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Abstract: The Kennedy model offers a robust framework for modeling forward rates, leveraging
Gaussian random fields to accommodate emerging phenomena such as negative rates. In our study,
we employ maximum likelihood estimations to determine the parameters of the Kennedy field,
utilizing Radon-Nikodym derivatives for enhanced accuracy. We introduce an efficient simulation
method for the Kennedy field and develop a Black-Scholes-like analytical pricing formula for diverse
financial assets. Additionally, we present a novel parameter estimation algorithm grounded in
numerical extreme value optimization, enabling the recalibration of parameters based on observed
financial product prices. To validate the efficacy of our approach, we assess its performance using
real-world par swap rates in the latter part of this article.

Keywords: kennedy model; calibration; term structure model; option pricing; interest rate swap;
gaussian random field; heath-jarrow-morton framework; HJM model

1. Introduction

In the 2010s, a new phenomenon, the negative rates, appeared in the financial markets, which
brought extreme uncertainty to the world, resulting in the mathematical models used to describe
the dynamics of the interest rates being reconsidered. The model, defined by Kennedy in the 1990s,
describes the dynamics of the forward rates with Gaussian random fields [1] [2]. This approach
contains several advantages; for example, it offers a solution to handle the negative rates naturally and
can be connected to the industry standard Heath-Jarrow-Morton (HJM) framework [3]. Additionally,
maximum likelihood estimations of the parameters and analytical Black-Scholes-like pricing formulas
for different financial assets can be derived due to the standard distribution properties of the Gaussian
random fields.

This article summarizes the most critical issues related to using the Kennedy model in the financial
world. In Section 2, we present the term structure model for describing forward interest rates based
on Gaussian random fields proposed by Kennedy. Among other things, we present the condition
for the martingale property of the discounted bond price and show in which cases coincide with
the Gaussian Heath-Jarrow-Morton framework. Section 3 introduces the theoretical background
of the parameter estimations. The results of the Radon-Nikodym derivative of Gaussian measures
with different means are shown. This section derives the maximum likelihood and probability one
estimation for the parameters in the Kennedy field. Section 4 shows a practical, simple, and fast way to
simulate the Kennedy field with the help of the Brownian sheet. The following section (5) contains the
analytical, fair price of various financial products (caplet, floorlet, and swap). Section 6 summarizes the
calibration method for different financial products, in our case, the optimization algorithm, which is
based on numerical extreme value search to estimate the parameters of the field. Finally, the previously
presented calibration algorithm on real swap par rate data can be found in section 7.

2. Kennedy model

The development of the forward rates in the model proposed by Kennedy is described in the
upcoming equation.
F(s,t) = a(s,t) + X(s, t) 1)
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where X(s, t) is a centered Gaussian random field with the covariance structure specified by
cov[X(s1,t1), X(s2,t2)] = c(s1 A sp, t1,t2), 0<s; <t;,i=1,2 ()

The function c is given and satisfies ¢(0, t1, t,) = 0. Assume that the drift function «(s, t) is deterministic
and continuous in 0 < s < t and that the initial term structure of «(0,t), (t > 0) is specified, also
EF(0,t) = «(0,t), (t > 0). The covariance function c(sy A s, t1, t2) is symmetric in t; and t,, and is
nonnegative definite in (s1, t1) and (sp, f2). The dependency of the s; A s, ensures that the Gaussian
random field X(s, t) has independent increments.

A sufficient condition on the drift surface is derived to ensure that the discounted bond prices of
zero-coupon bonds are martingales. Therefore, the model can be used to price financial products in
the future.

First, let us introduce the following notations, where 0 <s < t.

R(t) = F(t,1) (©)
t+A

FA(s,t) = %/t F(s,u)du 4)

P(s,t) =e” J; Flsadu (5)

Z(s,t) = e~ Jo RWdup(s 1) 6)

F(s) =0{F(u,v),0<u<s,u<v} (7)

where R(t) denotes the spot rate at time t, P(s, t) represents the price at time s of a bond paying one
unit at time t. Z(s, t) defines the discounted price of the previously defined bond at time 0, while
the information available at time s is that contained in the F (s) o-algebra, thereby implying that the
whole yield curve is observed at each time point. We also introduce a new notation, F A (s,t), to the
continuously compounded forward rate for the period [t,t + A], (A > 0), which can be interpreted as
an average of the forward rate for the current period, at time s.

An important theorem is emphasized in Kennedy’s article, which states the following [2].

Theorem 1 (Kennedy (1997)). In the independent-increments case the following statements are equivalent:

(a) Foreach t > 0, the discounted bond-price process {Z(s,t), F(s), (0 < s < t)} is a martingale;
(b) P(s,t) = ]E[e_ fstR(”)d”|]-'(s)},for all (s,t), (0 <s <t);and
(c) a(s, t) =a(0,t) + fot[c(s ANv,v,t) —c(0,0,t)]dv forall (s,t), (0 <s <t).

The proof of the theorem is accessible in the original article written by Kennedy [1]. Furthermore,
a different derivation of the theorem can be found in the appendices A.1. To complete the proof, it was
necessary to include an additional statement, which formulates an equivalent form of defining the
drift term with the covariance function.

Remark 1. The two statements for the drift term in the Kennedy model are equivalent. For all 0 <s < t
t
a(s, t) = a(t,t) —I—/ [c(s,v,t) —c(v,v,t)]dv 8)
S
& ©)

a(s,t) = a(0,t) + /Ot[c(s Av,0,t) —c(0,0,t)]do. (10)


https://doi.org/10.20944/preprints202409.0369.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 September 2024 d0i:10.20944/preprints202409.0369.v1

30f29

Proof of Remark 1. The proof is given by showing that both directions are correct.

