement to term structure models is the arbitrage-free pricing of
all interest rate securities. An arbitrage is a trading strategy that generates a
risk-free profit due to the price differences at the same time at different markets
[14]. Munk describes in [14] the general arbitrage free pricing mechanisms using
three different objects: a state-price deflator (also known as state space density),
a risk-neutral probability measure, and a market price of risk. He shows that if
one of these objects can be specified, then the model is arbitrage free and a payoff
stream can be specified. If one of these objects can be specified, then the other two
can also be specified, under certain conditions. In this section we present these
pricing mechanisms.

Consider a model of financial market in which one instantaneously risk-free
asset (i.e. bank account) and one zero-coupon bond with maturity 7" are traded.
Since the zero-coupon bond is traded up to maturity 7" and the prices after ma-
turity date are not relevant, we define the model for the time period [0,T]. We
assume for this model that the basic uncertainty in economy is represented by
a standard Brownian motion, B = (By)o<¢<r defined on the filtered probability
space (2, A, P, F) with F, = {0,Q }.

12



Let A = (A¢)o<t<r denote the price process of the bank account continuously
compounded with the instantaneously risk-free interest rate r, for the infinitesimal
interval [t,t + dt]. The price of a bank account at time ¢ < T" describes the value
at time t of a deposit Ay made at time ¢ = 0 and therefore satisfies

dAt = At T dt

which is equivalent to
t
A, = eloredt (1.13)

assuming that Ay = 1 and that the process r = (r;) is such that f(f |7¢| dt is finite
with probability one.

The price of a zero-coupon bond at time ¢ > 0 is random except on the maturity
date 7', when the nominal value is repaid. On this day it is P(7,7) = 1. We
assume that the price at time ¢ < T of the zero-coupon bond with maturity
day T follows an It6 process (see Definition A.2) of the form

dP(t,T) = P(t,T)(udt + 0:dB,), P(T,T) =1 (1.14)

where p = (p;) denotes the (relative) drift, and o = (o) reflects the relative
sensitivity of the price to the exogenous shock to the economy at time ¢, described
by the evolution of the standard Brownian motion B = (By)o<i<7-

For this model we will represent three equivalent arbitrage-free price systems
based on three different objects: state-price deflators, risk-neutral probability mea-
sures, and markets price of risk and we show that if one of these objects is specified,
any payoff stream can be priced.

State-price deflators

Definition 1.3. A state-price deflator (or state space density) is a strictly
positive process ( = ((;) with (o = 1 and the property that the product of the
state-price deflator, and the price of an asset is a martingale, i.e. ((;P(t,T)) and

(GA:) = (Qea:p(f(f rydu) are P-martingales. [14]

Suppose we are given a state-price deflator ( and hence the distribution of
Cr/¢;- Then it follows from the martingale properties of (¢, P(¢,T')) that the price
at time t <'T" of a zero-coupon bond with maturity T is

P(t,T)=FE; [C—TP(T, T)] =F [C—T} , (1.15)
G G
where E; denote the expected value under the P-probabilities conditionally on the
available information at time ¢, i.e. E[X] = E[X | F.

The existence of a state-price deflator (state space density) is closely related

to absence of arbitrage:
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Theorem 1.4. If a state-price deflator exists, the prices admit no arbitrage. [14]

Theorem 1.5. If the prices admit no arbitrage and technical conditions are sat-
isfied, then a state-price deflator exists. [14]

Corollary 1.6. Under technical conditions, the existence of a state-price deflator
is equivalent to the absence of arbitrage. [14]

A proof of these theorems can be found in [14]. Duffie (2001) gives a pre-
cise description of the technical condition. Munk (2005) shows that if prices ad-
mit no arbitrage and technical conditions are satisfied, then the marginal rate
of intertemporal substitution of some agent investing in the market, defined by
G = e U (¢;)/u'(co), is a state-price deflator. Here it is assumed that ¢ = (¢;) is
the optimal consumption process for this agent, u(+) is a utility function and 0 is
the time-preference rate of this agent. Since agents have different utility functions,
different time preference rates, and different optimal consumption plans, there can
potentially be (at least) as many state-price deflators as agents.

Risk-neutral probability measures

Bonds are usually priced with the help of a so-called risk-neutral probability mea-
sure.

Definition 1.7. A probability measure Q is said to be a riskneutral probability
measure (or equivalent martingale measure) if the following three conditions
are satisfied:

(1) Q is equivalent to P,
(ii) the discounted price process P(t,T) = A;'P(t,T) = P(t,T) exp (— fot Tudu>
1s a Q-martingale,
(111) the Radon-Nikodym derivative dQ/dP has finite variance.
(see [14])

The margingal property (i7) implies that under the risk-neutral probability
measure Q the price at time t <T of a zero-coupon bond with maturity T is given
by

P(t,T) = E2 [e_ S rudu T)} — E° [e_ I TudU] (1.16)

The Radon-Nikodym derivative dQ/dP is a random which is known at time 7'

and usually not before time T since in our market all uncertainties are resolved at
time 7. Let dQ/dP = & and then define a density process & = (& )o<t<7 by

&=Ly [dQ/dP] =E; [fT]
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The process (&) is a P-martingale, since for any ¢ < ¢’ < T we have

Ey[&v] = Ey [BEy [Er]] = B[] = &

Then under the probability measure P the price at time ¢ < T of a zero-coupon
bond with maturity 7T is given by Bayes rule

r Ey [&@_ e Tucm]
t fry Et |:

P(t,T) = E® [e_f "ud“} - — 5% Qe—ftTfudU} (1.17)

&

The existence of the risk-neutral measure (Q implies that the model, we consider,
is arbitrage free.

Theorem 1.8. If a risk-neutral probability measure exists, prices admit no arbi-
trage.

Proof: (see [14], p. 76)

The next theorem shows that there is a one-to-one relation between risk-neutral
probability measures and state-price deflators. Under certain technical conditions
the state-price deflator can specify the risk neutral measure, and vice verse the
state-space deflator can be specified by Radon-Nykodim derivative dQ/dP.

Theorem 1.9. Given a risk-neutral probability measure Q. Let & =
E,[dQ/dP] and define ¢; = & exp(— fot rodu). If ¢ has finite variance for allt < T,
then ¢ = () is a state-price deflator. Conversely, given a state-price deflator ¢,
define & = exp(fot rodu);. If & has a finite variance, then a risk-neutral proba-
bility measure Q is defined by dQ/dP = &r. [14]

Proof: Suppose that @Q is a risk-neutral probability measure and
& = EdQ/dP] = E.[¢r] is the probability density process. We prove that
G = &exp(— fot r.du) is a state price density. According to Definition 1.3 of
state price density we have to show that {y = 1, {(r > 0 and ((;A;) and ((;P(t,T))
are P-martingals.

Obviously ¢y = & = E[dQ/dP] = Q(Q) = 1 if Fy = {Q,2} and {7 > 0
since & > 0. ((A;) is a P-martingale, because (;A; = Cexp(f(;5 rydu) = & and
& = E[dQ/dP] is a P-martingale. Further, since Q@ ~ P and ¢ is the probability
density process it follows that e~ Jo reduP(¢ T is a Q-martingale if and only if
e o rude Pt T)E, is a P-martingale. The martingale property implies

e B P, T)g = By e 10 P(T, Ty |
and hence (;P(t,T) = E;[(r] is a P-martingale.
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Conversely, suppose that ((;):<r is a state-price density, then according to Def-
inition 1.3 & = ( exp(fot rydu) is a P-martingale. Since (7 > 0 and EF[¢7] =
EP[¢] = E[¢] = 1 (martingale property) the random variable 92 = Z; de-
fines a probability measure Q, equivalent to P, with a probability density pro-
cess EF[Zy | F] = &. Hence, e~ b rude Pt T) is a Q-martingale if and only if
e~ Jorudup(t TV, = ¢, P(t,T) is a P-martingale. Since by assumption ¢,P(t,T)
is a P-martingale it follows, according to Definition 1.7, that Q is an equivalent
martingale measure.

O

In the previous subsection we saw that, the absence of arbitrage implies the
existence of a state-price deflator under some technical conditions. It follows from
Theorem 1.5 and Theorem 1.9 the absence of arbitrage also implies the existence
of a risk-neutral probability measure - again under technical conditions.

Theorem 1.10. If the prices admit no arbitrage and technical conditions are sat-
1sfied, then a risk neutral measure Q exists.

Market price of risk

Suppose that Q is a risk-neutral probability measure with Radon-Nikodym deriva-
tive dQ/dP = &r. As we already discussed the process & = (&), defined by & =
E[dQ/dP] = E;[é7], is a square integrable P-martingale with {, = E[dQ/dP] = 1
(since Q is a probability measure). Then it follows from the Martingale Represen-
tation Theorem (see Annex), that a process A = (\;) exists such that

dft = _gt/\tdBt

or, equivalently (using & = 1),

1 t t
& = exp (—5/ N du — / )\udBu> . (1.18)
0 0

According to Girsanov’s Theorem (see Annex), the process W = (W;) defined by

is a standard Brownian motion under the Q-measure.

Let us define the process A = (\;). Since we assumed that Q is a risk-neutral
measure, it follows from Definition 1.7 that the discounted price process given by
P(t,T) = exp(— f(f rodu)P(t,T) is a Q-martingale. Applying [t6’s Formula (see
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Annex) and (1.15), and then substituting dB; = dW; — \dt, we obtain that the
dynamics of the discounted prices are given by

dP(t, T) = P(t,T)(,ut — Ty — O't)\t)dt ‘l— Utth (120)

Since, according to Definition 1.7, the discounted price process is a -martingale,
the drift must be zero and hence A is defined as a solution of

Mt — Ty = Jt/\t- (121)

Suppose that A is a solution of (1.21). Suppose also that A satisfies Novikov’s
condition, i.e. Ej [exp (% fOT )\iduﬂ < 0o. Let us define the process & by (1.18)

and assume that & has finite variance. Under these technical conditions the
measure Q, defined by dQ/dP = &7, satisfies all conditions of risk neutral measure
given in Def. 1.7, and hence the measure Q is a risk-neutral probability measure.
[Proof: (i1) Novikov’s condition ensures that the process & = (§;) is a martingale.
According to Girsanov’s Theorem, the process W, defined by (1.19), is a standard
Browning moving under @Q and the discount price process Pis a Q-martingale.
(i) & > 0and & = 1 imply that Q and P are equivalent. (4i7) satisfied by
assumption]. These results are summarized in the following theorem:

Theorem 1.11. If a risk-neutral probability measure exists, there must be a solu-
tion to (1.21) for all t. If a solution A, exists for all t and the process A = (\;)
satisfies technical conditions, then a risk-neutral probability measure exists. [14]

Definition 1.12. Any process A = (\;) solving (1.21) is called a market price
of risk process.

The market price of risk is a measure of the extra return, or risk premium, that
investors demand to bear risk.

Theorem 1.11 proves that there is a one-to-one relation between risk-neutral
probability measures and market prices of risk. According to the result from a
previous subsection we can conclude that under technical condition the existence
of a mark-price of risk is equivalent to the absence of arbitrage.

Theorem 1.9 and Theorem 1.11 imply that up to technical condition there is
also a one-to-one relationship between state-price deflators and the market price
of risk.

Supposing that A is a market price of risk and £ = (&) is a process defined by
(1.18), then under the certain technical condition, the process ¢ defined by

‘ t 1 t t
G =e it —oxp (= [y [ o= [aam) o
0 2 0 0
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is a state-price deflator and £ is a density process [14]. We apply Itd’s Lemma to
(1.22). Since ¢ also satisfies d§; = —&{\d By, it follows that the state-space deflator
satisfies

¢, = —Co(rydt + \dBy). (1.23)

We see that the relative drift of a state-price deflator equals the negative of the
short-term interest rate. The sensitivity vector of a state-price deflator equals the
negative of a market price of risk.

We proved that the state-space deflator, the risk-neutral probability measure
and the market price of risk are three different but equivalent objects. If one
exists, the other two can be defined. Under the certain technical condition the
existence of one of them is equivalent to the absence of arbitrage. These objects
give three different (but equivalent) ways to define arbitrage free price systems.

We defined three different formulas for the arbitrage free pricing at timet <'T
of a zero-coupon bond with maturity date T by

P(t,T) = E, {%]

— g [ trrn]

T 1 (7 T
= F, {exp (—/ rodu — —/ /\idu — / )\udBu>}
¢ 2/, t

where ( is the state-price deflator, QQ is the risk-neutral measure, A is the market
price of risk.
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This arbitrage free price formulas can also be used for pricing of zero-coupon
bonds with maturity date T" < T. Suppose that Q is a risk-neutral probability
measure. A zero-coupon bond with maturity date 77 < T pays at time 7" one
unit of currency, e.g. 1 Euro. If we invest at time 7" this payment in the bank
account over the period [T”,T], then the pay off at time T is eJrrrude The price
we pay at time t for these two investments is exactly the price at time ¢ of the
zero-coupon bond with maturity date 7", P(¢,7"), and it must correspond to the
t-time value of the T-time pay off. Otherwise there is an arbitrage opportunity.
Hence, the price at any time t < T" < T of the zero-coupon bond with maturity
date 7" under Q must be

T
t

P(,T') = E2 [e* S rudu <P(T’,T’)efTT’ du)} — B9 [e*f dﬂ .

In term of state-price deflator we have

N CT’
P, T Et[g].

If X\ is a market price of risk we have

T 1 [T T’
exp —/ rudu——/ )\Zdu—/ A dBy,
t 2 t t

The arbitrage free price formulas can be applied also for zero-coupon bond pric-
ing in models with N risky assets paying a single dividend at time T [14]. In this
case the assets price dynamics is given by

P(t,T") = E,

dP, = diag(P,)(judt + 0,dB,)

Here P, = (Py,...,Py;)T is the price vector of all N risky assets,
e = (fag, .-, unve)? is a vector of expected returns, o, = (041 )1<i<ni1<j<d 1S a
N x d matrix reflecting the sensitivity of the prices to the exogenous shocks and
determines the instantaneous variances and covariances (and hence also the cor-
relations) of the risky asset prices. By = (Byy, ..., Bg) is a vector of d exogenous
shocks to the economy at time ¢. We assume that all the uncertainties that affect
the investors stem from these exogenous shocks.

The market price of risk is, in this case, any process A = (\;) solving the system
of N equations and d unknown variables A4, ..., A\g

Ut>\t = Ut — Ttld (124)

The number of solutions of this system depends on the rank of the N x d matrix
o;. Let k denote the rank of the . If k£ < d, there are several solutions to (1.24),
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hence several arbitrage free price systems. Therefore the prices of the traded risky
assets are not unique and they are only sensitive to k of the d exogenous shocks
(risks). If & = d there is an unique solution to (1.24) given by

A= Ut_l(ﬂt —rily)

and therefore an unique arbitrage free price system. The prices are sensitive to all
risks of the market. This is possible only in so called complete markets [14].

All definitions and theorems we consider in this section are valid also for models
with IV risky assets paying a single dividend at time 7.

Finally, it is important to note that all tree arbitrage free price formulas are
defined by conditional expectations and in affine term structure factor models the
conditional expectations and hence the zero-coupon bond prices can be given in
a closed form. Therefore the affine term structure factor models are often the
preferred models. Some properties of the affine term structure factor models will
be introduced in the following section.

1.5 Affine Diffusion Term Structure Models

The factor models assume the existence of one or several state variables (factors)
whose current values contain all the relevant information about the economy and
which can affect the short rate, market price of risk and hence the prices of all
traded securities. Principally these factors are unobservable and have to be mod-
elled.

In affine diffusion term structure models the state variables follow an affine
diffusion process.

1.5.1 Affine Diffusion Processes

Consider a d-dimensional stochastic diffusion process X = (X;):>o with values in
E C R? which solves the stochastic differential equation

dXt = b(Xt, t)dt + p(Xt, t)dBt, X() =T (125)

where x € E, B = (B;)>0 is a d dimensional standard Brownian motion defined on
the filtered probability space (Q, F, (F;),P), b : E — R? is continuous in X € E,
p: E — R is measurable so that the diffusion matrix a(Xy,t) = p(X;, t)p(Xe, 1) "
is continuous in X € E. Suppose that for any x € E there exists a unique solution
X = X7 of SDE (1.25).
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Definition 1.13 (Affine Diffusion Process). The stochastic diffusion process
X is affine if F;-conditional characteristic function of X is exponential affine
in Xy, i.e. there exist C- and Cl-valued functions ¢(t,u) and 1(t,u), respectively,
with jointly continuous t-derivatives such that X = X% satisfies

R 120

forallu e iRt <T,x €E.

Remarks:

1) Since the conditional characteristic function is bounded by one, the real part of
the exponent ¢(T — t,u) + (T —t,u)" X;) <0 in (1.26) has to be negative [9].
2) ¢ and ¢ uniquely determined by (1.26) with ¢(0,u) = 0, ¥(0,u) = u.

The following two theorems provide necessary and sufficient conditions for the
stochastic diffusion process X (1.25) to be affine [7].

Theorem 1.14 (Necessary Condition). Suppose that X is affine. Then the
diffusion matriz a(x,t) and drift b(z,t) are affine in x, i.e.

d
a(xz,t) =a+ Z Ty
i=1

d
b(z,t) =b+ > 28 =b+ Bz

=1

(1.27)

for some d x d-matrices a and «; and d-vectors b and 3;, where

B:(ﬁl,--~,5d)

denotes the d X d-matriz with ith column vector B;, 1 < i < d. Moreover, ¢ and
Y= (1,...,0q)" solve the system of Ricatti ODEs

Orp(t,u) = —w(t w) " a(t, u) + b (t, u)
v0u) = ? (1.28)
Ot u) = St ) ) + B ), 1< i <
»(0,u) = u.

In particular ¢ is determined by v via simple integration

o= [ (50500 vt ) + 07 w(s,) ) ds
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Proof: Suppose that X is affine. For T > 0 and u € iR? define the complex-valued
[to process

M(t) = exp(d(T — t,u) + (T —t,u) " X,).

Applying It6 formula separate to the real and to the imaginary part of M, one
obtains
dM(t) = I(t)dt + (T —t,u) " p(X;)dB;, t <T

with

I(t) = —=0r¢(T — t,u) — Op(T — t,u) " X,
U = 1,0) B + ST — 6 0)Ta(XU(T — )

Since M (t) is a martingale, we have I(¢) = 0 for all t < T" a.s. Letting ¢ — 0, by
continuity of drift b(X;) and diffusion matrix a(X;) it follows that

0ro(T,w) + Org(T,u) & = 9(T,u) b(x) + ST, ) a() (T

forall z € E, T >0, u € iR%. Since 1(0,u) = u it follows that the a(z) and b(z)
are affine of the form (1.27). Plugging this into the equation above and separating
first order terms in x one obtains the Ricatti SDEs (1.28). [7]

D

Theorem 1.15 (Sufficient Condition). Suppose that the diffusion matriz a(z,t)
and drift b(z,t) are affine of the form (1.27) and suppose there ezists a solution
(é,9) of the Ricatti ODEs (1.28) such that Re(¢(T — t,u) + (T —t,u)" X;) <0
forallt >0, u € iR? and x € E. Then X is affine with conditional characteristic
function (1.26).

Proof: Suppose that a(z,t) and b(x,t) are affine of the form (1.27) and (¢, ) is a
solution of the Ricatti ODEs (1.28) such that Re(¢(T —t,u) +y(T —t,u)" X;) <0
for all t > 0,u € iR®and x € E. Then M, defined as above, is uniformly
bounded local martingale, and hence a martingale with My = e X1 Therefore

E [My | 7] = M,, which is equivalent to (1.26). [7]
U

Remark: In the literature affine diffusion processes are frequently defined as stochas-
tic diffusion process with affine drift and diffusion matrix of the form (1.27).
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Up until now we assumed the existence of a unique solution X of SDE (1.25)
on some space £ C R. Now the question arises if such a solution truly exists.
Filipovi¢ and Mayerhofer prove in [9] the existence and the uniqueness of affine
processes on the canonical state space £ = R' x R" for some integers m,n > 0
with m +n = d.

The following theorem characterises the affine processes on the canonical state
space.

Theorem 1.16. The process X on the canonical state space R x R" is affine if
and only if a(x) and b(z) are affine of the form (1.27) for parameters a,;,b, B;
which are admissible in the following sense:

a,q; are symmetric positive semi-definite,
arr = 0( and thus ar; = a;; = 0),
a; =0 forall j € J,

i =i =0 for ke I\{i}, foralll <i,1<d, (1.29)
beRT xR,
BIJ = Oa

Bir has positive off-diagonal elements.

In this case, the corresponding system of Riccali equations (1.28) simplifies to

0u0(t, ) = st ) gy ) + DTt ),
¢(0,u) =0,
Oubilt,w) = (4, 0) ot ) + 6k, ), i€ 1,
Oy (t,u) = Byt u),
0.u) =

and there exists a unique global solution (¢(,u),¥(,u)) : Ry — C_ x C™ x iR"™
for all initial values u € C™ x iR"™. In particular, the equation for ¢ ; forms an

autonomous linear system with unique global solution 1 ;(t,u) = Bty for all
uy € C". ([9], Theorem 3.2)
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Corollary 1.17 (Exponential Affine Transform Formula). Suppose that X
is affine diffusion process. Then there exist C- and C%-valued functions ¢(t,u,v)
and Y(t,u,v), respectively, with jointly continuous t-derivatives such that X = X~
satisfies

E |:€u+'uTXT ‘ ft] — ed)(Tft,u,'u)+1/J(T7t,u,v)TXt (130)

forallue R, veR t<T,xz€FE.
o Re(o(T —t,u) + (T —t,u) ' X;) <0,
e ¢ and ) solve the system of Ricatti SDEs

O p(t,u,v) = %@D(t u, U) ay(t,u,v) +bTw(t,u,v)
¥(0,,v) :Qi (1.31)
Ohi(t,u,0) = S(tu ) Lagth(t,u,v) + Bt u,v), 1<i<d
Y(0,u,v) = v.

e ¢ and ¢ uniquely determined by (1.30) with ¢(0,u,v) = u, ¥(0,u,v) = v.
Example 1.18 (Ornstein-Uhlenbeck Process).
dXt = /4;(9 — Xt>dt + O'dBt, Xt =X

state space: R?

parameters: k € R4 9 e RY, o € R

e Ricatti equations:
09(t, ) = 5(t,w) o0 (1, u) + (50) Wt )
»(0,u) =0
O(t,u) = —w"P(t, u)
(0, u) = wu.

the unique solution of Ricatti equations for d =1
Y(t,u) = e "y
P(t,u) = Ou(l — e ") +

2

o
Z (1 — —2Kkt )
=)
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Example 1.19 (CIR process).
dXt = K)(e — Xt>dt + o/ XtdBt, Xt =X

state space: R?

parameters: k € R4 9 € RY, o = Diag(oy,...,04) € R

Ricatti equations:

0p(t,u) = (k)" (t, u)
¥(0,u) =0
Oub(t,u) = St w) oo (t, u) — (1)
¥(0,u) = u.
o the unique solution of Ricatti equations for d =1
ue "t
Y(t,u) = 1_ %u(l _ 67’“)

2k0 o? e
o(t,u) = —?log (1 — ﬂu(l —e ))

numeric solution for d > 1.

1.5.2 Pricing in Affine Diffusion Models

Suppose that the factor process X follows an affine diffusion process of the form
(1.25).

Consider a T-claim with payoff Hr = H (X, T') at time T so that E [exp fo s)ds |H(Xr,T)|)

0o. Then its arbitrage free price at time ¢t < T is given by
n(t) = BR [ H O H(Xp, T)|
where Q is a risk-neutral probability measure.

In affine diffusion models the zero-coupon bond price at time ¢ < T is an
exponential affine function of the short tare ry

P(t,T) = e~ AT=0-BI—0)r(X)

where A(T —t) and B(T — t) solve the Ricatti differential equations [14].
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Chapter 2

Linear-Rational Term Structure
Models

The linear-rational term structure models are a new class of term structure models
introduced by Filipovi¢, Larsson and Trolle [8]. They assume that the state vari-
ables follow a multivariate factor process with a drift that is affine in the current
state and specify the state price density as a positive affine function of the current
state. Under these assumptions the zero-coupon bond prices and the short rate
become linear-rational functions of the current state, and this is why the models
are called linear-rational term structure models.

Specifying the state price density as a positive adaptive process ensures that
the linear-rational term structure models are arbitrage-free (see Theorem 1.4) and
according to (1.15) the price I1(¢, T') at time ¢ of any time 7" cash-flow Hr is given
by

(¢, T) = E; {C—THT} : (2.1)
Gt

The linear-rational term structure models are due to the aforementioned as-
sumptions highly tractable and compared to the affine term structure models has
several distinct advantages [8]. They ¢) ensure non-negative interest rates, ii) eas-
ily accommodate unspanned factors affecting volatility and risk premiums, and
i11) admit semi-analytical solutions to swaptions.

The affine term structure models can match either ) or i), but not simulta-
neously, and never #ii). In the affine term structure models non-negative interest
rates are guaranteed, only if all factors are of square-root type. Easy accommoda-
tion of unspanned stochastic volatility (USV) requires at least one Gaussian factor
8].

In this chapter we define the class of linear-rational term structure models and
discuss its advantages. We show also how the interest rate derivatives like swap
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and swaption can be valued with this class of models. All theorems and their
proofs are taken from [8].

2.1 The Linear-Rational Framework

2.1.1 Term Structure Specification

A linear-rational term structure model consists of two components:

e o multivariate factor process X, whose state space is some subset E C R?,
has a drift that is affine in the current state and is of the form

for some x € R™? § € R? and some martingale M, and

e qa state price density (; which is assumed to be an affine function of the
current state given by

G=e"(o+v'X,) (2.3)

for some ¢ € R and ) € R such that ¢ + "z > 0 for all z € E, and some
a € R. Here the role of the parameter « is to ensure that the short rate
stays non-negative.

To specify the term structure it is necessarily the price of zero-coupon bond
to be defined. Applying the price formula (2.1) one obtains the following price
formula for a zero-coupon bond with a payment Hy = 1 at maturity date T’

oy TV E[Xr | f‘t]'

P(t,T)=e ST,

(2.4)

According to the lemma bellow, the conditional expectation of factor process
with an affine drift is an affine function in the current state. Hence, it follows that
the price of zero-coupon bond is a linear-rational function in the current state X;.

Lemma 2.1. Assume that X; is of the form (2.2) with integrable starting point X.
Then for any bounded stopping time p and any deterministic T > 0, the random
variable X ., is integrable, and we have

EX,yr | Fl=0+e""(X,—-0), t<T (2.5)
Proof. 1 case: We prove first the lemma for p = 0. Ito Lemma to the process

Y =0+ "X, —0)
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implies that

dY, = ke " (X, — O)dt + e " DdX, 4+ 0
= ke "X, — 0)dt + e T (k(0 — X,)dt + dM,)
= e " DdM,

Hence Y; is a local martingale. We show that Y; is even a true martingale. Inte-
gration by parts yields

t
Y, =Yy + e TN — / M,ke "9 ds
0

which implies together the integrability of X, and martingale M; that Y; is inte-
grable. Then it follows from Fubini’s theorem that for any 0 <t < u

ElY, | F] =Y +e " E[M, | F] _/ E[M, | F] ke " 9ds
0
_Y'O_i_en(r uM /Ms/\tlﬁenﬂ- s)ds
:Y()+e—n(7u /MKJGHT S)ds—/ MH-{GKT s)ds

=Y, +e "N, — / Mre ™79 ds — (770 — =70
=Y
which proves that Y is a true martingale. Since Y, = X it follows that
EIX, | Fo]=Yy=0+e""(X,—0)

IT case: If p is a bounded stopping time, then the L!'-boundedness of Y, and
hence of X, implies that X, is integrable. Applying the p = 0 case to the process
(X, +s)s>0 and the filtration (F,45)s>0 we obtain

EXppr | Fol =047 (X, —0).
g

By substituting the conditional expectation (2.5) in the pricing formula (2.4)
we get explicit formulas for zero-coupon bond prices given by P(t,T) = F(1, X;),
where 7 =T — t and F is a linear-rational function
(¢ + ¢T9) —ar | ¢T on)‘r(x _ Q)

o+ Ta ‘
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Moreover, it  follows from (1.2) that the short rate satisfies
ry = —Oplog P(t,T) |r=. The simple calculations show that the short rate is
given by the linear-rational function in the current state variable,

B TR0 — X))
p+YTXy

We see from the formula above that if the parameter « is chosen large enough,
the short rate is non-negative at any time t. One possible choice of « is the smallest
value that yields a non-negative short rate. If one defines

e VRO —) VTR0 —a)
o = Ssu _—_— 1 Oé*ZIIl
en O+UTT 2B G+ Pla

and sets o = a* then the short rate lies in the interval

(2.7)

s =«

(2.8)

re € [0,0" —a.]  (ry €]0,00] if a = —00)

and «, and o depend on the model parameters, which have to be calibrated.
The parameter « can also be interpreted as an infinite-maturity spot rate, since
if the eigenvalues of k have a non-negative real part, the equality

1
lim ——log F'(7, x)
T—00 T
—at T T o—KT _
29y Lypg O FY O+ v e (@ — 6))

T—oo T ¢ —+ waL’

T—00

~dim [ o= Llog((6+0T0) + 0 Te (@ — 0)) + - log(é + v x)
T —— T

_}0 TV
v —0

TV
—0

=

is valid for any =z € F.

2.1.2 Unspanned Factors

In term structure modelling, the factors affecting the term structure are known
as term structure factors. Otherwise, they are called unspanned factors. Since
the term structure is specified by the zero-coupon bond prices, the unspanned
factors do not affect the zero-coupon bond prices, but they can affect the prices
of other interest rate derivatives. The zero-coupon bond prices play a key role by
determining if a model has unspanned factors or not.
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The existence of unspanned factors in linear-rational term structure models
can be verified easily by using only the model parameter. The authors of the
linear-rational term structure model use the concept of kernel to describe the
directions ¢ € R? such that the zero-coupon bond prices remain unchanged when
the state vector moves along £. The presence of the non-zero elements in the kernel
means that there are factors in the model which do not affect the term structure.
Conversely, if the kernel consists only of the zero element of R? then all factors
affect the term structure, and there are no unspanned factors in the model.

In linear algebra the kernel of a linear map is the null space of the map and
measures the degree of injectivity of this map. In linear-rational term structure
models the term structure is specified by the linear-rational function F(7,-), given
in (2.6), which means non-linear in X; and therefore the usual kernel can not be
used. For this reason the authors introduce the term kernel of the differentiable
function and then define the term structure kernel as a kernel of the differentiable
function F(r,-) for 7 > 0.

Definition 2.2 (Kernel of a differentiable function). The kernel of a differ-
entiable function f on E C R? is the linear subspace of RY defined by

ker f={€€R*:Vf(2)' (=0 forallz € E},

where V f(z) denote the gradient with respect to x. If f(z) = v "z is linear for
some v € R?, then Vf(z) = v for all z € F and the new definition gives the usual
kernel of f.

Definition 2.3 (Term structure kernel). The term structure kernel is defined
by
U= m ker F'(7,-).

7>0

An alternative representation of the term structure kernel in terms of the model
parameters is given in the following proposition, in which the term structure kernel
is presented as a kernel of a linear map.

Proposition 2.4. Assume that the term structure is not trivial, i.e.
the short rate is not constant. Then

d—1

U= (ker " kP, (2.9)

p=0

Proof: According to Def. 2.2 the kernel is a set of elements orthogonal to the
gradient VF (7, x) for 7 > 0, x € E and hence the orthogonal complement of term
structure kernel is U+ = span {VF(r,x) : 7 > 0,2 € E}. To prove (2.9) we have
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to prove that U+ = span {(/@'T)pw p=0,...,d— 1}. By the Cayley-Hamilton
Theorem (see Horn and Johnson (1990 Theorem 2.4.3)) (x")? can be expressed as
a linear combination of (k)% ..., (xk")471. In this case we have to prove

span {VF(r,x): 7> 0,2 € E'} = span {(/-ﬁ;T)pzb ip > O} (2.10)
Let S denote the left side. After calculation, we obtain for the gradient of F’

—QaT

VF(T,$>:¢i—W

[e’”TTw —e TF(T, :L’)w] (2.11)

from which & = span {e‘“TTw —e “F(ryz)y 17> 0,z € E} We assume that

there are z,y € F and 7 > 0 such that F(r,z) # F(r,y). It follows that

e T (F(1,z)Y—F(1,y)1Y) and hence 1 itself, lies in S. Therefore S = span {e"‘TT@D ST > O}.
(=7)"

Since e i) = > p>0 p (k" )Py we can conclude that S = span {(x")Py : p > 0}.

O

As a corollary one obtains a necessary and sufficient condition for a linear-
rational model to have only term structure factors.

Corollary 2.5. Assume that k is diagonalizable with real eigenvalues, i.e. k =
STYAS with A diagonal and real. Then U = {0} if and only if all eigenvalues of
are distinct and all components of S~ are non zero.

Proof: Let A = Diag(Aq,...,\s) and consider the matrix
A=[v &'y o (5T)7].

According to Proposition 2.4, U consists of elements ¢ € R such that 1" kP¢ =
0 for all p=0,...,d — 1, which is equivalent to AT¢ = 0. Then & = {0} if and
only if the determinant of the matrix A is non-zero.

Let 1/; = S~ T4. The determinant of A is then given by

det A =det(ST) det(yp ATy - (A7)
D VERNURID
= det(ST )iy -+ -1y det : :
L Ag ... A4
=det(ST)r--ha J[ Ni=N)
1<i<j<d

The last equation follows from the formula for calculating of Vandermonde matrix.
We see that the determinant of A is not zero if and only if the eigenvalues of x are
distinct and all components of 1 are non-zero.
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The term structure factors alone are not enough to describe modern finance
markets. Therefore we concentrate on linear-rational models with unspanned fac-
tors. For convenience the state space of the factor process is transformed in such a
way that the unspanned directions correspond to the last components of the state
vector.

Assume now that the linear-rational term structure model has n < d unspanned
factors and m = d—n term structure factors. We also assume that S is an invertible
linear transformation on R?, which maps the term structure kernel into

SU) = {0} x R",

where n = dimU and m = n—d. This transformation defines a new linear-rational
term structure model equivalent to the original model with

e a factor process d)?t = SX; whose dynamics is given by
dX, = (0 — X,)dt + dM,,

where

k=SkS™,  0=50, M,=SM, (2.12)
e 3 state price process o
G=e"o+ ¢TXt)

where

b= o, =S8y (2.13)

The transformed model has exactly n unspanned factors, corresponding to the
last n components of the transformed factor process X, under certain technical
conditions, given in the theorem below. In this case the transformed factor process
can be decomposed into Xt = (Z;,Uy), where Z; is a m-dimensional factor process
affecting the term structure and U; is a n-dimensional factor process describing
the unspanned factors.