= (s, t) —a(0,t) = a(t, t) + /St[c(s,v,t) —c(v,0,t)|dv — a(t, t) — /Ot[c(O, v,t) —c(v,0,t)]dv =
(11)

t
—/ s,0,t) —¢(0,0, )] dv+/ v,v,t) —c(0,0,t)]dv :/0 [c(sAv,v,t) —c(0,0,t)|dv  (12)

< a(s, t) —a(tt) = a(0,t) —I—/O [c(sAv,v,t) —c(0,v,t)]dv — a(0,t) — /Ot[c(t Av,v,t) —c(0,0,t)]dv =
(13)

= /Ot[c(s ANv,v,t) —c(v,v,t)]dv = /t[c(s, v,t) —c(v,v,t)]dv (14)

S

O

2.1. Connection between HJM and the Kennedy-Model

The Heath-Jarrow-Morton framework is a widely used model considered an industry standard
[3]. This is also a term structure model, which creates a connection between bonds with different
maturities. The HJM model is an infinite-dimensional framework. Therefore, the whole yield curve
evolves in forward time instead of at a specific point.

Kennedy has stated in his article that the Kennedy model includes the Heath-Jarrow-Morton
framework in the case when the coefficients, a(s, t) and o;(s, t), in the underlying stochastic differential
equations are not random and so the rates F(s, t) are Gaussian [2]. Therefore, in this section, we will
show precisely in which cases the two models can correspond to each other.

The notations of the HJM model are written consistently with those found in the book by Shreve
[6]. We first examine the case when a single Wiener process drives the forward interest rates; then, the
dynamics can be written as follows:

F(s,t) = F(0,1) + /Os/s(u, £)du +/OS o (u, )W (1) (15)

where F(0, t) refers to the initial forward year curve known at time 0, W(u) is a Wiener process under
the actual measure, and «(s, t) and o (s, t) are deterministic processes in the variable s. Let us denote
{&(t) }+=0 = {F(0,t) };>0 which is independent from process {W(t) };>¢ and is a Gaussian process.

The expected value and the covariance function of the Heath-Jarrow-Morton framework and the
key Kennedy field conditions can be written in the following form.

1. The expected value function from the Heath-Jarrow-Morton model can be calculated in the
following way.

a(s,t) = EF(s, ) = BE(t +/ (u, £)d +/ (u, £)d (16)

2. Similarly to the previously calculated expected value function, the covariance function is
calculated as follows. Let us denote the covariance function between &(t1), &(t2) with

cov(E(ty),G(t2)) = r(t1, 1)

min(sy,57)
c(s1,82, 11, t2) = cov(F(s1,t1), F(s2, t2)) = cov(E(tr), E(t2)) +/0 o(u,tr)o(u, t2)du (17)

The covariance function is specified as a function of s; A s;. This ensures that the Gaussian
random field X(s, t) has independent increments in time s, which is also fulfilled due to point 2
in the HJM framework. This confirms that all Gaussian HJM models (where the drift and the
volatility terms are deterministic) are the well-known Kennedy model.
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3. By adding the martingale property in the Kennedy model (like in point (c) in theorem 1), which
guarantees that the conditional expected value of the discounted bond-price process is a
martingale under the risk-neutral measure. As a result, the model is arbitrage-free. Then, by
matching the equations of the expected values to each other, we get the famous condition of the
HJM model, according to which the drift term can be obtained in the form below.

a(0,t) + /Os B(u,t)du = a(0,t) + /Ot[c(s Av,v,t) —c(0,0,t)]do (18)

s min(s,v)
a(0,1t) —I—/O B(u, t)du = «(0,t) + /Ot[r(v,t) —i—/o o(u,v)o(u, t)du —r(v, t)]do (19)

/Os B(u,t)du = /Ot /Omin(s,v) o(u,v)o(u, t)dudo (20)
B(s, t) =o(s,t) /ta(s,v)dv (21)

where the last equation satisfies the famous HJM condition.
4. By adding the Markov property to the previous conditions, where the discounted bond price
process is martingale, we get an even narrower class of models.

Definition 1 (first Markov property). The random field of instantaneous forward rates {F(s,t) : 0 <
s < t} satisfies the first Markov property if for all 0 < s; < sy < s3, 51 < 11, 53 < tp we have
F(sy,t1) L F(s3, 1) |F(Sz, ).

Definition 2 (second Markov property). The random field of instantaneous forward rates {F (s, t) :
0 <'s < t} satisfies the second Markov property if for all 0 < s1 < sp, t1, tp with s, < t; A tp we have
F(sy,t1) L F(sp,t2)|F(s2,t1)-

Definition 3 (Markov property). The random field of instantaneous forward rates is {F(s,t) : 0 <
s < t} Markov if it satisfies both the first and second Markov properties.

Definition 4 (Markov in t-direction). The random field of instantaneous forward rates {F(s,t) : 0 <
s < t} is Markowv in the t-direction, that is, in the maturity-time coordinate, if for all s < t; < tp < t3
then F(s,t1) L F(s,t3)|F(s, t2)

Definition 5 (strict Markov property). The random field of instantaneous forward rates {F(s,t) : 0 <
s < t} strictly Markov if it is both Markov and Markov in the t-direction.

Kennedy stated (in theorem 3.1 in [2]) that if a random field of forward rates is Markov and
satisfies the independent-increments property, then the covariance function can be written in the
following form.

C(S/ t11t2) = f(S)g(tl,tz), (22)

where f is a monotone increasing and g is a symmetric and positive semidefinit function. This
property can be written as follows for the H/M model.

S
r(t, t) + /0 o (u, t1)o (i, t2)du = f(5)g(t1, b) 23)
Then by deriving (23) according to the variable s we get

(s, t1)o(s,t2) = f'(s)g(t1, £2) (24)
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By setting t; and t; equal to each other (t; = t, = t), we obtain the following equality
*(s,t) = f'(s)g (b, 1) (25)
Consequently
(s t) = b(s)g(t), (26)

where b(s) = /f'(s) and g(t) = +/g(tt). Therefore, it is shown that if the HIM model is
Markovian, then the o (s, t) function appears in the form of Equation (26). We thus obtained that
in the Markovian case, the volatility function must be separable in the time parameters. Hence

o (s, t1)o(s, t2) = b*(s)g(t1)g(t2) (27)

For s = 0 Equation (23) can be written in the following form

r(ti, ) = f(0) - g(t1, t2). (28)