Theorem 2.6. Let m,n > 0 be integers with m +n = d. Then
SU)={0} xR" (2.14)
if and only if the transformed model parameters (2.12) - (2.13) satisfy:
(i) b= ($2,0)7 € R™ x R™;
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(ii) k has block lower triangular structure,

/% — (/?ZZ AO ) c R(m-i-n)x(m-i-n)’
Ruz Ruu

(11i) The upper left block kzz of i satisfies

m—1

() ker v 4%, = {0}.

p=0
In this case, the dimension of the term structure kernel U equals n.

Proof: The proof of the case n = 0 follows immediately from Prop. 2 4. Iftn=20
then m = d, ¥ = Uz, k = Rzz and according to Prop. 2.4 U = (", 0 ' ker ¢Z’<¢zz
Consider now the case n > 1.

=: We denote i = S(U) and assume that (2.14) holds, i.e. & = {0} x R". This
means that

—{€eR": €= (0.&)7, where &y € R} CR™ X R" (2.15)
On the other hand, it follows from the Prop. 2.4 and Def. 2.2 that
A:{éERd:Q/AJT/%pé:Oforp:(),l,...,d—1} (2.16)

We partition 1& and & so that

1[} _ (ng) cR™ x Rn7 - (’?ZZ ":’QZU) c R(m—l—n)x(m—l—n).

U Ruz Kuu

It follows from (2.15) and (2.16) that ¢/ &y = 0 for & € R™. Hence 1), = 0, which
proves (7). We show that

O = (R, D3RG k) (2.17)

For p = 1 follows immediately from (i). Suppose that (2.17) holds for some p > 1.
Then (2.15) and (2.16) imply

0= P (§0 ) = P R Rty
U

for any fU € R™ and hence R
Dy ib kg = 0. (2.18)
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By multiplying both sides of (2.17) by & from the right we see that (2.17) holds
for p+ 1. It follows by induction that (2.17) and (2.18) holds for all p > 1.

Now we take any f 7 such that ﬁg%’%zf 7z = 0 for all p > 0. Then the vector
£= (& 0)7T e R™ x R" satisfies ¥ T#P€ = 0 for all p > 0. Hence £ € U by (2.16),
and then £, = 0 by (2.15). This proves (iii).

Finally, since (2.18) holds for all p > 1, the range of Ay lies in the kernel of
zﬂz/%%_zl for all p > 1. This implies by (i7i) that the range of K7y consists of the
zero vector and hence &zy = 0. This proves (7).

«: Conversely, we now assume that ¢ and & given in (2.12) and (2.13) satisfy
the condition (i) — (i7¢). We show that (i) — (i7) imply S(U) D {0} x R™. Let

{e1,e,...,eq} the canonical basis of R?, then we have for p=0,...,d — 1,
Y PSS ey = T STHSKS T e = U RPe;

Note that AP has the same block triangular structure as & for all p > 1. Thus for i =
m+1,...,d, the right side above is zero for all p > 0. Therefore S~'e; € U by (2.16)
and hence e¢; € S(U) for i = m + 1,...,d. Since {0} x R" = span(epi1,---,€q)
and according to the definiton of span, is the smallest set containing the vectors
€m+1, - - -, €q, it follows that {0} x R C S(U). Suppose now that (iii) holds
additionally, i.e.

m—1

ﬂ ker Y Y, = {f* e R™: ) i? £ =0 for allp:(),...,m—l} = {0}

p=0

and consider a vector & € span(S~'ey, ..., S 'e,). Then S€ = (£4,0) € R™ x R™.
By (i) and (i) we have

WTRPE = T RPSE = YYD 6.

It & € U, the left side is zero for all p = 0,...,d — 1. Hence so is the right
side, which by (i#i) implies £ = 0 and therefore also & = 0. This means that
span(S~ley, ..., S e,) = {0}. We deduce that

U =span(S " epmir, ..., S tey)

and hence
S(U) = span(em41, .-, eq) = {0} x R”
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The proof of Theorem (2.6) shows that the first two conditions (i) — (ii) of
the theorem guarantee the existence of at least n unspanned factors in the linear
rational model. The model has exactly n unspanned factors if in addition the
condition (i) is satisfied.

Lemma 2.7. Let m,n > 0 be integers with m +n = d. If the transformed

model parameters (2.12)-(2.13) satisfy (i) — (it) in Theorem 2.6, we have S(U) D
{0} x R™. In this case dimU > n.

Theorem 2.6 implies that if (2.14) holds then the zero-coupon bond prices
depend only on the components of vector Z; and not on the components of the
vector U, where X; = (Z,,U;). Let Sz = (z,u) and 6 = (65,0y). According to
Theorem 2.6, (2.14) holds if and only if the parameters of the transformed model
satisfy () — (i7i). Then the function

F(r,2) = F(r,z) = £+ $TO)eo + T e~ @t (3 — §)

¢+yYTx
(¢ +TS71S0)e™oT + pT S~ Se~(eFRITS-1G (1 — 0)
- 6+ 0TS 1Sz
(O DL07)e O +hjem @Rz (2 — )
- o+1fe

A

does not depend on u and the bond prices are given by P(t,T) = F(T —t, Z,).
Therefore the components of U; do not change the zero-coupon bond prices. Just
the opposite, the vector Z, affects the zero-coupon bond prices. Its components
are the term structure factors. Moreover, if the term structure function z +—

A

(F'(7,2))r>0 is injective the vector Z; can be reconstructed from a snapshot of the
term structure at the time t. A necessary and sufficient condition for injectivity
of this function is given in the following proposition.

Proposition 2.8. The term structure function z — (F(T, 2)) >0 is injective if and

only if the kzz s invertible and b+ &}ég # 0.

2.1.3 Unspanned stochastic volatility factors

Under the condition (i) — (447) the dynamics of X; = (Z;, U;) can be decomposed
into term-structure dynamics

dZ;, = kiyz(0; — Z,)dt + dMy, (2.19)
and unspanned factor dynamics

dU; = (/%UZ(éZ — Zy) + /%UU(éU —Uy))dt + d My, (2.20)
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where Mt = (M Tt MUt). The state price density is affine in Z;
G=e O +;2) (2.21)

If the unspanned factors U; do not enter the dynamics of M 7z, then Z; is a
fully autonomous process and the unspanned factors play no role in the model. In
this case the m—dimensional linear-rational term structure model (2.19) —(2.20) is
equivalent to (2.2) —(2.3), has only term structure factors and is minimal. If there
are some unspanned factors that enter into the dynamics of M zt, then they can
be seen as unspanned factors affecting the stochastic volatility. They are called
unspanned stochastic volatility (USV) factors.

2.1.4 Swaption Price

An important advantage of the linear-rational term structure models is that they
allow a semi-analytical formula for the swaption price. A swapion is an option on
an interest rate swap that gives the right, but not the obligation to enter into the
swap.

Consider a swap that pays fixed versus floating interest rates specified by a
tenor structure of equidistant reset and payment dates Ty < 177 < --- < T}, with
A =T;—T;_; and a pre-determined annualized rate K. At each date T; the fixed leg
pays AK and the floating leg pays LIBOR for the preceding time period [T;_1, T}]
and at the same time the floating rate for the next period is set. According to (1.7)
the value of the swap at any time ¢ < Tj, from the perspective of the fixed-rate
payer, is given by

;" = P(t,Ty) — P(t,T,) = AK > P(t,T)). (2.22)
i=1
A European payer swaption expiring at time Tj enters the swap specified above
only if the swap value is positive at time Tj. Its value at expiration is

. n + n +
HTO = < ;1:@) - (ZCiP<T0’TZ.)> - i (ZCzEKTz | ]:To]> ’
=0 o\

where ¢co = 1,¢, = —1—AK and ¢; = —AK for i =1,...,n—1. The last equality
follows from (1.15).

According to Lemma 2.1 the conditional expectations E[(r, | Fr,] in a linear-
rational term structure model are affine functions in Xy,. Substituting the expec-
tation in the formula above we obtain for the swaption value

+

1

HTO = CT <p8wap(XT0)> )
0
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where pgyqp is the explicit affine function

pswap(x) - zn: Cie_aTi <¢ + @/JTH + @Z)TG_H(Ti_TO)(iL‘ — 9)) .

=0

Applying the pricing formula (2.1) we obtain that the price of a European
payer swaption at time t < T} is given by

I
:wpt = %E[CTOCTO | }-t] = lE[(pswobp()(To)) | }-t] (2‘23)
t G

To compute the swaption price with this formula we need the conditional ex-
pectation E [ X7, | . If the conditional density of X7, given F; is known then the
conditional expectation can be computed by numerical integration over R?. The
authors of the model propose an alternative approach to evaluating the condition

expectation, based on the Fourier transform methods.

Theorem 2.9. Define q(z) = E [exp(zpswpt(X1,)) | Fi| for every z € C such that
the conditional expectation is well-defined. Pick any p > 0 such that q(p) < oo.
Then the swaption price is given by

swpt __ 1 > Z]\(H’ + Z)\)

Proof: The proof uses that the function f(s) = s* can be presented by its inverse
Fourier transform as follow

1 , 1
e L E—— ) 2.25
o1 Ju € (1t + i) (225)
for any 1 > 0 and s € R (see Bateman and Erdélyi (1954)).
Let ¢(ds) denote the conditional distribution of the random variable pgya,(X1;)
given F;. Its Fourier transform is then defined as

S+

2(2) = E [exp(zpoupe(Xn)) | Fi] = / e (ds)

for every z € C such that the right side is well-defined and finite. Pick p > 0

such that [ e/*q(ds) < oo. We show now that the function elntiN)s PEEINE 18

d\ ® q(ds)-integrable and Fubini’s theorem can by applied.

J.

e(ptid)s

1
d\ ds) = B ————d\ d
Da(ds) = [ g @)

s 1
:/R€“ Q(dS)/RmdA<OO
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The second equality follows from Tonelli‘s theorem. The conditional expectation
of Pswap(Xy) given F; can be calculated as follow

E [paupe(X1y) | Fi] = / s*q(ds)

R

1 . 1
= [ (= [ "™ ————dX\)q(d
/R<27r/nf (1 +i0)? )q< )
1 1 ‘
- - (n+iN)s d
2m /R (1 +1iX)? (/Re 4 S)) A

L )
_ L [faetiy) oy
2 R (,U -+ Z)\)Z

o el

Here the third equality follows form Fubini’s theorem. The last equality uses that
the left, and hence the right, side is real, and that the real part of (p+i\)~2 g+
iA) is an even function of A. Substituting the last expression of the conditional
expectation in (2.23) gives the price formula from theorem 2.9.

O

Theorem 2.9 simplifies the problem of computing an integral over R? to comput-
ing a simple line integral. The difficulty of the Fourier method for price calculation
is to evaluate q(u + i) as A varies through R, . If the factor process is affine, the
Exponential-affine transform formula can be applied and the calculation of g(z)
amounts to a numerical solving a system of ordinary differential equations.

2.2 Models with Unspanned Stochastic
Volatility (USV) Factors

The unspanned stochastic volatility (USV) factors are unspanned factors
affecting stochastic volatility of the factor process. They also affect the volatility
of the zero-coupon bond price, although as unspanned factors they do not affect
the price of zero-coupon bond. The unspanned factors, which affect neither the
zero-coupon bond price volatility nor the covariance matrix, are called residual
factors. Therefore, the volatility and covariance matrix of zero-bond price can
be used to determine if an unspanned factor in the model is a USV factor or a
residual factor.

In this section we consider linear-rational diffusion models of Filipovi¢ in which
the unspanned factors are presented and give conditions under which the un-
spanned factors are USV factors as well. Moreover, we show which conditions the
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model should satisfy, so that each unspanned factor in the model is also a USV
factor. Finally, we show how a d- dimensional linear-rational square root model
of Filipovi¢ et al. is specified, so that it has exactly m term structure factors and
n =d —m USV factors.

2.2.1 Linear-Rational Diffusion Models

The linear-rational diffusion model is a linear-rational term structure model whose
factor process follows an affine diffusion process of the form

where 0 : E — R%? is measurable, B, is d-dimensional Brownian motion and
a(z) = o(x)o(z)" is differentiable. The state price density in the linear-rational
diffusion model is an affine process of the form

G=e"o+vXy).
It follows by Ito formula that ¢; solves the following SDE

1
dG = —ae™ (¢ + YT X)dt + e TdX, + 5 -0+ (dX)°

= —aCt + 6—at¢T(ﬁ(0 — Xt>dt + U(Xt)dBt)
[ P (r(0 — X4) Vo(X,) )
—Ct( adt + ST UTX, dt+¢+1/JTXtdBt
_ Ylo(Xy)

= (; (—rtdt + mdBt)

= Qt (—Ttdt — )\tdBt) 5

YT (k(0—Xt)
d+y T Xt

is the market price of risk.

where 1, = o —

A\ = _ Y To(Xe)
t — ¢>+1/)TX,5

is the short rate given in (2.7) and according (1.23)

In order for us to define the zero bond price volatility, we need the dynamics
of the zero-coupon bond price. The zero-coupon bond price in the linear-rational
diffusion model is an affine function of the factor process, P(¢t,T) = F(1,X;),
where 7 =T — t and F is the price function (2.6). By Ito6 formula and (2.26) one
obtains for the price dynamics

d 2
dP(t,T) = —%—5(7, X,)dt + VF(r,X,)TdX, + %; &i ;; ,-

ey ({rs RGO, Yy TG ) 1)
=Pt T) ({ri+vt,T) "N} dt+v(t,T) dB) .

(1, X,) dX}dX]
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Hence the volatility vector is given by

o(X)'VF(r,x)
F(r, Xy)

v(t,T) =

and the instantaneous covariance between the returns on two bonds with maturities
T, and Tp, is given by o, Ty) v(t,Ty) = G(11, 72, Xy), where
1 :Tl—t,TQ :Tg—tand

VF(r,z) a(x)VF(ry,x)

Gm, 72, 7) = F(r1,2)F(m,x)

with a(x) = o(x)o(z)".

The variance-covariance kernel describes the directions in ¢ € R¢ with the
property that movements of the state vector along &£ change neither the bond return
volatility nor the covariation between returns on bonds with different maturities.

Definition 2.10. The variance-covariance kernel, denoted by W, is given by

W: ﬂ keTG<7'1,7'2,').

71,7220

That means, W consists of all ¢ € R? such that VG(my, 7, 2) ¢ = 0 for all
71,72 > 0 and all z € E. The linear-rational diffusion model has at least one USV
factor if there is at least one element of the term structure kernel U that does not lie
in the variance-covariance kernel W | i.e. Y \ W # (). In the model all unspanned
factors are USV factors if there is no element of the term structure kernel except
the null element that lies in the variance-covariance kernel, i.e Y (W = {0}.

We assume now that there exists an invertible transformation S that satisfies
(2.14) and additionally has the property

SUNW) ={0} x {0} x RY,

where ¢ = dimU NW, p+q=mn and n = dimlU. S transforms the state space so
that the intersection & N W of the term structure kernel and variance-covariance
kernel corresponds to the last components of the state vector. Therefore the un-
spanned factors U; in the transformed factor process Xt = (Z;,U;) decompose into
U = (Vi, W;), where V, is a vector of unspanned stochastic volatility factors and
W, is a vector of residual factors that affect neither the term structure nor the
bond return volatility or covariance.

The next theorem gives sufficient condition, under which every unspanned
factor in the models is a USV factor and there are no residual factors in the
models. The sufficient condition is given in terms of variance-covariance matrix
a(z,u) = Sa(S7(z,u))ST of the transformed factor process X; = (Z;, U,).
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Theorem 2.11. Assume for every j € {1,...,n}, there exists i € {1,...,m}
such that a;;(z,u) is not constant in u;. Then U N W = {0}, and therefore every
unspanned factor is a USV factor. ([8], Theorem 3.4)

The sufficient condition of Theorem 2.11 is satisfied for the square root diffusion
model. Moreover, the linear-rational square root model can be specified in such
a way that it has exactly m term structure and n unspanned stochastic volatility
factors.

2.2.2 The Linear-Rational Square-Root Model

The Linear-Rational Square-Root (LRSQ) Model is a Linear-Rational Diffusion
Model with state space E = R‘fr in which the dynamics of the factor process is
given by the multivariate square-root process of the form

dX; = k(0 — X,)dt + Diag(alx/Xlt, . ,ad\/th)dBt, (2.27)
and the state space density is given by
Ct = eiat<¢ + wTXt) (228)

with parameters ¢, 1, k € R4 § € R? and o; > 0.

We show how a class of LRSQ specifications with m term structure factors and
n USV factors can be constructed. We first specify the state space density.

Theorem 2.12. The short rate (2.7) is bounded from bellow if and only if, after
coordinatewise scaling of the factor process (2.27), we have {; = e °!(1 + 17 X;).
In this case, the extremal values in (2.8) are given by o* = max S and o, = min S,
where

S={1"k0,-1"ry,...,— 1Ky}
and k; denotes the ith column of k. ([8], Theorem 4.1)

Hence, the state space density (; can be assumed to be of the form
G=e1+17X))

where
a =" = max S = max {1T/<;9, —1"ky,..., —]_T/id} . (2.29)

According to Theorem 2.12, the parameters ¢ = 1 and {» = 1 = 1, ensure that
the short rate (2.7) in LRSQ model (2.27)-(2.28) is bounded from bellow. The

choice of the parameter o = a* ensures that it is non-negative for any ¢ > 0.
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Next we specify the factor process X; (2.27) such that its parameters satisfy the
conditions of Theorem 2.6. In this way we guarantee that the model has exactly
m term structure and n unspanned factors with m + n = d. For this purpose we
consider the invertible linear transformation S on RY

(1, A L (Id, —A
S‘(o Idn)’ 5 —(o Idn>’ (2.30)

where A € R™*"™ is given by
1d,
A= ( ’ ) |

Let I = {1,...,m} and J = {m+1,...,d} be the index sets and write the
mean reversion matrix & in block form as

[ RIir K1J
K =
Rjr RjJg

where r;; denotes the submatrix whose rows are indexed by I and columns by J,
and similarly for k77, K1, K.

Let us also decompose the mean reversion into § = (67,6;) € R™ x R™ and
fix some volatility parameters o; > 0,7 = 1,...,d. Then the dynamics of the
transformed factor process X't = S X, = (Z;,U,) can be given by the square root
diffusion process (2.27) with parameters obtained from (2.12):

R = SKZS_I _ K1+ AKDJI _KIIA‘i‘ AK?JJ + Ky — AKJJ[A
RJr KJJ —KJIA !

,(Z:‘va: 1m , "9\259: 9[+A6] ‘
0 0

Assuming that x;; satisfies the restriction
kry = kitA — Akyy + Ak A (231)

it follows that the transformed LRSQ model satisfies the condition (i) — (i7) of
Theorem 2.6 and therefore the LRSQ model (2.27)-(2.28) has at least n unspanned
factors. The following result of Filipovi¢ et al. shows that if the model parameters
satisfy

//%ZZ =K1 + AHJ[ (232)

and
0; £ 0omy; foralli=1,...,n (2.33)

the LRSQ model (2.27)-(2.28) has exactly n USV factors.
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Proposition 2.13. The dimension of the term structure kernel is at least n, dimU >
n, with equality if Kzz = ki1 + Akyr satisfies Theorem 2.6 (iii). In this case, if
0; # Omai fori=1,...,n, all unspanned factors are USV factors.

Proof: The first assertion about dimU follows from Theorem 2.6. The assertion
that all unspanned factors are USV factors follows from Theorem 2.11. We use
that the diffusion matrix of the transformed factor process X; = (Z;, U,) is given
by a(z,u) = Soo ' (S7(z,u))ST. After calculation we obtain

2

aii(z,u) = U?Zi + (O — Uf)ui, 1=1,...,n,

which is non-constant in u; since o; # 0,,1;.
The next assumptions for the parameters of LRSQ(m,n) specification

Rjr = 0 and Rjjg = ATFL[]A (234)

ensure the existence and the uniqueness of the square root diffusion process (2.27).
Note that ;; coincides with the upper left n x n block of k;;.

We present two specifications of LRSQ models. The first example specifies a
LRSQ model with one term structure factor and one USV factor. The second
example specifies a LRSQ model with three term structure factors and one USV
factor.

Example 2.14 (LRSQ(1,1)).

In LRSQ(1,1) specification we have one term structure factor and one USV
factor. According to (2.30) A = 1 and hence the transformation S for this speci-
fication and its inverse are given by

(11 (1 41
s=(o1) 5= )
Since )/(\'t = (Z;,Uy) = S X the term structure factor and the unspanned factor

become Z; = Xy; + Xy and Uy = Xy The restrictions (2.31) and (2.34) imply
that the mean reversion matrix is given by

o — K11 0
N 0 kn

and the transformed mean reversion matrix £ = SkS™! coincide with &,

7% . K11 0
o 0 K11 '
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Assuming that the volatility matrix is o(X;) = Diag(o1v/ X1, 02/ Xo;) then trans-
formed volatility matrix is

30) = So() = (VT VI
0 0'2\/16_1
Therefore the transformed diffusion matrix a(z,u) = 7(z,u)7 (2, u) " satisfies @1, (z, u) =
0221+ (03 — 0?)u; and it is non-constant in u; if oy # o9. Then according to The-
orem 2.11 the only one unspanned factor U; in the LRSQ(1,1) specification is a
USV factor if o7 # 0. The parameter in the LRSQ(1,1) specification which have
to be calibrated are «, k11, 01, 09, 61, 05.[8]

Example 2.15 (LRSQ(3,1)).

We consider the LRSQ(3,1) specification of a LRSQ model with three term
structure factors and one unspanned factor. According to (2.30) the transformation
S for this specification and its inverse are given by

-1
S =

o O O
O O = O
O = O O
o O O+
O O = O
O = O O
_ o O

Here the matrix A € R¥>! is A = (1,0,0,0)". In this case the term structure
factors und the unspanned factor become

th Xlt + X4t
Loy Xo
Z3t ! X3t
Ult X4t

Under the restrictions (2.31) and (2.34) the mean reversion matrix is given by

ki1 K2 kKiz 0
K91 Ra22 K23 K21

R31 K32 K33 K31
0 0 0 K11

K =

and the transformed mean reversion matrix by

ki1 Kiz Kiz O
—~ _ Ko1 Koz Kgz 0
R=SkS™! =

K31 K3z kg3 O

0 0 0 K11
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The corresponding volatility matrix is

owE =m0 0 o/
SO 0 o3z 0 0
o(zu) = 0 0 o3z O

0 0 0  on/ur

Applying the Theorem 2.11 to the transformed diffusion matrix a(z, u) = 7(z, u)o(z,u) "
we see that a11(z,u) = 0%z + (63 — 0%)uy is non-constant in vy if o7 # o4. This
means that the unspanned factor U; in the LRSQ(3,1) specification is a USV factor

if 01 7é 04. [8]

2.2.3 Swaption Pricing in Linear Rational Square Root
Model

The swaption price in a LRSQ model is calculated according to the price formula
(2.23). Since the factor process X, is affine, the Exponential-Affine Transform
Formula can be applied (see Theorem 1.30) and the function ¢(z) in the swaption
price formula can be evaluated. The evaluation of §(z) amounts to solving a system
of ordinary differential equation given in the following theorem.

Theorem 2.16 (Exponential-Affine Transform Formula). Suppose that X, is a d-
dimensional affine diffusion process of the form (2.27). Then for any v € R4t >
0,u € C,v € C? such that E, [|exp(vTXt)H < 00

E, |:€u+vTXt:| _ 2O+2TI)

Y

where ® : R, — C, ¥ : R, — C? solve the system

(1) = b"W(7)

1
%ﬁ%ﬂﬂwﬂ+§ﬁmﬁf,ianw¢

with initial condition ®(0) = u, V(0) = v. The solution to this system is unique.
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Chapter 3
Estimation of LRSQ Models

3.1 Data

Filipovi¢ et al. estimate the model on a panel data set involving 827 weekly obser-
vations of swaps and swaptions over the time from January 29, 1997 to November
28, 2012. At each observation date, they observe rates on spot-starting swap con-
tracts with maturities of one, two, three, five, seven and ten years, respectively as
well prices on swaptions with three-month options maturities, the same six swap
maturities, and strikes equal to the forward swap rates. For convenience they
represent the swaption prices in term of implied volatilities. They convert the
swaption prices into normal implied volatilities using the formula

, 1 (¢
IEYP = /Ty — t— (Z AP(LZE)) ON. (3.1)
1=1

2T

where the zero-coupon bonds are bootstrapped from the swap curve.

3.2 Maximum Likelihood Estimation

For modelling of the linear-rational term structure Filipovi¢ et al. use three
LRSQ(m,n) specifications in which the number of term structure factors is al-
ways set m = 3 while the number of USV factors is set n = 1,2 or 3, respectively.
The specification LRSQ(3,1) is used for a model in which the volatility of 7y,
contains one unspanned component, the specification LRSQ(3,2) for a model in
which the volatility of Z1; and Z,; contains unspanned components and the last
specification LRSQ(3,3) is used for a model in which the volatility of all term
structure factors Zy;, Zo;, Z3; contains unspanned components.

The model parameters are estimated by using the maximum likelihood ap-
proach in conjunction with Kalman filtering. As we will see in the next section
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the Kalman filter allows simultaneous estimation of model parameters, unobserv-
able state variables and also the likelihood function of the observable variables.
For the Kalman filter to be applied, the linear-rational term structure model is
approximated by a state space model with a measurement equation describing the
relation between the state variables and observable swap rates and swaptions im-
plied volatilities, and a transition equation describing the discrete-time dynamics
of the state space variables.

In the linear-rational term structure models both the swap rates and the swap-
tion implied volatilities are functions of the unobservable vector X;. Therefore the
measurement equation in state space model can be given by

Y, = H(X,,0) +u, uy~ N(0,%), (3.2)

where Y; denotes the vector consisting of observable swap rates and swaption
implied volatilities, X; denotes the vector of unobservable state variables at time
t, © is the vector of model parameters, H is a vector-valued pricing function
defined by (1.8) and (2.24) and wu; is a vector of i.i.d. Gaussian pricing errors with
covariance matrix . To reduce the number of parameters in ¥ Filipovi¢ et al.
assume that the pricing errors are cross-sectionally uncorrelated, i.e. ¥ is diagonal.
They also assume that all pricing errors for the swap rates and all pricing errors
for the swaption implied volatilities have the same variances, denoted by ¢?,,., and
02 vaptions Tespectively.

In linear-rational term structure models the state variables follow a multidi-
mensional CIR process. As an affine diffusion process its conditional mean and
variance can be written in a closed form, however, the transition density is un-
known. Filipovi¢ et al. approximate the transition density with a Gaussian density
with identical first and second moments. They assume that the transition equation
is of the form

Xe=Qg+OxXi1 +wr, we~N(0,Q), (3.3)

and chose the parameters &y, ®x and (); in such a way that the conditional mo-
ments of X; are identical with conditional moments of the factor process in the
linear-rational model. In this case the parameter ®; and ® x depend on the param-
eter ©. The variances (), are affine functions of X; ; depending on the parameter
0.

The measurement and transition equations (3.2)—(3.3) define the state space
model corresponding to the linear-rational term-structure model. Since both price
functions in the measurement equations are non-linear some of the non linear
Kalman Filters have to be applied for estimating the state space model. Filipvié¢
et al. use the non-linear unscented Kalman Filter. The Unscented Kalman Filter
produces one-step-ahead forecasts Y;;_; for the observation Y; and corresponding

error covariance matrices, Fy,_, which are used to construct the log-likelihood
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function

> (#10g27 +log | Fyr + (i = V) Bt (Y = V) ), (3.4)

t=1

£(©) =

N —

where T is the number of observation data and # is the number of observations
in Y;. The (quasi) maximum likelihood estimator, © is then

O = arg max L(©). (3.5)

3.3 Unscented Kalman Filter

The Unscented Kalman Filter (UKF) is a filtering algorithm for estimating non-
linear dynamic systems with measurement and process (transition) equations of
the form

Y. = H(Xk, uk) (36)
X = F(Xk_l, Vk—l) (37

where x;, is a d-dimensional random vector describing the unobservable state vari-
ables of the non-linear system on time step k, y describes the measurement vector
observed on time step k& and u, and vy are uncorrelated random vectors describing
the measurement and process noise, respectively with a zero-mean and diagonal
covariance matrices Ry and Qy, respectively. Note that it is not required that the
noise sources are additive or Gaussian. The vector-valued function H describes
the relation between the observations and the unobservable state variables, the
vector-valued function F' describes the dynamics of the state variables. It is as-
sumed that the function F' and H, as well as the initial state and the corresponding
error covariance, are known. The equations (3.6) and (3.7) are called measurement
and process equations, respectively.

The UKF estimation of the non-linear dynamic system includes an estimation
of the unobservable states, an estimation of the unknown parameters as well as a
simultaneous estimation of the states and parameters.

The Unscented Kalman Filter is a relatively new method for non-linear esti-
mation, proposed by Julier and Uhlmann [10] as an extension of the traditional
Kalman filter to the non-linear dynamic system, and at the same time as an im-
provement of the widely used Extended Kalman Filter for non-linear estimation.

The Unscented Kalman Filter uses an unscented transformation to approximate
the joint distributions (or at least the first two moments) of the state x;, and
measurement y. This way it allows the classical linear Kalman filter algorithm
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to be applied for the estimation of non-linear dynamic systems. This method does
not require the assumption that the noise sources are additive or Gaussian.

In order to understand better how the Unscented Kalman Filter works we
first review the classical Kalman Filter algorithm. We introduce the Unscented
Transformation and discuss how by means of Unscented Transformation the linear
Kalman Filter algorithm can be applied for no-linear systems as well. We also
show how the unobservable state variables and the unknown parameter can be
estimated by UKF.

3.3.1 Kalman Filter

The Kalman Filter is a recursive algorithm for the estimation of linear time-
discrete dynamic systems. On each time step the unknown state variables of the
dynamic system can be estimated in a real time using only the present input
measurement, the previous estimated state variables and its covariance matrix.
The algorithm works in two steps:

e Prediction (Prior estimation)

On each time step k the Kalman Filter first predicts the current state given
the measurement observed on the previous time step as well as the prior esti-
mated state and its covariance matrix. The optimal prediction of the state,
Xpk—1, and its covariance matrix, Py,—1, are obtained by the conditional
expectations

Xpjk—1 = E[F(Xp—1, Vie—1) | Y1) (3.8)
Prp-1 = E [(xr — Zppe—1) (%6 — K1) " | yi—1] (3.9)

e Update (Posterior estimation)

Once the next measurement is observed, the predicted state and its covari-
ance matrix are updated. The optimal state estimate is the expected current
state x; conditional on the current observation yy

Assuming that both the states and the measurements are Gaussian random
variables, the optimal estimate of the current state is the weighted average
of the predicted state and the new measurement given by the equation

X = Xpe—1 + Kr(Yr — Yep-1), (3.10)
its covariance is given by

Py = Pyp1 + K. Py, KL (3.11)
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with

S’k|k—l =E [H(fikm—huk) | Yk—l}
P,=E [(Yk - S’k\kfl)(Yk - yk|k71)T ’ Yk—l]

Py =E [(x1 = Xue-1) Ve — Tae-1) " | Yii1]
Ky = nyP;yl

where y;—; and P, are the predictions of the expected observation on the
time step k and its covariance matrix, respectively; P, is the predicted cross
correlation matrix; the weight Ky is the optimal Kalman gain which shows
how much the predicted state and its covariance matrix should be corrected
and whereby the Kalman gain is chosen to minimize the mean square error
of the estimate for x;,.

The Kalman Filter repeats these two step until there are no more observations
or until it reaches a stable state and covariance matrix.

It is obvious that all equations in the prediction and update step are functions
of the predicted value of the first two moments of the state x; and measurement
yr- In linear case the Kalman Filter calculates these statistics exactly and in this
way provides a closed form recursive estimate for the unobserved state variables
of the linear discrete-time dynamic systems.

However, in practice the discrete-time dynamic systems are mostly non-linear.
This means that both equations in the dynamic system (3.6)-(3.7) can be non-
linear. In this case the traditional Kalman Filter can not be applied since the
prediction of the current state and the prediction of the expected observation
require calculating expectations of non-linear functions of the prior state estimate.
An analytical solution of these expectations is possible only if the distribution of
X given yy is known, but even in this case the number of parameters which have
to be propagated can be too great (is unlimited).

Some extensions of the Kalman Filter solve the problem with the conditional
distributions and its moments, applying a transformation to the non-linear equa-
tions of the dynamic system. This way an approximation of the first two con-
ditional moments of the state and measurement is obtained and the traditional
Kalman Filter algorithm can be applied.

The Extended Kalman Filter (EKF), which was for many years the most com-
mon approach for non-linear estimation, first linearises the dynamic system (3.6)-
(3.7) approximating the non-linear functions F' and H with first order Taylor series,
and then applies the Kalman Filter to the linearised dynamic system. However, the
EKF has some significant drawbacks. The linearisation can introduce significant
errors (in the true posterior mean and covariance). The Taylor series approxima-
tion requires the derivation of the Jacobian matrices which are not always trivial
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and often lead to significant implementation difficulties. The EKF is reliable for
systems which are almost linear on the time scale of the update intervals. The
EKF achieves only first order (Taylor series expansion) accuracy when estimate
the state [10].

The Unscented Kalman Filter is an improvement of the EKF'. It is an extension
of the Kalman Filter which uses the Unscented transformation (UT) to approxi-
mate the conditional moments of the state and measurement so that the traditional
Kalman Filter can be applied. It has not the drawbacks of the EKF. The UKF
does not need to calculate the Jacobian matrices as in EKF. The UKF achieves
3rd order (Taylor series expansion) estimation accuracy for any non-linearity, even
though the computational complexity is the same as in EKF. [18].