From Equation (23), (28) and (39) it can be stated that

rit ) = FEg(t, ) — g(t)g(t2) [ B2 ()du 29)
f0)g(t1,t2) = f(s)g(t1,t2) — §(t1)8(t2) /OS b* (u)du (30)
[£(5) ~ FOlg(t1,t2) = g(t1)g(t2) [ f () @

If the function f(s) is constant, then we get the trivial case when o (s, t) = 0 for all (s, t). In the
non-trivial case, we get from Equation (31) that f(s) is not constant. Therefore, we got

r(ty, t2) = cg(t1)g(t2) (32)

Hence, we showed that if the HJM model is Markovian, then functions ¢ and r occur in the
previously derived form. Now, we show the opposite direction: if our covariance function has
this shape, then the HJM model will be Markovian.

o(s,t1,12) = eg(t)g(t2) + g(t)g(t2) [ b3 (u)du = @)
= &)g(tZZ (c + /05 bz(u)du> = (34)

8(ttz) RS
= f(s)g(t1, 12) (35)

which is exactly the necessary condition (22).

In 1992, Cheyette published an article in which a restriction was applied to the
Heath-Jarrow-Morton model, which forms a subset of the original HIM models to make the
model Markovian. This so-called Cheyette model is an arbitrage-free term structure model,
which is Markovian in a finite number of state variables and consistent with an arbitrary initial
term structure. Due to these favorable properties, the Cheyette model quickly spread throughout
the industry and became widely used [7].
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In this case, the volatility function has to be separable into time and maturity-dependent factors
given by the following structure [8].

(s
(s)

However, this condition is completely identical to the previously derived condition for the
volatility term in the Markov case in the Kennedy model.

5. Kennedy further narrowed the model class by requiring stationarity in addition to the Markov
property and the independent increments property (stated in theorem 3.2 in [2]).

=

o(s,t) = a(t) (36)

QR

Definition 6 (stationary). The random field is stationary if for each t > 0 the joint distributions of
{F(s,t) : 0 <'s < t} are the same as those of {F(s 4+ u,t +u) : 0 < s < t} for any fixed u > 0.

Therefore, the covariance function takes the form below.:

c(s,t1, 1) = (M) (|t — 1)) (37)

X
7A7
where A > 0, |H(x)| <h(0)e 2 and x > 0.
For the HJM framework, it was shown that (¢, t;) = 0, hence according to point 5.

c(s,t1,12) = F(s)g(tu, t2) = g(11)g(t2) <c+ /Os bZ(u)du) = (38)
= M= (1AR) (1t — 1)) )

Fors = 0and t; = t, = t it can be written

cg*(t) = e Mn(0) (40)
1(0) —M
glt) =)= e 2 (41)
Returning back to Equation (38)
72 1 A(s—(t1At))
= — -h —t 42
C+/0 b (u)du g(h)g(tz)e (|tl 2|) ( )
Aty Aty
T2 = 02 e 2 Mot (g —
c+/0 b= (u)du h(0>e e2e 1 h(|t; — t2]) (43)
Now substituting s = 0
A
c-h(0) =cexp {z(tl +h)—AHA tz)}h(|t1 — ) (44)
A
1(0) = cexp { 3111 — 2 bu(l ~ 2] s)

h(u) = h(0) exp {_2)\14} (46)
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Returning again to Equation (39) while substituting Equation (41)

h —A ’
e {201 + tz>} < | b2<u>du) SGARR (G @7
— A= (HAR)) -h(0) exp {_2/\“}1 - t2|} (48)

1 S
- <c+/ bz(u)du> =M (49)

c 0
/s b (u)du = ce™ — ¢ (50)

0

By deriving the integral equation according to the variable s, we get the following solution
V(1) = cAeM (51)

Therefore, the covariance function of the forward rates {F(s,t) : 0 < s < t}, when the rates are
stationary, strictly Markov, and satisfy the independent-increments property, can be described

with the following set of four parameters {c,A > 0,y > %, v} and is of the form

cov[F(s1,t1),F(s2,t2)] = 2eA min(s1,52)+(2u—A) min(ty,b2) —p(ty +t2) (52)

The function of the expected value of the Gaussian random field can be easily derived from the
covariance function.

Y (] T BN NP (S B S
a(s,t) =v U(y e (y+A—y)+e p— (53)

3. Parameter estimation

In finance, where uncertainty reigns supreme and decisions are often made under incomplete
information, accurate modeling of interest rate dynamics is paramount. This is where parameter
estimation comes into play as a fundamental aspect of financial modeling, particularly in the context
of Kennedy-type term structure models. While calibration is a widely adopted practice in finance,
parameter estimation also holds significant importance.

The central assumption of these models is that interest rates follow stochastic processes, the
parameters of which govern their behavior over time. These parameters determine the shape of
the yield curve and influence the pricing of various financial instruments, such as bonds, options,
and derivatives. Therefore, obtaining reliable estimates of these parameters is essential for making
informed investment decisions, managing risk, and pricing financial products accurately.

Parameter estimation techniques enable practitioners to calibrate these models to observed market
data, such as bond prices or interest rate derivatives. Among the most commonly used methods are
maximum likelihood estimation (MLE), estimation with probability 1 and Radon-Nikodym derivatives,
which allow for determining parameter values that maximize the likelihood of observing the given
market data under the model assumptions. Through rigorous statistical inference, these techniques
provide a systematic framework for extracting information from observed market prices and estimating
the underlying dynamics of interest rates.

3.1. Maximum Likelihood Estimations

In this section, the theoretical background of the maximum likelihood estimations, in the case of
Gaussian functionals, is presented based on the work of Rozanov and Araté [4][5].
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Definition 7 (Gaussian functional). Let (Q, A, P) be a probability space, and T is a parameter set. Then
¢ : QY x T — Risa Gaussian functional, if foranyn € Nandcy,...,cn €R, t1,...,ty €T,

Y e (54)

i=1

is normally distributed. Then P is called a Gaussian measure in (Q), F¢). For simplicity, we can assume that
A = Fz. The expected value and the standard deviation of the Gaussian functional are marked as follows

m(t) = EG(t), B(s,t) = cov[g(s),¢(t)] (55)
It is well known that two Gaussian measures are either equivalent or orthogonal.

3.1.1. The case of different expected values

Let ¢ : 3 x T — R be a Gaussian functional. Let the expected value of the Gaussian functional
under the measure P be 0 and the expected value under the measure P; be m.

Epi(t) =0, Epé(t)=m(t), teT (56)

Let U denote the linear space of the variables of the following shape
n
Zcigti, neNcy,...,chn € R ty,...,t, €T. (57)
i=1

Also, take the following scalar product
<u,v>= / uvdP. (58)
O

Finally, U denotes the Hilbert space obtained by closing U.
Rozanov showed that for different expected values, the Radon-Nikodym derivative can be calculated
as follows [5].

Theorem 2 (Rozanov). The P and Py measures are equivalent if and only if there exists an y € U for which

m(t) = / E(n(t)dP, teT. (59)
w
In the case of equivalence, the Radon-Nikodym derivative of the two measures are
<nn>
apy  1—— —
it 2
7p e (60)

A simple consequence of this theorem is the following statement by Arato6. [4]

Theorem 3 (Aratd). Let ¢ : (3 x T — R be a Gaussian functional. Let the expected value of the Gaussian
functional under the measure P be 0, and the expected value under the measure Py be m - a(t). The P and Py
measures are equivalent if and only if there exists an 7 € U for which

a(t) = /w &(H)y(t)dP, teT. (61)
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In the case of equivalence, the Radon-Nikodym derivative of the two measures are
P m* <y,m>
e
p = (62)

Theorem 4 (Maximum likelihood estimation). Let {(t) be a Gaussian functional. Then, using the notations
of the previous statement, the maximum likelihood estimation of m is the following

= —1 63)
<nny>

The estimation is normally distributed and unbiased, and the standard deviation is

1
D} i = ———— 64
Bt =S (64)

Proof of Theorem 4. The shape of the estimation is derived immediately from the Radon-Nikodym

derivative. To determine the expected value and standard deviation, calculate the next expected value
if X ~ N(0,02).

2 m202 (x_ m0.2)2
[e°] —

x
E(XkemX)ZL xkem"\/zlfmfe_%fzdx:e 2 /mxk\/zl?ae 202 dx (65)

Calculating the first two moments, we get the following values

m?g?
e ifk =1, then — E(Xe"X) = mo?e 2

m2o?
e ifk =2, then — E(X%"X) = (02 + m2c*)e 2

For the expected value, we obtain the following

m? <n,n >
E m:é/ 4P, :L/Wem”_ 2 dp= (66)
Pin <nn> Qn " <nn>Jao
L m<nn> m? <>

Similarly to the first moment, we can derive the second moment.

i . i . L 1
1= — dP, :7/ 2 dP = 68
Ep,, 1t <’7,17>2/011 m= 2 e (63)
. m? <, > m? <m0 > .
. —— 2 2 2 2 - = tm? (69
<17,17>2e (<n,m>4m=<n,n>e <17’17>+m (69)

The standard deviation can be deduced immediately from these derivations. Since these are Gaussian
functionals, normality is evident. [
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3.1.2. The case of constant expected value

If the expected value of our Gaussian process is constant, then a(t) = 1 for every t € T. Let
=0{(¢(t) —¢(s)),s,t € T}. Letus fixaty € T point and let h(§) = Ep[(tp) | F)]. Let us assume
that D?[&(tg) — h(¢)] > 0. Then the maximum likelihood estimation of m is

it = G(to) —h(E). (70)

Proof. The proof uses the law of total expectation and the E, (111(¢(to) — h(¢))) = D% (1) statement.

Ep(mg(t)) = Ep(m(&(t) — &(to) +¢(to) — h(E) +h(E))) = (71)
= Ep(i(&(t) — &(to) + h(£))) + D (1ir) = (72)
= Ep(Ep((m(Z(t) — &(to) + h(E)) | F)) + Dp(1ir) = Dp(rit) (73)

Based on the previous derivations, the maximum likelihood estimation is the following

= (74)

O

3.1.3. Some simple examples

The well-known results of various stochastic processes often used to model financial processes
immediately follow from the previous statements.

For example, let us observe a Gaussian process with m expected value and the same covariance as
the Wiener process on the interval [a,b], where a4 > 0 and a < b. In this case, the maximum likelihood
estimation of the Wiener process is the value of the process at the starting i1 = ¢(a).

On the other hand, a stationary Ornstein-Uhlenbeck process in the [0, T] interval can also be
observed. We know the value of A > 0 in advance and the expected value and the covariance matrix
of the process

Ep, [5(5)] =m (75)
covp, [(§(s), (1)) = o?e M, st € [0,T] (76)

Therefore, the following covariances can be easily determined

Ep[¢(0)§(1)] = 0% M, Ep[g(H)E(T)] = o?e M (77)

o [ elonts 20 = proe e 8)

Taking advantage of the fact that, in this case, the maximum likelihood estimation is unbiased, we get
the well-known Grenander formula [11]:

O +ED) +A Sy E
"= STAT ' 79)

3.2. Parameter estimations of the Kennedy field

From now on, we investigate the case when the random field of forward rates {F(s,t) : 0 <s < t}
is stationary, strictly Markov, and it satisfies the independent-increments property. Then - as we
have seen before - the covariance and expected value functions have the form (52) and (53) and these
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functions are defined by four parameters (v, y, « and 7). Therefore, the expected initial forward curve
is easily obtained.

o o? o? o?
— Y Lt —ut _ —At
w(0,t) =v y+ye —I—i/\_#e /\_‘ue (80)
2 2
v+ (ei‘t - 1> +- 7 <e7” — e)‘t>
Z A—p

(81)
Also, from the equation above, it can be straightforwardly seen that the parameter v refers to the
expected value of the spot curve.

o

[

2

o 2

2 2
EF(S,S):]ER(S):a(sls):y_o;_f_i_’_ 4

= 2
We can notice that the F(s, s + t) field is an Ornstein-Uhlenbeck process in the variable s, therefore

cov[F(s1,51 4 t), F(sp,50 4 t)] = o2 MeHls17=2] (83)
This means that if we can observe the F(s,s + t) process on an interval according to s for some
value t, then g2e— M

u is determined with probability 1. If we can do this for two different t values, then
0%y and A are defined with probability 1.