3.3.2 Unscented Transformation

The Unscented Transformation is a method for calculating the statistics of a ran-
dom variable (or vector) which undergoes a non-linear transformation [10]. Con-
sider a random vector x (dimension L) with mean X and covariance matrix P,
and also the random vector y, obtained after applying the non-linear vector-valued
function f to the random vector x, i.e. y = f(x). Suppose that the mean y and
the covariance matrix P, of the random vector y have to be calculate, and the
density function of y can not be determined. In this case the mean and covariance
of y can be approximated using the unscented transformation. For this goal a set
of 2L 4+ 1 sigma points &; and corresponding weights W, are chosen in such a way
that the sample mean and sample covariance of the sigma points coincide with the
mean and the covariance of x:

Xy =X (3.16)
X=x+(VIHNPL)  i=1...L
Xi:)’c—< (L+)\)Pm)'L i=L+1,....2L
W™ = A(L+ )
W = AL+ XN+ (1—a®+8)
wim —w =1/{2(L+\)}  i=1,...,2L,

where L is the dimension of x, A\ = o*(L + k) — L, «, K, 3 are three scaling
parameters, which fully determinate the scaling of the UT. The primary parameter
a determines the spread of the sigma points around X and varies from le — 4 to
1, the secondary parameter x is usually set to 0 and the tertiary parameter (8
includes information about the prior distribution of x (for Gaussian distribution
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= 2 is optimal, see [18]). ( (L + )\)Pm). is the ith row of the matrix square

root. After that the sigma points are propag?ated through the non-linear function
f to obtain a set of 2L + 1 transformed sigma points,

Vi =f(X) i=1,...,2L. (3.17)

The mean and covariance of y are approximated through the weighted sample
mean and covariance of the transformed sigma points as follow,

Q

(3.18)

y
Py,

Q

2L
> Wiy
i=0
2L
> WO =@ -9 (3.19)
i=0

Note that this method resembles the Monte Carlo methods. However, there
is a very important difference between them. The methods using UT use a very
small number of deterministically chosen sample points to achieve an accurate ap-

proximation for the moments of the random variable y while Monte Carlo methods
require a huge number of sample points drawn at random [18, 10].

3.3.3 UKF State Estimation

The Unscented Kalman Filter provides a recursive estimate of the state following
all steps of the classical Kalman Filter (3.8)—(3.15) and applying the UT to

e predict the new state Xy, and its covariance Pyy,—; given by (3.8)—(3.9);

e predict the expected observation yi—; and its covariance P,, given by
(3.12)—(3.13);

e predict the the cross-correlation matrix P, given by (3.14);

Note that in the prediction steps the UT propagates the sigma points through the
non-linear functions H and F' given in the dynamic system (3.6)—(3.7), which
depend not only on the state vector but also on the measurement noise and
the process noise, respectively. In order UT to be applied the original state is
augmented with the measurement noise and the process noise and UKF is ap-
plied to the new state x¢ = [x; u] V,HT. The dimension of the new state is
dim(x,) = dim(xy) + dim(ug) 4+ dim(vy). The UKF can be applied with the origi-
nal state only when both process and measurement noise sources are additive and
Gaussian. All equations of UKF algorithm for state estimation are given in the

box below.
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Initialize before executing the UKF":

X0 = E[xg] Pg = E[(x0 —Xo)(x0 — X0) ]

P, 0 O
0 P, O
0 0 P,

For each £k =1,2,3,...
Calculate the sigma points:

Xlg—l = f‘%—l &2—1 + (L* + )‘)szl ﬁZ 1= (L* + A)P%fl]

Prediction equation:

leuc—l = F(le—h‘)(lg—l)

2L
& _ (m) pa
Xk|k71—g W, Xi,k|k—1
i=0

2L

Pk|k—1 = Z Wz‘(C)(Xig,ch—l - &klk—l)(%ﬁﬁmk—l - f(klk—l)T
i=0

Update equation

yk\k—l = H(X,f,l, Xlgfl)

2L

Vije-1 = 3 W Vi

=0
2L

PY = Z m(c)(yz,k\k—l — Vipe1) Vikp—1 — Yrpp—1) "

=0
2L

PiY = WXy — Rupmt) Vikmt — i)'
=0

K= PP
X = Xpje—1 + Kr(Yr — Yejr—1)
P, = Pk|k—1 + leszlCl;r

where x* = [x" u’ VT]T, X = [(x")T(x")T(xv)"], L is the dimension of the aug-
mented state, P, is the measurement noise covariance, Py is the process noise covariance,
A is the scaling parameter, Wi(m) and WZ.(C) are the weights calculated according to (3.16).
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3.3.4 UKF Parameter Estimation

In many applications the functions H and F' of the non-linear dynamic system
(3.6)-(3.7) are known up to a fixed number of parameters 6 = (6y,...,0,)" which
also have to be estimated. In this case the equation of the non-linear system can
be written in the form

vi = H(xp,uy, 0)

Xy = F(Xg—1,VE_1,0).

By the means of UKF the unknown parameter 6 can be estimated from the obser-
vations even when the state is unknown. Which estimation method is used depends
on the model. We consider the most common model, in which the measurement
and process noise terms are additive and Gaussian. The non-linear system of the
model is given by

yi = H(xp,0) +uy
X = F(x4-1,0) + Vi1,

where H and F' depend no more on the noise terms and according to the as-
sumption, the state and observation vectors are approximated through Gaussian
random variables. In this case the classical methods for parameter estimation like
the Maximum likelihood method can be applied in conjunction with the UKF to
estimate the parameter 6 from the observation vectors yy.

As we already mentioned, the Mazimum likelihood method finds the values of
parameter § that maximizes the (log-)likelihood function, £(€) and the Mazimum
likelihood estimate (MLE) for the parameter 6 is obtained by

§ = arg max log L(0).

The likelihood function is a function of the parameter 6, which corresponds to the
joint density function of all observation,

N

LO)=f(yr,--..yn|0) :Hf(Yk | Yi-1),

k=1

and shows how probable the observations for a given parameter 6 are. Here N
denotes the number of the observation. The likelihood function can be presented
also as a product of conditional density functions f(yx | yx—1). The likelihood
function can be calculated if all conditional density functions are known.

In models with additive Gaussian noise terms the conditional observations are
Gaussian random vectors,

Yk ’ Vi1~ N (E[H<Xk79) ’ kaﬂ,E[(}’k - H(Xkue))(yk - H(Xk,e))T \ kal]) .
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Since the UKF produces on each time step k the one-step-ahead forecast yjx—1
for y, and corresponding error covariance matrices, PZ?kfp the UKF can be also
used to construct the log-likelihood function

T

1 . _ .
log L(0) = 3 > <# log 27 + log [PY| + (yi, — Fre—1) PP~ (yx — Yk\k—l)) :
t=1
(3.20)
where T is the number of observation dates and # is the number of observations

in yg.

In non additive models or models in which the likelihood function can not be
constructed the Maximum likelihood approach can not be applied, and in this case
other estimation approaches are applied, see [18].

3.4 Square Root Diffusion Process

In term structure factor models, the square root diffusion process (also known as
CIR process) is usually used to model the dynamics of unknown state variables
(risk factors), e.g. short rate, volatility, etc.

In CIR model, one of the most commonly used short rate models, the square
root diffusion process describes the dynamics of the short rate. The CIR model
was introduced in 1985 by The Cox Ingersoll and Ross, and since then it is a
standard model used for evaluation of interest rate derivatives.

The square root diffusion process is also used in Heston model to model the
asset price volatility as a stochastic process.

The Chen model is an example for a three factors short rate model in which the
short rate, the mean of short rate and the volatility of short rate are assumed as
stochastic processes and their dynamics is specified by a three dimensional square
root diffusion process.

The square root diffusion process also specifies the dynamics of the factors
process in the linear-rational term structure model of Filipovi¢. For this reason
we focus on the properties of square root diffusion processes.

3.4.1 Definition

The d-dimensional square root diffusion process (X;)i>o is a stochastic
process defined as a solution of the stochastic differential equation (SDE)

dXt = K](e — Xt)dt + o/ XtdBt, XO =T (321)
where d>1, =z € RY, X, =(X},.... X)), VX;=diag(v/X},...,VX?),
By = (B},...,BY)T" is a d-dimensional Wiener process (modelling the random
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market risk factors) defined on the filtered probability space (2, A, (F;)i>0, P) with
Fo=1{0,9} and k € R 9 € RY, o € R4 o = diag(oy, ..., 04) are parameters.

The square root diffusion process is well defined when the positivity of process
and the existence of solution are guaranteed. According Theorem 8.1 in [9], for
any x € R%, there exists a unique R?-valued solution X = X* of (3.21) and X
satisfies E(sup,.; X7?) < oo for all T > 0.

The solution of the square root diffusion process can not be given in closed
form. However the moments can be evaluated. To find the solution of the SDE
we apply the Ito formula to the stochastic process

Y, = f(X,t) =0+ " (X, — 0),

where e’ denotes the matrix exponential on the square matrix x, defined by the

power series e = Y, 5rkF and its derivation with respect to ¢ is given by
p >

—e" = ke

dt

v = ek, By Ito formula, we obtain the stochastic differential equation

(ﬂ@:ﬁ@&iﬂt+h@&¢ﬂX{+%ﬁﬁX@ﬂuXQQ
— ket (X, — O)dt + & (/{(9 ~ X)dt + a\/ZdBt)
= ema\/ZdBt
and its solution

t
Y, =Y +/ e o/ X,dB,.
0

After substitution of Y; and Y; in the last equation we obtain the solution of the

SDE (3.21)
¢
X —0=e"(Xy—0)+ 6_“/ "o/ X,dB,. (3.22)
0
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3.4.2 Properties of d-dimensional Square Root
Diffusion Process
e Distribution

In general, the distribution of multi-dimensional square root diffusion process
is unknown, but the moments can be evaluated.

According to (3.22) the square root diffusion process can be presented as the
sum of the deterministic function f(¢,Xo) = 6 4+ e (X, — 6) and the stochastic
integral fot e/ X,dB, which has the properties [12]:

(1) fot e o/ X,dB, is a martingale w.r. to the filtration F = (F¢)>0

(2) E[J e"ovXudB,] = 0
(3) E [( Jy o/ XudB) (fy ewgﬂ—udguﬂ _

—E | fy (e"ov/X,) (e ov/X,) " dul
) 5 |(Jl evovian,) (J erovTain,) | 7| -

=FE [f: (e“””a\/yu) (e“”a\/X_u)T du | .7-"5}

e Conditional Expectation

For t > s the square root diffusion process can be written in the form

t
X, =0+e 98X, —0) 4 et" / e"o\/X,dB,.

S

Since the stochastic integral f(f e o/ X,dB, is a martingale (1) it follows from

the martingale property E [f(f e o/ X,dB, | .7-"5] = fos e“oy/X,dB, that the F,-
conditional expectation of the square root diffusion process is an affine
function of X, given by

E [Xt | fs] -0+ e—(t—s)n(Xs o ‘9) — (1 _ e—(t—s)n>0 4 6_(t_S)HXS. (323)
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e Moments Calculation
We write the square root diffusion process in the form
dX; = b(X,)dt + p(X;)dBy
where

b(x) = #(0 — x)
p(x) = odiag(y/z1, ... /Ta)o '
a(x) = p(x)p(x)" = odiag(c?Xy, ...,02Xq)o"

Applying Ito formula to f € C?(R?), we obtain

d f d a f ‘ '
;a_ (X,)dX! + = Z (X,) dX!dX]

G:L’zaxj
”_ —aij(X¢)dt
d 8f d
= A(NXdt+ ) =(X0) Y ou(Xi)dB
i=1 =1
. d of 1 <& 82 f
mit A(f)(x) + > bi(%) 5 (%) + 5 > aij(x)m(x).
i=1 g ij=1 ¢

It follows for ¢ > s that

10 = 150+ [ apeaer Y [ D xeuxas,

(local) martingale

and hence
E(f(Xy) = f(Xo) +/O E(A(f)(X,))du  (if true martingale).

Note that if X is a CIR process then

d af 1 d 62](‘
B T B 1 T . T, T
A(f)(x) = ;1 e; k(0 —x) B, (x) + 5 Z; e; odiag(zy...12)0  e; Ju:0z,;

maps polynomials of degree < m to polynomials of degree < m
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1. moments:

Consider the function f(x) = ; with %(x) = 0;; and 8‘3325 (x) =0fori=1,...,d.
Then

A(f)(x) = ¢/ k(0 — x)
and hence

E(XH = X! +e /t k(0 —E(X,))du

and
= E(X;) = Xo+ / k(0 —E(X,))du.

The vector y, = (1, E(X}), .. .IE(Xtd))T satisfies v, = yo + fot (/39

hence it solves the differential equation. Therefore
v = €“yo
Note that ¢4 is matrix exponential and
t 70 0)\" 0 0
tA v _
c = Z k! (HH —ﬁ) —efth et )
k>0

The first moment of X, is

= B(X;) = —e "0+ e ™E(Xo) = —e (0 — E(Xp))
2. moments:

Consider the function f(x) = x;z,, with %(X) = T, %(x) = 1y, %(x) =0,

for ¢ # {l,m} and 0 (x) = 0 (x) = 1, otherwise is 0. Then

0T Tm OTmT)

for | £m

A(f)(x) = ¢/ k(0 — X)2,, + ) k(0 — x)2; + €] odiag(wy, ..., vg)oem,

~
=0, if o=diag(o1,...,04)

for [ =m
A(f)(x) = 2¢] k(0 — 2)a; + ¢ odiag(zy, ..., 14)0e,,

TV
=02z, if o=diag(o1,...,04)

and hence for f(z) = zjz,,

A(f)(x) = €/ 5(0 = X)2n + €,5(0 — X)21 + 00} 2
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and
E(X{X]") = B(X{X{")+

+ / t (e K(OE(X)") — E(X]'Xu)) + ey k(0E(X]) — E(X X)) + 6,mo7 E(X})) du.

Since A(f) maps the space
i 2 2 2)
( s Lly ooy Ldy Ly L1L2y ooy 1L Gy Loy L2LZy oooy L2 Gy +ooey Ty

into the same space with base elements

9
fi=1,fo=a1,., fay1 = Ta, far2 = 23, fars = 1122, ..., fp = 1]

d(d—1)
2

where D =1+d+d+ , there exists a matrix A € RP*P such that

A(fi) = ¢l Af.
Let v, = (E(f1(X})), ..., E(fp(X;)))", then y; satisfies

t
Yi = Yo + / Ay, du, and hence also dy; = Ay,dt.
0

The first two moments are given by

Y = etAyo

Example 1: d=2=D=142+2+1=6

i (Hu ff12> . (91)
R = 9 9 - )
R21  R22 0o
Y = (17 ]E(th% ]E(XE)> E(Xt1)27 E(thXt2)> E<Xt2)2>

1=1
E(X}) = X§ + [1(k1.0 — k1 E(X]) — k12E(X2))du
E(X?) = X2 + [} (k2.0 — kE(X2) — koo (X2))dul

E(X1)2

u

E((X})?) = (X2)? + fg(Zml.eE(Xi) — 2Kq. (E(X&Xj)

) + o?E(X1))du
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B(C) = () + (200D - 200 (G5 ) + 3B D)0

E(X2>2

u

E(X}X2) = X2 X2+ [ OE(X2)—rr. (E<X5X3>) g OE(X 1) — ey, ( E<X5)2)) Ju

t
=y =1yo + / Ay, du = dy; = eyy =y, = ey
0

The elements ofthe matrix A are given in the table below

1 E(Xp) E(XG)  E(Xp)?) EXiX§) E((X5)?)
1 0 0 0 0 0 0
E(th) /@1.0 —Ki11 —K12 0 0 0
E(Xf) 1{2.9 —HR921 —K99 0 0 0
E((Xt1)2) 0 O'% + 2/431.9 0 —2/%11 —2/412 0
E(thXtZ) 0 /12.9 /‘il.e — K21 —K11 — R22 —Ki12
E((Xt?)2) 0 0 O'g + 2/432.9 0 —21%21 —2/622

Example 2: d=4=D=1+4+44+6=15

R11 R12 K13 K14 01

| R21 R22 K23 Kog 0 — 0o
R = 9 - 9 9

R31 K32 K33 K34 3

R41 K42 K43 K44 04

Yt = etA?Jo

The elements of the matrix A are given in the table below.
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g ETig— 0 g — 0 0 g — 0 0 0 0™g+zo 0 0 0
Vey . Vhy — €8y Ehy__ CEny Chny 0 T€y Thay — 0 0 %.mv\ %.ww\ 0 0
0 Tewg—  fwg— W~ 0 0 16ug— 0 0 0 §™ctio 0 0
Yoy — €0y — 0 Yy — oy EVy — Sy — TSy — 0 Ty — 0 %.mi 0 %.ww\ 0
0 Yooy — €0y — Ve — €€y — CCyy—  TEy_ 0 TCy TEy — 0 0 Q.Nv\ %.mw\ 0
0 0 0 Tewg—  ®ewg— M- 0 0 1exg— 0 0 0 f%z+go 0
Vg €Ty 0 Cly 0 0 Yy — Ty EVy Chy Thay — %.ﬁv\ 0 0 %.wv\
0 Vly — €Ty 0 Clay 0 ey — €y TTay— ceny T€y 0 %.Hw\ 0 %.mv\
0 0 0 iy — €Ty Clay ey — €0y — coy — Tly_  Toy__ 0 0 %.Hw\ %.mv.
0 0 0 0 0 0 Mug—  flyg—  Swg— Tg— 0 0 gg+go
0 0 0 0 0 0 0 0 0 0 WH— fTy— Ty Ty
0 0 0 0 0 0 0 0 0 0 Ey— o eEy— Gy ley
0 0 0 0 0 0 0 0 0 0 My fEy— Wy Tay—
0 0 0 0 0 0 0 0 0 0 M- Ely— Ely— Ty
0 0 0 0 0 0 0 0 0 0 0 0 0 0

((Px))a xdx)d (Ex))a Cxdx)da (Ixex)d (@Ex)a Qxix)a xix)a Exixa (x)a Cx)a  ((xa @)z  (x)d

- A MmO OO OO OO o oo
NN

SRR
2
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3.4.3 Properties of one dimensional Square Root Diffusion
Process (or one dimensional CIR Process)

e Distribution
The F,-conditional distribution of one dimensional CIR process (d = 1) for any
0 < s <tis, up to a scale factor, a non-central Chi-Squared distribution

Xy
T(t — s)

~ xv(1)

with a degree of freedom v = 40_%(’7 and non-centrality parameter p =

where 7(t — s) = %(1 —e ")) and 0 < s < 1.