If we look at another covariance from the field

cov {P (loisl , t) ,F (loisz, t)] = e M min(sy,sp)

(84)
Which means that ¢%e~* is defined with probability 1, therefore also 02 and y are defined with
probability 1.

In the following, we observe the field on a region marked with T. The following ¢(s, t) auxiliary
random field is introduced, where the expected value under the measure P, is v.

&(s,t) = F(s,t) + 02 (1 — e Hlt=s)( 1

1
— +e—A(f—S>>. 85
I p A—u) A=y (85)
where

i J
Wi yp) = ) ) &(k1) (86)
k=11=1
We demonstrate that the following estimate is the maximum likelihood estimate of this parameter.

Aby

f/\g(a, by) + fbblz eME(a,v)do
—— - . (87)
M (5 + Y ) +eM71(ﬁ - )
First, we get that Ep, (¢(s, t)?) gives the same value for every (s, t) € T. On the other hand, Ep, (7) = v
Thus, based on Theorems 2 and 3, 7 is the maximum likelihood estimate.

4. Simulation of the Kennedy Field

>| =

In this section, we aim to simulate the Kennedy field in n X m points. We can consider this as an
n x m normally distributed vector whose expected value and covariance matrix are known. However,

for sufficiently large n and m, simulating a multidimensional, normally distributed vector is extremely

slow due to the size of the covariance matrix. A much more effective, simpler, and faster way is if we
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notice that if W(x, y) is a Brownian sheet, then a(s, t) + ce #W (e, e(2#=Mt) is a Kennedy field with
the appropriate covariance structure.
The question is how can we generate a Brownian sheet at the (x;, y;) points (x; < -+ < xp,¥1 <
- < ym) the fastest way possible, where the division is not necessarily equidistant. Let us take
independent random variables with N(0, (x; — x;_1)(y; — yj-1)), (xo = yo = 0) distributions and
denote them with 7 (i, j). Accordingly, the Brownian sheet can be written in the following form

i
W(xi,y) =Y, Y n(k1) (88)
==

Hence, the upcoming matrix operation should be coded in the fastest way possible to achieve the
desired results.

i
A—B:B(i,j)=)_Y Akl (89)
k=11=1
Fortunately, ready-made, fast algorithms exist for this double summation.
In Figure 1, we can see two different simulations where the number of simulated points is 10000.

Forward rates as a Kennedy field Forward rates as a Kennedy field
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Figure 1. Simulated Kennedy-fields
5. Option Pricing

This section aims to show that the fair prices of various financial assets can be derived analytically
if we assume that the forward rates evolve according to a Gaussian random field.

5.1. European caplet

In the case of options, instead of using instantaneous forward rates, compounded forward rates
are used. Consequently, it is necessary to transition from the instantaneous forward rate, described
earlier by the Kennedy field, to a discrete forward rate for a given time period, often denoted as L(t, T;),
with reference to the LIBOR rate. Consistently with the following discretization scheme, the discretized
version of the HJM framework, which is considered the industry standard, is the LIBOR Market Model
(LMM).

14 L(s, )A = eJi " Flsmdu — AF () 0)

This derivation is equivalent to the one derived by Kennedy but uses a different approach. We would

like to calculate the price of an interest rate caplet at strike K for the time period ¢ to t + A. This may be

1
regarded as a European option on the forward rate F(s, t) = — A (s, u)du which is exercised at

A
time t if f2(t,t) > K, yielding a payoff at time ¢ + A. The payoff function of this transaction is shown
below.

V(1K) = [P0 1) = (2K 1), = [AF00) - K] 1)
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The discount factor from time s to time t is defined as follows.
D(s,t) = e~ ks rwdu (92)

A cap normally consists of a string of such options for successive time periods, but it is sufficient here
to consider only one time period. The discounted payoff of the option at time s is the following

D(s,t + AV (t K) = e~ & rmduoAFMED 8Ky 93)

The price of a financial asset is obtained by taking the expected value of the discounted payoff
function. The definition of the drift term guarantees that the model is under a risk-neutral measure,
just like in the Heath-Jarrow-Morton framework.

— [P r(u)du  ,AFA(1E) _ AK
Pcaplet(s) =Efe™ (e A (94)

For the sake of simplicity, two additional variables are introduced (¢(s, f) and #(s, t)) to denote

the time range over which the forward rate is integrated.

t t
E(s, 1) = / P(u)du = / F(u, u)du (95)
S S
t
n(s,t) = / F(t,u)du (96)
s
Hence, in the case of caplet, we deal with the following special case of ¢ and 7.
t+A t+A
E(s, t+A) = / r(u)du = / F(u,u)du (97)
s S
t+A
7t t+A) = AFS(4,t) = / F(t, u)du (98)
t

Due to the properties of the Gaussian random field (&(s1,t1),7(s2,t2)) is following a multivariate
normal distribution. Henceforth, except for necessary cases, we omit the corresponding time indices to
indicate the expected value, standard deviation and correlation between & and 7. Consequently let us
denote them with the following notations E¢ = py, D*(¢) = 0%, E = yp and D?(7) = 3. From now
on, the conditional normal distribution theorem can be used. As a result, the conditional distribution
of ¢ given 7 is the following

&l ~ N(m +901’7;2”2,012(1—92)) (99)

where corr(G(s1,t1),1(s2, t2)) = p(s1, 1,52, t2). Therefore, the fair price of the European option can be
calculated as follows.

Ele [ 70 (AP 00) _ oK) ) — Fled (e — 2K, ] = (100)
= E[E(e¢(e" — )., ] = E[(¢? — ). - E((e %) )] (101)

During the derivations, the law of total expectation and the fact that (¢ — ¢2K) is measurable

for 1 is used. As we can see, { ~ N(py,01) is normally distributed, therefore —¢ ~ N(—pq,01),

1 (_7 Vz, 0?(1 — p?)). Since the conditional
2

where corr(—¢,1) = —p. Therefore —|n ~ N(—p1 — poy
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distribution of —& given 7 is known, therefore E[e~¢|y] can be calculated as the expectation of a
lognormally distributed random variable.