Xse—n(t—s)
T(t—s)

Proof: We show that T(fjs) conditional on F; has the moment generating function

of a non-central Chi-Squared distribution with parameter v and u,

M x (u) = (1—2u)" et

T(t—s)

The CIR process is an affine process and therefore its SDE can be written in
the form
dXt = b(Xt)dt + ,O(Xt)dBt,

where b(X;) = by + b1 X; with by = k6, by = —k and a(X;) = p(Xy)? = ag + a1 Xy
with ag = 0, a; = o2.

According to the Definition for affine processes, given in [7], the
Fs-conditional characteristic function of X; is exponential affine in X;, i.e. there
exist the C-valued functions ¢(t,u) and ¥(t, u), respectively, with jointly continu-

ous t—derivatives so that the solution X = X% satisfies
My, (u) = E [e*X¢ | F,] = exp(6(t — 5,u) + b(t — 5,u) X,)

for all u € C and 0 < s < ¢, and the functions ¢(t,u) and (¢, u) solve the system
of Ricatti equations

Op(t,u) = %aoqﬁ(t,u)Q + bo(t,u), @(0,u)=0

1
atw(ta 'Ll,) = §a1¢(t7 'LL>2 + blw(tv u)? (b(Oa U) =u
where by = Kk, by = —k, ap = 0 and a; = o2 (see for example [7], [11]).
According to Theorem A.3 in [11] the solution of the second equation is

uefn(tfs)

it —s,u) = 1—2ur(t—s)’

63



where 7(t — s) = g(l — e #=9))_ It can be also shown that the solution of the

first equation is

ot —s,2) = —20—/20 log(1 — 2ur(t — s)).

Hence, the moment generating function of X; conditional on Fj
ue—ﬁ(t—s)
1—2ur(t—s

Mx, 7, (u) = (1 — 2ur(t — $)) ™ exp ( ))XS) (ueC)

and it can be rewritten as

Xse—n(t—s) U
T(t—s) 1—2u
—— ——

o U o . —v/2
M%VS(U)—MXH;S (—T(t—s)) = (1 —2u) exp

m

e Conditional Expectation

The mean and covariance of a non-central Chi-squared distribution with a
degree of freedom v and a non-centrality parameter p are given by E [y, (u)] =
v+ p and and Var [x,(u)] = 2(v + 2u).

We should obtain the same formula for conditional expectation of square
root diffusion process X; given F; as in (3.23)

4 X —k(t—s)
]E[Xt|]-"5]zr(t—s)< R Xse )

o2 7(t — s)
_ 40T (t — 3)

—k(t—s)
5 + Xse

o
—f (1 . efn(tfs)) + Xsefn(tfs)
e Conditional Variance

Unlike the multi-dimensional case the conditional variance of one dimensional
square root diffusion process has an explicit solution,

4k Xs —k(t—s)
Var[Xt\fs]:%(t—s)?( 4 gtsC )

o? T(t — s)

SkOT(t — 5)?
= Lﬂ + 4Xse*“(t*5)7(t —5)
g
fo? 2 o?
-7 (1— —k(t—s) Xs_ —k(t—s) _ —2k(t—s) ) 3.24
177 (1 e 9)? X, (e ) (320)
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3.4.4 Euler-Maruyama Scheme for Simulation of Square
Root Diffusion Process

The Euler-Maruyama scheme is a simple method for an approximate numerical
solution of a stochastic differential equation based on the Euler method for solving
ordinary deterministic differential equations. A description of the Euler-Maruyama
scheme can be found in many sources.

Suppose that we have to solve the SDE of the d-dimensional square root diffu-
sion process (3.21)

dXt = /43(0 — Xt)dt + oy Xtth, X() =X

on some interval of time [0,7] and some d > 1. The Euler-Maruyama scheme
calculates an approximation X of the true solution X; using the following discreti-
sation scheme

e The interval [0, T is divided into IV subintervals of width At = T'/N choosing
N + 1 time-discrete points

O=ty<ti; <---<ty=T1T, where t, = kAt.

e The stochastic differentials are substituted

Xy = Xpy1 — X
dt = At
de = AWk = Wk+1 - Wk

Note that it follows from the properties of Wiener process that
the increments AW)j are independent and identically distributed nor-
mal random variables with expected value zero and variance At, i.e.

AWy, ~ N(0,At) for k=1,...,N.

e The approximation X of X is defined recursively for K =1,..., N as follows
Xo = X
X1 = Xi + 5(0 — Xp) kAL + 0/ X, AW, (3.25)

Figure 3.1: Euler-Maruyama scheme for simulation of square root diffusion process
dX; = k(0 — X3)dt + o/ XidB; with Xy = x.
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The Euler-Maruyama approximation scheme has the advantage over other ap-
proximative methods that it is fast and simple, however it has also some draw-
backs [17]. Due to the fact that the continuous time process is approximated by
the discrete-time process, the Euler-Maruyama scheme can introduce a bias into
the estimator used for the approximation, however the bias can be reduced to an
acceptable level for a big enough N. Another serious problem is that the algo-
rithm can break down due to the negative value and the impossibility to calculate
the square root. Since the Gaussian increments are non bounded from bellow the
Euler-Maruyama approximation can lose its accuracy near zero, especially, for large
o even when the positivity of the CIR process, that have to be approximated, is
guaranteed. Many improvements to the Euler-Maruayama approximation scheme
are proposed.

e Improvement of Euler-Maruyama scheme
X1 = X + 6(0(=X) HEAL + 0/ (X3) AW, (3.26)
proposed by Deelstra and Delbaen.

e Improvement of Euler-Maruyama scheme
X = | X0 + 50 — X )kAL + m/XkAWk) (3.27)

proposed by Diop.

3.4.5 Exact Simulation of One Dimensional Square Root
Diffusion Process

The exact simulation of a one dimensional square root diffusion process X is based
on the property of simulated process that for any 0 < s < t the distribution of
X(t) given X(s) is, up to a scale factor, a non-central Chi-Squared distribution

Xi~7(t = s)xu(p),

4k60

. —k(t—s
where v = 75 is a degree of freedom, p = Ao D7

=s) " is the non-centrality parameter
and 7(t — s5) = 25(1 — e~*("~*)) is the scale factor.
The exact simulation algorithm of a one dimensional square root diffusion pro-

cess
dXt = Ii(e — Xt)dt + o XtdBt, X(] =T,

on a time grid 0 =ty < t; < ..., <ty =T includes the following steps:
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Initialization

o set time grid 0=ty <ty < ..., <ty =T

e set degree of freedomv = A;—“f

For each k=1,2,3,...

e calculate scale factor 7(ty, — ty_1) = 25 (1 — e Fr—te-1))

Xsefn(tkftkil)

e calculate non-centrality parameter pu = = te)

e generate random variable Y ~ y, (1)

[ ) th = T(tk — tk_1>Y

Figure 3.2: Exact simulation of one dimensional square root diffusion process
dXt = /ﬂ?(e — Xt)dt + oy XtdBt with XO =x.

3.5 Estimation of LRSQ(1,0) Model

3.5.1 Model Specification

The first model, we estimate, is the linear-rational square root model with only
one term structure factor and no unspanned factors (LRSQ(1,0)). In the simplest
LRSQ model the dynamics of term structure factor is given by the one-dimensional
square root diffusion process

dZt = H(Q — Zt)dt + o/ thBta with ZQ =x>0 (328)
and the state space density by
Ct = €7at(1 + Zt); (329)

where k,0 € R and ¢ € R, are unknown real-valued parameters and (Z;);>q is
unknown state space process with values in R, . The parameter « is set

a = o = max(kl, —K)

to guarantee that the short rate (2.7) in LRSQ(1,0) model is non-negative for any
time ¢.

The unknown parameters k,6 and o of the LRSQ(1,0) model as well as the
unknown state variables Z; for t > 0 can be estimated from the market swap rates
and the market swaption prices. As market data we use we use the model swap
rates and the model swaption prices.
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3.5.2 Model Data

We generate a panel data set including weekly data for swaps and swaptions over
the time period of sixteen years. Each panel data row consists of model rates on
spot-starting swap contracts with maturities of one, two, three, five, seven and ten
years, respectively, and six months payment frequency as well as of models prices
on swaptions with three-month options maturities, the same six swap maturities,
and strikes equal to the forward swap rates.

In linear-rational term structure models the swap rates and the swaption prices
are non-linear functions of the factor process (Z;):>o and depend on the parameters
k,0 and o. The factor process (Z;);>o is a one dimensional CIR process with the
same parameters k, 0, 0 and start value Z,. A path of Z can be simulates.

We assume that one financial year consists of 52 weeks and the time interval
between two observations is 1/52. To obtain the weekly data for a period of 16
years we calculate for given parameters r, 6, o and factor process (Z;);>o the afore
mentioned swap rates and swaption prices using the formulas (1.8) and (2.24) on
the time grid

O=ty <t <--- <ty =16,

WhereN:16-52andtk:k~5i2forkzl,...,N.

Stmulation of the factor process Z

Since both the swap rates and the swaption prices at time ¢ are non-linear
functions of the factor process Z;, we first have to simulate the factor process Z on
the same time grid 0 =ty < t; < --- < ty = 16. The factor process is unobserv-
able, but according to the assumption in the LRSQ(1,0) model it follows the one
dimensional CIR process (3.28) with the parameters x,6 and 0. To generate the
factor process Z we simulate a path of one dimensional CIR process with given
values for the parameters k, 0 and o by using either Euler-Maruyama approach or
Exact simulation.

Calculation of the swap rates
A swap with maturity 7" and six months payment frequency is specified by a
predetermined annualized rate and a tenor structure of reset and payment dates

0<t<Ty<Ti1<:---<T,=T

where n is the number of interest rate payments and also the number of interest
rate periods, T is the payment date for the ith period and therefore T; = Ty + i - %
The t-time interest rate of a spot-starting swap (¢t = Tp) is given, according to (1.8),
by

1—P(t,T,)
N Z?:l Alp(thZ)

Sy (3.30)
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and according to (2.6) and the assumption in LRSQ(1,0) model, the zero-coupon
bond prices P(t,T;) are given by the linear-rational function of the state Z;

(¢ + wTG)e—aT + wTe—(a-i-n)fr(Zt _ 9)
¢+ Z;

where p =ty =1, 7=T,—tand A, =T, —T;_; = 1/2.

P(t,T;) = , fori=1,...,n (3.31)

Calculation of the swaption prices
The price of swaption (swap option) on the same swap with three-months
option maturity (i.e. Ty — ¢t = 1/4) is given according to Theorem 2.9 and Theorem

2.16 by
Lo [qlp+id)
I = —/ R {— dA 3.32
' G Jo ) (1 +1A)? ( )
for some p > 0 such that g(u) < oo, where
G+ i) = E[exp((p + iN)psupt(Z,)) | Fi] = ePTom0F40Tm0 0 (3.33)

and the functions @ : R, — Cand ¥ : R, — C solve the system of ordinary Ricatti
differential equations

(1) = kOV(7),
(3.34)

W(r) = —RU(r) + Jo"U(r)’

with initial condition

n

@(0) =Uu = (IU + @A) Z Cie—OcTi (¢ + ¢T9 i wTe—n(Ti—Tg)0>’
=0

U(0) =v=(u+iA) Z cie iy Te=n(Ti=To),

i=0
where
cw=1,¢,=-1—-AK,¢;=—-AK,i1=1,....,.n—1
K=5,, A=T,—T,1 =1/2 and
b=t =1
We calculate the different swap rates and swaption prices with parameters
k= 0.0630, 8 = 0.6709, o = 0.2269 and « = kf, following the algorithm in figure

3.3 and use the calculated data as market data for the estimation of LRSQ(1,0)
models.
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Initialization
e Set the parameter k,0, 0, « = max{kf, —k}
e Set the time grid 0 =ty <t; < - - <ty

Simulation of CIR process Z with parameters k,0,0 on the time grid
D=ty <ty < --- <ty

e Set the start value Z;
For k=1,...,16-52
e Exact simulation of Z;,

Calculation of the swap rates on a spot-starting swap contract with maturity T and
siz months payment frequency on the time grid 0 =ty <t; < --- <ty

e Set the number of payment dates: n = 2T

e Set the reset/payment dates: Ty = tg; T; = To + %z’, 1=1,...,n
For k=1,...,16-52

e (Calculate the zero-coupon bond prices P(ty,T;) fori=1,...,n

e Calculate the spot-starting swap rate Sy, (for Ty = ;)

Calculation of swaption prices on 3 months option
For k=1,...,16-52

e Calculate ¢, = e (14 Z;,)

e Calculate the swap rate K = Sy, ( for Ty =t + 1/4)

e Calculate the swaption price 117" b= Ctlﬂ' I Re [?L’f:f\;g)] d\
k

Figure 3.3: Calculation of swap rates and swaption prices given parameter values
k, 0,0 and start value Z

Figure 3.4 shows the simulated path of the one dimensional CIR process (with
the k = 0.0630, = 0.6709, o = 0.2269 and « = k), used for the calculation of
the swap rates and the swaption prices. In figure 3.5 we can see that the short
rate is non-negative on each time point. The calculated swap rates and swapion
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prices are shown in figure 3.6 and figure 3.7.

Sample paths of CIR process
T T T

Figure 3.4: Simulated path of one dimensional CIR process Z with parameters
k= 0.0630, # = 0.6709, 0 = 0.2269, o = k6 and start value Zy = 1.2

short rste
T

0.07

20

Figure 3.5: Short rate in LRSQ(1,0) model
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Figure 3.6: Swap rates of spot-starting swaps with 1-, 2-, 3-, 5-, 7- and
10 years maturity and 6 months payment frequency. Parameters: « = 0.0630,
6 = 0.6709, o = 0.2269, o = kb

Swaption Price

0.01 T T T
—1year
—2years
3years
—5years
0.008 —7years
10 years
0.006 =
0.004 =
0.002 =
0 ! : !
0 5 10 15 20

Figure 3.7: Simulated swaption prices on 3 months swap options with
1-, 2-, 3-, 5-, 7- and 10 years maturity and 6 months payment frequency. Pa-
rameters: kK = 0.0630, 6 = 0.6709, 0 = 0.2269, o = k6
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3.5.3 Reconstruction of k,0,0 and Z

To check our numerical calculation we reconstruct the model parameters k, 0, o
and the factor process Z from the swap rates and swaption prices calculated by
the LRSQ(1,0) model on a time grid 0 =ty < t; < -+ < tg--- < t, = 16 (with
te=Fk-=5).

e Reconstruction of k,0,a and Z

In LRSQ(1,0) model the zero-coupon bond prices and the swap rates depend
only on the parameters x, 6 and the factor process Z. Only three different market
swap rates (or zero-coupon bond prices) at time ¢ = 0 (for example with maturity
1, 2 and 3 years) are necessary to be determined the exact values of ,0 and Z.
Having these values, the process Z can be exactly reconstructed from a series of
swap rates (for example with maturity 1 year). Note that according to Proposition
2.8 the zero-coupon bond price function is injective and Z; can be reconstructed
from the model price at time t.

Let S, 52, S8 denote the market /model swap rates at time ¢ = 0 of swap with

maturity 1, 2, or 3 years, and 6 months payment frequency. Then
k,0 and Zjy solve the following non-linear system:
O (P + R)A
Py— Py
Sg = 3.35
O (P4 P+ P+ P)A (3:35)
O (Pi+ P+ P+ P+ Ps+ Py)A
where for 1 =0,...,6
(14 0)e T + e~ @t (7, — 0)
P, =P(0,T;) =
( ) 1+ %y
a = kb

t=0,To=t+1/4, T, =To+i-1/2
n=T,—-t, A=T,-T,_ 1 =1/2.

The numerical solution of the system (3.35) is given by

i = 0.0630
6 = 0.6618
& = 0.0417
Zo = 1.2132.
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The factor process (Z, )Jo=t,<t, <ty—16 is reconstructed (see figure 3.8) from the
equation
L P(tg, To) — P(tg, T2)
" (P(ty, Ty) + Pty, To))A’
where S} is the market/model swap rate at time ¢ = tg,...,ty of a swap with

maturity 1 year and P(t,7;) is the price at time t of a zero-coupon bond with
maturity 7; given in (3.31).

simulated and estimated factor X (Exact Solution, R=1e-10)
T T T

Figure 3.8: Estimated and simulated factor process Z

e [Estimation of parameter o

Once we have the values of the parameters k, 8, a and the values of the factor
process Z; at time 0 =ty <t; < -+ <tg--- <t, =16 (with t :k:-5i2), we need
the market price of only one swaption to estimate the parameter o. Let Py denote
the market/model price at time ¢ of a swaption on a swap with maturity 1 year.
Then o solves the equation (3.32)

' q(p +i))
Fy = Ctﬂ/o Re [—(M—H)\)Q} d.