— 1
*Hl*WlU y2+*”f(1*P2)
Ele ¢ly] = e o2 2 (102)
Returning to the pricing formula
n—p2 1 2 2
—p1—por +501(1-p%)
E[(e" — ) -Ele=C|y]] = E| (" —ePK) 4 - e 2" = (103)
U
+1 2(1—-p%)+ppz 2L ok
4= o2(1— o _
_ ottt PV202E|:(617_€AK)+.€ 02] _ (104)
1 —(x— 2
_ Z 2012 9 oo o o x=pip)
— P‘1+2‘71(1 P7)+oH25, / (ex(lpyzé) _eApr”;> 1 e 2% dy— (105)
AK V270>
2 2
oy + 0 —(x—pip—0B+p01 09)2
P . 2 ooy oo 1 %
=e /AK ﬁe 2 dx— (106)
2
1 —(x— 2
_ L5 X—pp+poy0n)
—eAK H1+2t71 /°° 1 . 27 dx (107)
AK /2711079

Finally, by subtracting the values of the two integrals from each other, we get the analytical
pricing formula for the European call option in the case of the Kennedy fields.

Pcaplet(s) =e

1 1
VZ_P‘1+§(‘712+‘7§—2P0102)® (}42 + 0% — poyoy — AK) B eAK—M1+§a%q> (Hz — P00y — AK)
02 0
(108)

5.1.1. Expected values and variances

Based on the calculations in appendix A.2 for the pricing of the caplet, the expected value of ¢
and y, their standard deviation, and the correlation between them are as follows.

2
n =Eé(s, t+A) = (v— ;)(t—kA—s) (109)
o? o? o? o?
I e e R
pe =Rttt ) = (v A ua—m\° A= \°
(110)
2 2 20 —pu(t+A—s)
o3 =D*5(t,t+A) = (112)
:702 <e_AA — 1) + 702 (e—P‘A — 1) + 702 (e_P‘A — e_’\A> + 0—2 (1 — e_)‘A)
(A =mA p(—A) w(p—=A) A
(113)
co0v =cov (C(s,t +A),n(tt+ A)) (114)
:Ué <1 — e HD _ pult=s) o eﬂ(t+AS)) + (115)
K
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o’ o>\ [ aa 20° AA—ps
(i 3 () o () o

cov <§(s,t+A),;7(t,t+A)) cov
0 —corr(é(s,t+A),17(t,t+A)> = DE(s,E- A)Dy (LI A) = s (117)
cov(&, 1) —Zi (1 — e HA _pmHltms) 4 e_”(t+A_s)) + (118)
o’ o’ AA 20° AA—pA

(e 5 (=) e () )

5.2. European floorlet

Similarly to the previously derived European caplet, the price of an interest rate floorlet is now
derived. Thereby, using the put-call parity, the pricing formula of the swap can be easily calculated.
The payoff function of this transaction is shown below.

V(1K) = (2K — 1) — (AP0 1)), = MK — AP (120)

t
The discount factor from time s to time ¢ is defined just as previously: D(s,t) = e~ Js rdu - A floorlet
normally consists of a string of such options for successive time periods, but it is sufficient here to
consider only one time period. The discounted payoff of the option at time s is the following

D(s, b+ A)V(1,K) = ¢~ I rldu (oK _ 8PN () (121)

The price of a financial asset is obtained by taking the expected value of the discounted payoff function.
The definition of the drift term guarantees that the model is under the risk-neutral measure, just like in
the Heath-Jarrow-Morton framework.

Pfloorlet(s) = E[67 ISHA r(u)du (EAK - eAFA(t't))+] (122)

The derivation is completely similar to the price of the caplet product presented earlier and can be
found in Appendix A.3. Therefore, the analytical pricing formula for the European floorlet option in
the case of Kennedy fields is as follows.

1 1 1
i+ —02(1—p2 AK+ = 0202 AK — 4= _ 2 AK — 2
Prnnas) = 2T (M2 g (Bt an ) _ (MR Se o LR0% ) ) (123)
(%3 %)
AK7V1+102 AK — + o0y 0" ’42,’41+1(02+02,ng1”2) AKfy — o2 + poy 0
=e 21(1)(7]4(27 plz)—e 271 <I>< 2 02 12> (124)
2 2

5.3. Swap

An interest rate swap is a forward contract exchanging a floating and fixed rate for a
predetermined period. The special financial asset in which the floating versus fixed rate exchange only
applies to one period is called a swaplet. In this section, the fair price, hence the conditional expected
value of the discounted payoff function under the risk-neutral measure for one period, is derived.

We first examine the simplest case, a one-period swap. In this case, the interest rate exchange
takes place at only one point in time, T in the swap product. In this case, the swap is similar to a caplet
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with an extreme cap value, where the product is definitely worth calling. The price of the swaplet
product at time s is as follows.

Poapter(s) = Ee= K" Flunddu (o[ Flsuydu _ 0Ky (125)

In this case, the previously introduced ¢ and # are interpreted in the following time period.

s+A
C(s,s+A) = / F(u,u)du (126)
S
s+A
1(s,5s4+A) = AFA(s,s) = / F(s,u)du (127)
S
As we can see, the definition of # is unchanged; therefore, only the value of y1, 07 and the covariance
changes.
2
U1 = (1/ ~ 2\ (128)
M
2
02 =D = 2:2 (Ay e 1) (129)
o AA o A

cov(&,n) =————-e -1 +<e” —1)—|— (130)

e =p () sy

o2 < o2
+—— (e — eAA> + — (1 — e)‘A) (131)

ulp—A) 1z
o5 =D?y = cov(&, 1) = poyon (132)

As we can see, in that case, the covariance of ¢ and 7 equals to the variance of 7.

This calculation is easy to see if we use the previously introduced multidimensional normally
distributed random variables (&, and 77) because in this case, ¢ and ¢’ random variables are lognormally
distributed. It is well-known that the quotient of two lognormally distributed random variables with
correlation p is also lognormally distributed with the following expected value and standard deviation.