The numerical solution of this equation is

& = 0.22690. (3.36)
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3.5.4 Maximum Likelihood Estimation in Conjunction with

UKF

The state space model corresponding to the LRSQ(1,0) model is given by the
following measurement and process equations

Ztk = (I)O + (I)ZZtk71 + Wy, (338)

where
e 0<t,<16andty =k 2 for k=0,1,...,16-52.

o Y, = (Y, Y2)" € R?is a vector of observable market swap rates and swap-
tion prices at time ¢, with maturity 1, 2, 3, 5, 7 or 10 years.

e Z;, € R is the unobservable state variable at time t; and by assumption it
is a Gaussian variable whose first two conditional moments are equal to the
first two conditional moments of the factor process (3.28).

o h = (hy,ho)T : R — R? is a vector-valued function where h; is defined
according to (3.30) and hsy according to (3.32).

2 0

e wu;, is the measurement noise and u, ~ N (0, R) with R = <05w‘”’ 9 )
O Uswpt

e wy, is the process noise and wy, ~ N(0, Q).

e © = (K, 0, 0)" as well as ®g,Px and @, are the unknown parameters,

which have to be estimated from the market data.

Estimation of parameters g, ®x and Qy,

Since, by assumption, the conditional moments of the state variables Z;, in
state space model are identical to the conditional moments of the factor process
(which is a CIR process), it follows that

q)() + q)ZZtk,l —F [Ztk | f'tk,l] —f (1 . e—n(tk—tkfl)) + Ztk,le_ﬁ(tk_tkil)

2 2
th = Var [Ztk | ftk—l] — QL (1 _ e*/{(tk*tkfl))Q + Ztk,l% (e*:"u(tk*tkfl) _ e*?ﬁ(tk*tk71)> )

2K
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Hence, the parameters &g, @, and ();, can be expressed by the parameters
k,0,0 and the state variable Z;, | as follow

Oy =6 (1—e /)

(I)Z — e*li/52
0o’ —k/52)2 o’ —k/52 —2k/52
th:%(l—e ) +Ztk71;(€ — € )

and therefore k, 8 and o are the only parameters which have to be estimated.

Mazimum likelihood estimation of parameters

To estimate the parameters © = (k, 6, o) we first apply the UKF algorithm
to the state space model (3.37)-(3.38) to construct the log-likelihood function

tn
1 N N N N
L(O) = 3 Z <2 log 27 + log | Fyp—1 + (Y; — K|t,1)TFtTt£1(}/t — Yt‘t,1)> ,

t=to

where 3//\}”_1 is the one-step-ahead forecast for Y; at time ¢ and E“_l is the cor-
responding error covariance matrix. Then we calculate the maximum likelthood
estimation for © by

~

O = arg max L(O).

Applying the UKF to the model swap rates with 1 year maturity and the model
swaption prices with 1 year maturity, calculated with parameters x = 0.0630, 6 =
0.6709, o = 0.2269, we obtain the maximum likelihood estimation for the param-
eters K, 0,0

estimated ‘ true

&= 0.0636 | k = 0.0630
6 =0.6738 | §=0.6709
6 =0.2239 | o = 0.2269

as well as the UKF estimate for the factor process Z. The simulates and estimated
factor process are given in figure 3.9.
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Simulated and Esimated X

T
— Simulated
— Estimated
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Figure 3.9: Estimated and simulated factor process Z (UKF)

3.6 Estimation of LRSQ(1,1) Model Specifica-
tion

3.6.1 Model Specification

The second model, we estimate, is a two-dimensional linear-rational square root
model LRSQ(1,1), which has exactly one term structure factor and one unspanned
stochastic volatility (USV) factor. According to the specification of LRSQ(1,1)
model (see Example 2.14) the factor process X follows the two-dimensional square
root diffusion process (CIR process)

dX; = k(0 — X;)dt + Diag(o1/ X1y, 09/ Xo1)dB,, X =z € R2 (3.39)
and the state space density ( is given by
G=e"(1+1;X,), (3.40)
where

o o — ki1 0 ER>2 9= o € R?, oy,04 € R, with o1 # o4 are
0 K11 62

unknown real-valued parameters;

o X = (X, X gt)tTZO denotes a vector of unobservable state space variables with
values in R?;
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e B = (By, Ba) is a two-dimensional Browning motion;

e « is areal-valued parameter which has to be chosen large enough to guarantee
that the short rate is non-negative for any time ¢. We set

o = o = max {1;@«9, —1, k1, —1;%.2} = max {k1161, k1102, —K11}
according to Theorem 2.12.

The estimation of LRSQ(1,1) specification includes the estimation of unknown
parameters © = (K11, 01,6s,01,079) as well as the estimation of unobservable state
variables X; = (X1, Xot)" on specific time points from the market swap rates and
the market swaption prices. As market data we use the model swap rates and the
model swaption prices. We estimate the unknown parameters and the unknown
state variables by Mazimum likelihood approach in conjunction with Unscented
Kalman Filter.

3.6.2 Model Data

Similar to LRSQ(1,0) model, we generate a panel data set including weekly data
for swaps and swaptions over the time period of sixteen years. Each panel data row
consists of model rates on spot-starting swap contracts with maturities of one, two,
three, five, seven and ten years, respectively, and six months payment frequency
as well as of models prices on swaptions with three-month options maturities, the
same six swap maturities, and strikes equal to the forward swap rates. The model
swap rates and swaption prices in the LRSQ(1,1) model are functions of the two
dimensional factor process (X;);>o and depend on the parameters k11,01, 02, 01, 09.
To obtain the model data we first have to simulate the factor process (X¢):>o for
given parameters ki1, 01,09, 01,09 and a given start value Xy and then calculate
the model swap rates and the model swaption prices according to (1.8) and (2.24).
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Calculation of model swap rates and model swaption prices

We calculate the model swap rates and model swaption prices on the time grid
O=to<ty < ---<ty=16, tpy=k-1/52fork=1,...,N
for the parameters
O = (K11, 01, b2, 01, 02)" = (0.0630, 0.6709, 0.2903, 0.2269, 0.1688)"

and the start value
Xo=(1.2,0.5)".

Following the algorithm in figure 3.3 we

1. set the time grid
O=ty <ty <--- <ty =16,

where N 4+ 1 = 16-52+1 is the number of the simulated weekly observations
andtk:k’-%forkzl,...,]\f.

2. simulate a path of the two-dimensional CIR process (3.39) with start value
Xo = (1.2, 0.5)7 on the time grid 0 = ¢, < t; < -+ < ty = 16 using
Euler-Maruyama approach.

3. calculate for each t, the swap rates of spot-starting swaps with maturity
T = 1,2,3,5,7,10 and payment dates t, = Top < 17 < -+ < T, =T
according to

P(ty, Ty) — P(tg, T))

S, = -
- Zi:l AiP(tkaTi)

(3.41)

where

(¢ + @bT@)e*O‘T + 77DTef(onm)q-(thk . 9)
¢+¢Tth

¢:1:¢:(1 1)TaT:E_t7 Alzﬂ_ﬂ71:1/2a

P(t,,T) = , (3.42)

n=2T=246,10,14 or 20.

4. calculate for each t;, the prices of swaptions on three-month swap options with
maturity 7' = 1,2,3,5,7,10, payment dates t, =Ty < Ty < --- < T, =T
and strikes equal to the forward swap rates according to

Lo [q(p+id)
;" = 2L dA 4
S e B
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for some p > 0 such that g(u) < oo, where
qp+i\) =E [e(u+mpswm(XT0) | F] = 2T+ XU (To—t) (3.44)

and ® : R, — C,¥ : R, — C? solve the system of Ricatti ordinary differen-
tial equations

(1) = k0 U (7)
TR (5.49
V(1) =—k'"VU(7)+ 5‘11(7) Diag(oi,03)¥(7)

with initial condition

n

CI)(O) =Uu= (,u + ZA) Z Cie—aTi (¢ + 77Z)T‘9 . 77Z)'I'e—m(Ti—To)e)
=0

W(0) =v=(p+i)) Y e TigpTe =BT

i=0
where
cw=1,c¢,=-1—-AK,¢;=—-AK,i=1,....,.n—1
K=8, 1=Ty—t,=1/4, A=T,— T,y =1/2 and

p=11¢= (171)T'

In figure 3.10, figure 3.12 and figure 3.13 can be seen the simulated CIR pro-
cess X, the model swap rates and the model swaption prices with parameters
k11 = 0.0630, 6, = 0.6709, Oy = 0.2903,, o1 = 0.2269, 05 = 0.1688, o = 0.0636.
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Sample path of 2-dim CIR process (Euler Maruyama Simulation)
T

T
—X1
—— U1

1.2 s

0.8
06 ail

0.4 i

Figure 3.10: Simulated path of two dimensional CIR process X = (X1; Xo)" with
parameters k11 = 0.0630, 6; = 0.6709, 65 = 0.2903,, o1 = 0.2269, g9 = 0.1688,
a = 0.0636 and start value Xy = (1.2, 0.5)7
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Figure 3.11: Short rate in LRSQ(1,1) model
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Figure 3.12: Swap rates of spot-starting swaps with 1-; 2-,  3-,
5-, 7- and 10 years maturity and 6 months payment frequency. Parame-
ters: k11 = 0.0630, 6, =0.6709, 6, =0.2903,, 01 = 0.2269, oo = 0.1688,
a = 0.0636 and start value Xy = (1.2, 0.5)7
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Figure 3.13: Swaption prices on 3 months swap options with
1-, 2-, 3-, 5-, 7- and 10 years maturity and 6 months payment frequency.
Parameters: k11 = 0.0630, ¢; = 0.6709, 6, = 0.2903,, 07 = 0.2269, 09 = 0.1688,
a = 0.0636 and start value Xy = (1.2, 0.5)7

82



3.6.3 Maximum Likelihood Estimation in Conjunction with
UKF

The state space model corresponding to the LRSQ(1,1) model is given by the
following measurement and process equations

Ztk = (I)O + (I)Xth71 + Wy, <347)

where

0<t<16andt,=Fk- 4 fork=0,1,...,16 - 52.

oY, = (Y} Y2)T € R* is a vector of observable market swap rates and
swaption prices at time ¢, with maturity 1, 2, 3, 5, 7, 10 years, respectively.

o X;, € R? is the unobservable vector of state variables at time ¢, and by
assumption it is a Gaussian random vector, whose first two conditional mo-
ments are equal to the first two conditional moments of the factor process

(3.39).

e b= (h1,hy)" : R — R? is a vector-valued function where h;; are defined
according to (3.41) and hy; according to (3.43).

® uy,

2 0
is the measurement noise and u;, ~ N(0, R) with R = (szap ) )
O Uswpt

e wy, is process noise and wy, ~ N(0,Qy, ).

k

e O = (K11, 01, 09,01, 09) " as well as §y, Px and @, are the unknown param-
eters which have to be estimated from the market data.

Estimation of parameters @y, ®x and (),

The assumption, that the first two conditional moments of the state variables
X, in the state space model and conditional moments of the factor process (which
follow a CIR process) are identical, implies

Dy + q)ZZtk,l _ [Ztk | ftk—l] .y (1 . 6—n(tk—tk—1)) + thile—ﬁ(tk—tkfl)
th = Var [Ztk | ‘Ek71:| .

From the first equality we obtain that the parameters ®,, ® x depend only on
the parameters k11, 1 and 05, and can be given in closed form by

Dy =0 (1 — e /")

(I)X — 6714/52.
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From the second equality, it follows that the variance of the process noise is
equal to the conditional variance of the two dimensional CIR process (3.39), which
can not be given in a closed form but it can be calculated numerically if the
parameters k11, 01, 05, 01, 0o and the previous state are known.

Therefore the wunknown parameters of the state space model are only
K11, 91, 02, 01, 09.

Mazimum likelihood estimation of parameters © = (k1y 64 03 04 ag)T and state
variables X,

To estimate the unknown parameters © = (k11, 01, 02, 01, 02)", we apply the
UKF algorithm to the state space model (3.46)-(3.47). The Unscented Kalman
Filter produces a recursive estimation for of the state variables X;, and at the
same time constructs the log-likelihood function

tn

1 N N _ N
L(O) = 3 Z <2 log 27 + log | Fye—1 + (Y; — Y;t|t71)TFtﬁlfl(K — Yt‘t,1)> ,

t=to

where 2“_1 is the one-step-ahead forecast for Y; at time ¢ and 1/7\}|t_1 is the cor-
responding error covariance matrix. The mazimum likelihood estimation for © is
obtaind by

~

O = arg max L(O).

Applying the UKF to the model swap rates with 1 year maturity and the
model swaption prices with 1 year maturity, calculated with the parameters k;; =
0.0630, ; = 0.6709, 0, = 0.2203, 01 = 0.2269, 01 = 0.1688, we obtain the maxi-
mum likelihood estimation for the parameters k, 0, o

estimated true
k11 = 0.0640 | k11 = 0.0630
0, = 0.7021 | 6, = 0.6709
0y = 0.2204 | 6, = 0.2203
61 = 0.2250 | oy = 0.2269
69 = 0.1629 | oy = 0.1688

as well as the UKF estimate for the factor process X. The simulates and estimated
factor process are given in figure figure 3.14 and figure 3.15.
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Figure 3.14: Estimated and simulated factor process X (UKF)
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Figure 3.15: Estimated and simulated factor process X (UKF)
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3.7 Estimation of LRSQ(3,1) Model Specifica-
tion

3.7.1 Model Specification

The LRSQ(3,1) model is a four-dimensional linear-rational square root model,
which has exactly three term structure factors and one unspanned stochastic
volatility factor. According to LRSQ(3,1) specification (see Example 2.15), the
factor process X follows the four-dimensional square root diffusion process (CIR
process)

dXt = /<;(0 Xt dt+D1ag g1\ Xlt,O'Q\/ XQt,O'g\/ th,0'4\/ X4t dBt

(3.48)
Xo=zcR?
and the state space density is given by
G=e (141 X,), (3.49)
where
Ki1 K2 ki3 0 0,
o s — K21 K22 K23 Ko ERY4 9= 0 e R*, and
K31 K32 K33 K31 03
0 0 0 &kn 04

01,09,03,04 € Ry with 01 # 04 are unknown real-valued parameters;

X = (Xlt,th,th,X4t) +~o denotes the vector of unobservable state space
variables with values in R%;

B = (B, Bot, Bst, Bat),s is a four-dimensional Browning motion;

a=o =max {1,kb, —1 k1, —1 Ko, —1] K3, —1 K4}

ensures that the short rate in the LRSQ(3,1) model stays non-negative for
any time ¢ (see Theorem 2.12).

The estimation of LRSQ(3,1) specification includes an estimation of the un-
known parameters

O = (/fll, R12, K13, K21, K22, K23, K31, K32, /4333,91,92793,94701702,03,04)

86



as well as an estimation of the wnobservable state wvariables
X = (X1, Xor, X3¢, X4t) T on specific time points from the market swap rates and
the market swaption prices. As market data we use the model swap rates and the
model swaption prices with added white noise. We estimate the unknown param-
eters by Maximum likelihood approach in conjunction with Unscented Kalman
Filter.

3.7.2 Model Data

We generate a panel data set for the LRSQ(3,1) model including weekly data for
swaps and swaptions over the time period of sixteen years. Each panel data row
consists of model rates on spot-starting swap contracts with maturities of one, two,
three, five, seven and ten years, respectively, and six months payment frequency
as well as of models prices on swaptions with three-month options maturities, the
same six swap maturities, and strikes equal to the forward swap rates. The model
swap rates and swaption prices in the LRSQ(3,1) model are functions of the four
dimensional factor process (X:);>0 and depend on the parameter vector ©. To
obtain the model data we first simulate the four dimensional CIR process (X;)i>o
for a given parameters vector © and a given start value X, and then calculate the
model swap rates and the model swaption prices according to (1.8) and (2.24). To
obtain more realistic data we add a white noise to the model swap rates and the
model swaption prices.

Calculation of model swap rates and model swaption prices with noise

We calculate the model swap rates and model swaption prices on the time grid
O=to<ty <---<ty=16, tpy=k-1/52fork=1,...,N =16-52
for the parameters

O = (Hn, K12, K13, K21, k22, K23, K31, K32, /‘633,91,92793,94,01702703,04)
= (0.0630, 0.0000, 0.0000, —0.1266, 0.4377, 0.0000, 0.0000, —0.5012, 0.1652,
0.6709,0.2903, 0.8810, 0.3275,
0.2269,0.1688,0.1229, 1.8097)

and the start value
Xo = (1.2,0.5,0.8,0.1)".

We generate 6(N+1) i.i.d. Gaussian variables Z; 7" ~ N(0, le — 8) and 6(N+1)
i.i.d. Gaussian variables Zf;f’%t ~ N(0,1e — 10) and add them to the model swap
rates and to the model swaption prices, respectively.
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Calculation scheme

1. set the time grid
O=ty <t <--- <ty =16,

where N + 1 = 16-52+1 is the number of the simulated weekly observations
and ¢, = k - fork—l ,N.

2. simulate a path of the four-dimensional CIR process (3.48) with start value
Xo=(1.20.50.80.1)7 on the time grid 0 =ty <t; < --- <ty = 16 using
Euler-Maruyama approach.

3. generate 6(N + 1) random variables Z; " N0, 1e — 8).

4. generate 6(N + 1) random variables ZS“’pt S ~ N(0,1e — 10).