¢~ N(u,01),1 ~N(p2,02) = (7 =8) ~ N(p2 — 1,07 + 03 — 200102) (133)
Hence
— —p1t+5 07
E(e ) =e 2 (134)
e' VZ—H1+1((72+‘72—2P<71172)

E(e %) = E(eﬁ) =E(e %) =e 2712 (135)

Therefore, we easily got the previously calculated result back.

Vz,yl+1(02+0272p0102) AK*]J]JrlU’Z

Pswaplet<s) =e 271 —e 2" (136)

Furthermore, the price of a one-period long swap, the so-called swaplet at time s, can be easily obtained
using the previously derived caplet and floorlet pricing formulas and the put-call parity. Therefore,
the difference between the calculated fair price of the caplet and the floorlet option.

The fair price of a fixed vs floating swap for more time periods at time 0 can be found in the
Appendix A.2.
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5.4. Par swap rate

In the previous section, we could derive the fair price of a one-period swap, the so-called swaplet.

1 1
— i1+ = (02402 2007 0 AK—pi+—=0?
Pswa]ﬂlet(o) = EVZ " 2( v —¢e " 2 (137)

Therefore, let us first adjust the previously defined ¢ and # variables to the following time periods.

s+A

E(s,s+A) = / F(u,u)du (138)
° s+A

1(s,54+A) = AFA(s,s) = / F(s,u)du (139)

The so-called swap quote can be easily expressed from that equality, which equals the par swap rate.

The par rate is the value of the fixed rate that gives the swap a zero present value or the fixed rate that

makes the value of both legs equal. The derivation of this rate is important because, in many cases, the

financial data contains par swap rates instead of swap prices; in other words, this financial product is
quoted using the par swap rate.

1 2,2 1 2
Ha—p1+ = (07 +05—200107) eAKflerfal
e _

Pswaplet(o) =0= 2 2 (140)

1 2, 2 1 2
ey27y1+§(c71+¢7272p01¢72) eAKferfal

= 2 (141)

P2 —p1+ %(012 + 03 — 200102) = AK — 1 + %o—% (142)
p2 + %022 — poioy = AK (143)

K= %(Vz + %cf% — po107) (144)

After that, we want to express the par swap rate with the original parameters of the Kennedy field.

AK =pz + %‘722 — 00102 = 2 + %Uzz —03 =~ %Uzz (145)
2 2 2 2 2
:<V N %)A+ <67”A N 1) <_ % - V(AU* W 2#(;* W 214(;7* 14)>+ (148)
e 1) o * w0 ) = (149
S
I3 M
From here, the par swap rate can be easily written with the original parameters of the Kennedy field.

Therefore, if the swap par rate can be observed for at least four different tenors, then three parameters
of the original four (v, 4, and ) can be determined with a probability of 1. However, it is worth
mentioning that the parameter A is omitted from the description of the par swap rate.
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6. Calibration on simulated data

Simulated financial caplet, floorlet, and swaplet prices were generated using the previously
derived analytical pricing formulas with different maturities and strikes. Therefore, first of all, we just
wanted to test the punctuality of the calibration engine.

Numerical calibration is an extreme value optimization problem. The method aims to find
the parameter set that minimizes the squared deviation error between the previously generated
financial caplet, floorlet, and swaplet data and the analytically calculated prices with the calibrated
parameters. The calibration engine is based on the stochastic gradient descent method. The extreme

value optimization is based on the article of Mikhaliov and Nogel, and the implementation in Python
is based on the work of Emerick and Tatsat [9][10].
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Simulated Monte Carlo market prices (Mesh) vs Calibrated Kennedy model prices (Markers)
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The figure shows that the prices calculated with the back-estimated parameters fit our synthetic

dataset almost perfectly. The calibration returns the used parameters; the difference is negligible and
can be considered a numerical error.

7. Calibration on real data

A time series of swap par rates was obtained with the help of the Bloomberg terminal. The
financial dataset contains the par swap rates of the USD SOFR fixed versus floating interest rate
swaplet from July 2018 to April 2023. The historical dataset includes par swap rates for 28 different
maturities daily.

We calibrated the model daily for different maturities for par swap rates with the calibration
algorithm 100 days back. As we can see, the Kennedy field fits the dataset nicely; however, it slightly

overestimates the values for shorter maturities while slightly underestimating the par swap rates at
long maturities.
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Figure 3. Par swap rate market prices (Mesh) vs Calibrated Kennedy model prices (Markers)

In addition to the analytical results, it can also be seen that A does not play a role in the numerical
implementation since this back-estimated parameter value is highly volatile. Meanwhile, the value of
the other three parameters varies on a much smaller scale, and similar trends can be observed.

As aresult, our guess is that the A parameter, which is not included in the par swap rate, describes
a temporal relationship; in other words, the term structure of the model; o, greatly influences the
standard deviation of the field; while v is used to describe the level of the yield curves, since v is the
parameter that describes the expected value of the spot rate (v = EF(s, s)).
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Figure 4. Historical parameter estimations in time

In the following, we plotted Kennedy fields for describing forward interest rates with the three
parameters back-estimated from the par swap rate dataset (v = 0.05171817, p = 0.56028928 and
o = 0.11315586) and three different A values, to see what rates would be generated in a realistic case.
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Figure 5. Differently parameterized Kennedy fields for describing forward rates
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8. Results

Our article focuses on a mathematical model based on Gaussian random fields introduced by
Kennedy to describe forward interest rates. Among other things, we provided novel proof for the
equivalence of conditions regarding the martingale property of the discounted bond prices. We
demonstrated the relationship between the Kennedy model and the HJM framework in special cases
(Markov property, stationarity). Additionally, utilizing Radon-Nikodym derivatives, we derived
maximum likelihood estimates and estimates with probability one for the original parameters of the
field. We presented a new, efficient method, based on Brownian sheets, to simulate the Kennedy field.