5. calculate for each t; the noisy swap rates of spot-starting swaps with ma-
turity 7' = 1,2,3,5,7,10 and payment dates t, =To <T1 < --- < T, =T
according to

P(ty, To) — P(tk, Tn)

St = Yoy AiP(ty, T;)

+ 77, (3.50)

where

(¢ + wTQ)e—m— + wTef(a+n)r(th . 9)
d+TXy, ’

d=1,0=01110)" r=T,—t, A; =T, =T,y = 1/2,

Py, Ti) = (3.51)

n=2T=24,6,10,14 or 20.

6. calculate for each t; the noisy prices of swaptions on three-month swap
options with maturity 7" = 1,2,3,5,7,10, payment dates t, = Ty < T} <
- < T, =T and strikes equal to the forward swap rates according to

I qp + i) ¢
15wt — EA LA IO\ stp 52
el / fte [(u 102 " (3:52)

for some p > 0 such that g(u) < oo, where
(i +iX) = E [eltNpeon(Xn) | 7] = o2To-O+X, W(To-) (3.53)

given Xy =z and ® : R, — C, ¥ : R, — C* solve the system of Ricatti
differential equations

(1) = kO V(1) 550

1
V(1) = —HT\I’(T) + §\II(T)TDiag(Jf, Jg, 0%, O’Z)\I’(T)
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with initial condition

O(0) =u=(n+iN) Y _cie T (¢+ 70— e T
=0

W(0) = 0= -+ M) Y ciem T
=0

where
cw=1c,=—-1-AK, ¢;=-AK,i=1,....n—1
K=S8y, 1=Ty—t,=1/4, A=T,— T,y =1/2 and
p=1,v=(1111)".

The figure 3.16, figure 3.17, figure 3.18 and figure 3.19 show the simulated
CIR process X, the model short rate, the noisy model swap rates and the noisy
model swaption prices with parameters x;; = 0.0630, k1o = 0, kK13 = 0, Koy =
—01266, KRo2 = 043777 KRo3 = 0, K31 = 0, K32 = —050127 K33 = 01652, 91 = 06703,
0y = 0.2903, A3 = 0.8810, 0, = 0.3275, o1 = 0.2269, 09 = 0.1688, o3 = 0.1229,
o4 = 1.8097, o = 0.0636.

Sample path of 4-dim CIR process (Euler Maruyama Simulation)
T T T T T

X1

x3 ||
Xa

A
06 M\' "y‘ ﬂ
04l | "(‘l'v ALl o
| l 8
o.zf‘}u | L‘ I ‘
0\\ ‘J“/}‘H O, LY mm.ﬂ ‘.u J\ L
Figure 3.16: Simulated path of four dimensional CIR  process

X = (X, Xot, Xar, Xy4e) T with parameters k1, = 0.0630, k1o = ki3 = 0,
Ro1 = —01266, K99 — 04377, K93 = O, R31 = O, K32 = —05012, K33 = 01652,
0, = 0.6703, 6, = 0.2903, 03 = 0.8810, 6, = 0.3275, o, = 0.2269, oy = 0.1688,
o3 = 0.1229, 04 = 1.8097, a = 0.0636 and start value X, = (1.2,0.5,0.8,0.1)"
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Figure 3.18:
5-, 7- and 10 years maturity and 6 months payment frequency.
Parameters: k11 = 0.0630, k19 = k13 = 0, Koy = —0.1266, Koy = 0.4377, Koz = 0,
k31 = 0, kgo = —0.5012, k33 = 0.1652, 6; = 0.6703, 6, = 0.2903, A3 = 0.8810,
0y = 0.3275, 0 = 0.2269, 05 = 0.1688, 03 = 0.1229, 04 = 1.8097, a = 0.0636 and
start value Xy = (1.2,0.5,0.8,0.1)

Short rate
T

Figure 3.17: Short rate in LRSQ(3,1) model

0.11

Noisy Swap Rates
T

Noisy swap rates of spot-starting swaps with 1-,
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2-, 3,



Noisy Swaption Price
T

0.025

— 1lyear

2 years
3 years
5 years
0.02 T 7years [
10 years

0.015

\

‘w ’M

\ y)“ WM‘\
| \ \ i |
| y \I\V \ I m‘ l
I “\‘ |

0.005

Figure 3.19: Noisy swaption prices on 3 months swap options with
1-, 2-, 3-, 5-, 7- and 10 years maturity and 6 months payment frequency.
Parameters: k11 = 0.0630, k19 = k13 = 0, Koy = —0.1266, Koo = 0.4377, Koz = 0,
k31 = 0, kzo = —0.5012, k33 = 0.1652, 6; = 0.6703, 6, = 0.2903, 63 = 0.8810,
0y = 0.3275, o1 = 0.2269, 05 = 0.1688, 03 = 0.1229, o4 = 1.8097, a = 0.0636 and
start value Xy = (1.2,0.5,0.8,0.1)

3.7.3 Maximum Likelihood Estimation in Conjunction with
UKF

The state space model, corresponding to the LRSQ(3,1) model, is given by the
following measurement and process equations
Ztk = (I)o + (I)Xth,l + Wy, (356)

where

e <ty <16andty=Fk- = fork—O,l,...,16~52.

oY, = (Y, Yti, Y32, VH)T € R*is a vector of observable market swap rates and
swaption prices at time ¢, with maturity 1, 2, 3, 5, 7, 10 years, respectively.
Note that we need at least four measurement equations to estimate four

unknown variable.

e X;, € R*is a vector of 4 unobservable stare variable at time ¢, and by
assumption it is a multidimensional Gaussian random vector, whose first
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two conditional moments are equal to the first two conditional moments of
the factor process (3.48).

o h = (hi)i<ica : R* — R* is a vector-valued function where h; and hy are
defined according to (3.50) and hz and hy according to (3.52).

0 o2

swpt

. . . o zwap[ d2 0
e 1, is the measurement noise and u;, ~ N(0, R) with R = Id,):

e w;, is process noise and wy, ~ N(0,Qy, ).

k

e O = (Hn,f<6127/<&13,fi21,/€22,/<623,/€317'f32,533791762,93794701702703704) as well
as g, Px and (), are the unknown parameters which have to be estimated
from the market data.

Estimation of parameters @y, ®x and )y,

The assumption that the first two conditional moments of the state variables
X, in the state space model and conditional moments of the factor process (which
is a CIR process) are identical, implies

Qg+ D7, =K [Ztk | ftkfl] =40 (1 — e_n(t’“_tkfl)) + thile_”(tk_tkfl)
Qu, = Var [Ztk | Ek71:| :
From the first equality, we obtain that the parameters &, ®x depend on the

parameters ki1, K12, K13, K21, K22, K23, K31, K32, K33, 01, 02, 03, 8, and can be given in a
closed form by

Dy =0 (1— e /")

(I)X _ 6_’{/52.

From the second equality, it follows that the variance of the process noise is
equal to the conditional variance of the four dimensional CIR process (3.48) which
can be calculated numerically, if all parameters in © and the previous state are
known.

Therefore the state space model parameters are

0= (KJ11, R12, K13, K21, K22, K23, K31, K32, /4633,91,92,93794,01,02,03704)-
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Mazimum likelihood estimation (MLE) for ©

To obtain the MLE for the unknown parameter © we first apply the UKF to
the state space model (3.55)-(3.56) to construct the log-likelihood function

tn
1 ~ . . -
L©)=3>" (4 log 2 + log | Fy—1 + (Yi — Yaeot) T Fy (Vi — Yt‘t_1)> ,

t=to

where 17;|t,1 is a one-step-ahead forecast for Y; at time ¢ and F\t|t71 is the corre-
sponding error covariance matrix. Then we find numerically the parameter value
© which minimize the negative log-likelihood function £(©) by

O = arg max L(©).

UKF state estimation given parameter ©

We first consider a state space model in which all parameters are known and
estimate by UKF the state variables in the model from the the noisy model swap
rates and with maturity 1- and 5 years and the noisy model swaption prices with
the same maturity.

Figure 3.20 - 3.23 show the estimated and simulated factor process with pa-
rameters k13 = 0.0630, k19 = K13 = 0, Koy = —0.1266, Koy = 0.4377, ko3 = 0,
k31 = 0, kzo = —0.5012, k33 = 0.1652, 6; = 0.6703, 6, = 0.2903, 63 = 0.8810,
0y = 0.3275, o1 = 0.2269, 05 = 0.1688, o3 = 0.1229, 04 = 1.8097, a = 0.0636 and
start value X, = (1.2,0.5,0.8,0.1)".

simulated and estimated factor

simulated X1
— estimated x1 (UKF)

Figure 3.20: Estimated and simulated factor process X1 (UKF)
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simulated and estimated factor

0.7

0.6

0.5

0.4

0.3

0.2

0.1

— simulated X2
~ estimated x2 (UKF)

Figure 3.21: Estimated and simulated factor process X2 (UKF)

simulated and estimated factor

0.9

0.8

0.7

T T
— simulated X3
— estimated x3 (UKF)

Figure 3.22: Estimated and simulated factor process X3 (UKF)
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simulated and estimated factor

0.25
— simulated X4
~ estimated x4 (UKF)

0.2 i

samanh ML LA \ A i Amj\ sk

0 0.5 1 1.5 2 2.5 3 3.5 4

Figure 3.23: Estimated and simulated factor process X4 (UKF)

Mazximum likelihood estimation for ©

In practice, the model parameters are unknown and have to be estimated from
the market prices.

We assume that in the state space model (3.55)-(3.56) both the parameters
and the state variables are unknown. We apply the Maximum likelihood approach
in conjunction with UKF to estimate the parameter © from the market data. As
market data we use the noisy model swap rates with maturity 1- and 5 years and
the noisy model swaption prices with the same maturity.
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Example 1
@O — O
©= fminsearch(—L£(0 | x29%),0°, options)

In the table below are given the MLE é), the true model parameter ©* as well
as the start value © for the numerically minimization of the likelihood function.
Figure (3.24)-(3.27) show the estimated and simulated factor process.

estimate true start

&) or Qv

fi11 = 0.0640 k11 = 0.0630 k9, = 0.0630
fi1o = 0.0001 K12 = 0.0000 k%, = 0.0000
fi1y = 0.0001 k13 = 0.0000 k% = 0.0000
fior = —0.1274 fio1 = —0.1266 K, = —0.1266
frgp = 0.4393 Koy = 0.4377 kY, = 0.4377
frog = 0.0001 Kas = 0.0000 kJy = 0.0000
fig1 = 0.0001 kg1 = 0.0000 k9, = 0.0000
figp = —0.5000 Kas = —0.5012 Kk, = —0.5012
figs = 0.1626 Kigg = 0.1652 Ky = 0.1652
0, = 0.6730 0, = 0.6709 09 = 0.6709

0, = 0.2918 05 = 0.2903 09 = 0.2903

05 = 0.8729 05 = 0.8810 09 = 0.8810

0, = 0.3220 0, = 0.3275 09 = 0.3275

&1 = 0.2261 o1 = 0.2269 0¥ = 0.2269
&y = 0.6905 oy = 0.6882 o0 = 0.6882
&3 = 0.1216 oy =0.1229 09 =0.1229
64 = 1.8389 o, = 1.8097 09 = 1.8097

& = 0.0631 o = 0.0630 a® = 0.0630
L(O | x29) = 5472.38 | L(O* | x29) = 5367.91 | £(O° | x2) = 5367.91

Remark: The samlpe period consists of 209 simulated weekly observation.
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simulated and estimated factor

simulated X1
estimated x1 (UKF)

0.7

Figure 3.24: Estimated and simulated factor process X1 (UKF)

simulated and estimated factor
0.7 T

simulated X2
\ estimated x2 (UKF)

of | | J\

05

oaft p |

03
"

02 \ f

0.1

Figure 3.25: Estimated and simulated factor process X2 (UKF)
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simulated and estimated factor

1 T T T T T
— simulated X3
— estimated x3 (UKF)
I -
! |

Figure 3.26: Estimated and simulated factor process X3 (UKF)

simulated and estimated factor

0.25
— simulated X4
estimated x4 (UKF)
0.2 i
0.15 b
0.1 &
0.05 i
0 I i 1L &

0 0.5 1 1.5 2 25 3 3.5 4

Figure 3.27: Estimated and simulated factor process X4 (UKF)
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Example 2
0’ ~ OF
©= fminsearch(—L£(0 | x2%%),0°)

The MLE estimation for the parameter © is given in the table below. Figure
(3.28)-(3.31) show the estimated and the simulated factor process.

estimate true start

e o* Qv

f1 = 0.05925 k11 = 0.0630 kY, = 0.0600
fr12 = 0.00003 k12 = 0.0000 k9, = 0.0000
fi13 = 0.00006 k13 = 0.0000 kY, = 0.0000
frgp = —0.12189 Koy = —0.1266 k9, = —0.1200
frga = 0.43090 Kop = 0.4377 k9, = 0.4300
fra3 = 0.000021 ks = 0.0000 K9 = 0.0000
fi31 = 0.00006 k31 = 0.0000 k9, = 0.0000
frgp = —0.49779 Kigp = —0.5012 K9y = —0.5000
fi33 = 0.16166 kigs = 0.1652 K95 = 0.1600
0, = 0.6702 0, = 0.6709 69 = 0.6700

62 = 0.2922 0y = 0.2903 63 = 0.2900

05 = 0.8898 05 = 0.8810 09 = 0.8800

0, = 0.3241 0, = 0.3275 69 = 0.3200

&1 = 0.2232 o1 = 0.2269 o0 = 0.2200
Gy = 0.6588 oy = 0.6882 o = 0.6800
&3 = 0.1213 o5 = 0.1229 o0 = 0.1200
G4 = 1.7790 o4 = 1.8097 o9 = 1.8000

& = 0.06692 a = 0.0630 a” = 0.0700
L(O | x29) = 5472.38 | £L(0* | x2) = 5469.18 | L(O° | x29) = 5319.79

Remark: The samlpe period consists of 209 simulated weekly observation.
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simulated and estimated factor
13 T T T

— simulated X1
— estimated x1 (UKF)

12 i

05 I I I I I I I

Figure 3.28: Estimated and simulated factor process X1 (UKF)

simulated and estimated factor
0.7 T T T

— simulated X2
~ estimated x2 (UKF)

0.6 |
0.5 4
0.4 =
0.3 i
0.2 4

0.1 ul

Figure 3.29: Estimated and simulated factor process X2 (UKF)
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simulated and estimated factor

1 T T T

— simulated X3
— estimated x3 (UKF)

Figure 3.30: Estimated and simulated factor process X3 (UKF)

simulated and estimated factor

0.25 T T T
— simulated X4
estimated x4 (UKF)
0.2 i
015 b
0.1 &
0.05 i
0 I | L I L

0 0.5 1 1.5 2 25 3 3.5 4

Figure 3.31: Estimated and simulated factor process X4 (UKF)
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Appendix A

Stochastic calculus

Assume that X = (X}):>0 is a stochastic process defined on the filtered probability
space (2, F, (Ft)i>o0, P).

Definition A.1 (Martingale). A stochastic process X = (X;)i>o is called mar-
tingale with respect to the filtration (Fi)i>0, if E(|X¢|) < oo for allt > 0, X is
adapted and

E(X:|F)=Xs P-as. forall0<s<t.

Ezamples: 1) Xy = E(Y | F;), where Y is a random variable with E(]Y]) < oc;
2) B = (By)e>0;

Definition A.2 (It6 process). A d-dimensional stochastic process X is said to
be an Itoé process, if the local increments are on the form

dXt == /thdt -+ O'tdBt (Al)

where B = (By)1>o is assumed to be a d-dimensional standard Brownian motion
on (Q,F, (Ft)>0,P), the drift is a d-dimensional process pu = (pu)i>0, and the
sensitivity towards the shock is a stochastic processes o = (0¢)i>0 taking d x d
matrices as values. [14]

Lemma A.3 (It6’s Formula). Let X = (X1,...,X,)" be a continuous d-dimensional
semimartingale, taking P-a.s values in an open set U C R%, and let f : U — R be

a twice continuously differentiable function (f € C?(U)). Then the process f(X)

15 a continuous semimartingale and P-a.s

Fx) =5+ Y [ S onaxi+ Z / o (XX X,

[see [12], Theorem 10.2]
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Theorem A.4 (Martingale Representation Theorem). Let B = (B;)i>o be a
d-dimensional Browning motion on the probability space (2, F, (Fi)i>o0, P), where
F = o(FBUN) is the standard filtration. Then for each d-dimensional martingale
X = (Xy,...,Xy) with respect to F there exist a predictable processes Y1, ... Yy €
H? such that

d t
X;’:Xg+2/ YJdB!, (P-a.s.), t>0.
j=1"0
[see [12], Theorem 12.2]

Remark: H?* = {Y 1Y is addapted, measurable and E ([~ Y2ds) 1/2} < o0

Theorem A.5 (Girsanov’s theorem). Let B = (B;);>0 be a Browning motion
on the probability space (0, F,(Ft)>0,P) and Y € L*(B), and let

S 1 S
Zs = exp (/ Y, dBu — 5/ deu) , Jor0<s<t,
0 0

be a P-martingale. Then the measure Q can be defined such that Q ~ P and
% = Zy, and the process W = (Wy)s<t, defined by

W, = B, — / Y, du,
0

is a Browning motion with respect to Q. [see [12], Theorem 11.8]

Remark: The process (Z5)s<¢ is a P-martingale, if the Novikov condition,

1 t
EF (exp (—/ deu)) < 00,
2 Jo

is satisfied.
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