Subsequently, we derived analytical pricing formulas resembling Black-Scholes for various
financial products, including caplets, floorlets, swaplets, and swaps. Finally, we calibrated the field
using a numerical extreme value search algorithm based on stochastic gradient descent on a simulated
synthetic dataset to recover the original parameters. We then calibrated it on actual par swap rates to
examine how our model performs in a market environment.

9. Discussion

Kennedy introduced a model based on Gaussian random fields for modeling forward interest
rates in the 1990s, which, due to its normal distribution, can generate negative interest rates. At that
time, this scenario was not considered feasible; however, in the interest rate environment of the 2010s,
negative interest rates emerged. Since this model naturally handles them, it underscores the relevance
of the model. Calibration on actual par swap rates demonstrated that our model fits well with the
current interest rate environment and effectively describes the market.

Moving forward, our primary objective is to go beyond analytical pricing formulas and utilize
models based on artificial intelligence, including LSTM and neural networks, for parameter estimation.
We aim to compare the accuracy of parameters recovered through calibration with these Al-based
models. Additionally, we plan to investigate the temporal stability of parameters and compare them
with industry-standard models such as SABR.

10. Conclusions

Overall, we can conclude that a new result has been achieved in estimating the parameters of the
Kennedy field, and an excellent calibrator has been built. This can be a great starting step to investigate
and compare it to other, more complicated models.

Our research also aims to calibrate the parameters of the negative interest rate models with
machine learning algorithms to compare them with the previously derived analytical estimations.
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Appendix A

Appendix A.1

The proof of Theorem 1 can be found in the original article by Kennedy. [1] However, we present
an alternative derivation to prove the statement. To facilitate this, we first introduce an auxiliary
lemma, which will be utilized in the proof of the theorem.

Lemma A1l. {X,¢&(u),u € U} is a Gaussian system, where D>&(u) > 0 for every u € U. Then the following
statements are equivalent:

(a) E(eX|&(u),u € U) =1and
(b) X and &(u) are independent for all u € U and EX + 1D?X = 0.

Proof of Lemma A1. The equivalence is proven by deriving both directions from each other.

(o)== (b)
First, we prove the (a) to (b) direction. If E(eX|&(u),u € U) = e® = 1 is true then it can be stated
that
P XN TIDHXECR) = B(eX|2(0)) = B(E(eX|¢(u), u € U)[¢(0)) =1 (A1)
Thus
0 = E(X|Z(0)) + , D*(XI&(0)) = (A2
—EX+ corr(X,g(z;))Dlg?i)(g(v) —EZ(v)) + %sz(l — corr(X,&(v))?) (A3)
Therefore, we can conclude that corr(X, &(v)) = 0 and EX + D?X = 0.
* (b)=(a)

Then we deduce that if (b) is fulfilled, then statement (a) is also true. If X and &(u) are independent
forallu € U and EX + %DZX = 0 then

E(eX|E(u),u € U) = E(eX) = EX+2D°X = 1 (A4)
O

Proof of Theorem 1. It is obvious that R(u), where 0 < u < s, and P(s,t) are F(s)— measurable
random variables, just as Z(s, t). Therefore, it can be stated that there is no problem with the existence
of expected values. The equivalence of the statements is proved circularly.

* (@)= ()
Let us start with the statement that the discounted bond price is a martingale. Hence
Z(s,t) = E[Z(t, 1)| F(s)] = Ele~ Jo R | F(s)) (A5)
= P(s,t) = elo R(”)d”Z(S, t) =Ele” I8 R(”)d”|}"(s)] (A6)

From statement (a), we quickly deduced that the discount factor occurs in the given form.
c ()=

Henceforth, we derive the drift term from the discount factor

B | e (Flsm)~R)du| F(5) | — 1 (A7)
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According to Lemma A1, this is equivalent to the fact that (s, ) and F(vq,v;) are independent
and E¢(s, t) + $D%E(s,t) = 0, where v1 < 5,01 < vy, &(s,t) = fst(P(s,u) — R(u))du. Since we
are dealing with Gaussian variables, it is enough to examine the covariance.

cov(F(s,u) — R(u),F(v1,v2)) = c(s Aoy, u,vp) —c(u A vy, u,v0) = c(vy,u,0) —c(vy,u,v3) =0
(A8)

Since (s, t) is equal to f;(F(s, u) — R(u))du, therefore (s, t) and F(vy,v;) are independent.
t
Eé(s, t) = / (a(s,u) —a(u,u))du (A9)
s
The variance is a bit more complicated to calculate.
topt tort ot
D?¢(s,t) = / / c(uNv,u,v)dvdu —|—/ / c(s,u,v)dvdu — 2/ / c(s,u,v)dvdu  (A10)
s s s s S s
topt
= / / (c(uNv,u,v)—c(s,u,v))dvdu (A11)
S S

Let us apply the Leibniz integral rule to the following function.

f(t) =E&(s,t) + %ng(s, t) = /t(zx(s,u) —o(u,u))du+ % /st /St(c(u Av,u,v) —c(s,u,v))dvdu

S

(A12)
% =a(s, t) —a(tt) + % (/St(c(t Av,t,0) —c(s, t,v))do+ /St(c(u Atu,t) — c(s,u,t))du) ,
(A13)
from which
o —as )=l + [ (cto,0) ~cls,0)o. (A1

Since f(s) = 0, thus

1 t
EZ(s, t) + §D2§(s, £)=0,V0<s<t < afst)=a(tt) +/ [c(s,v,t) —c(v,v,t)]do,
S
(A15)
forall 0 <'s < t. Using Remark 1, we have established the implication from (b) to (c).
()= (a)
First, we show that part (b) of the theorem is satisfied, by showing that the drift term has
the form of (c) and this is sufficient because part (b) immediately demonstrates that Z(s, t) is
a regular martingale. It can be easily seen that in Lemma A1, using the previous notations,

é(s, t) = fst(F (s,u) — R(u))du and F(v1,vp) are independent. During the derivations Remark 1
is used as well.

Eé(s, t) = /Sttx(s,u) —w(u,u)du = stzx(u,u) — /Su c(s,v,u) —c(v,v,u)dv — a(u,u)du (A16)
= /t /u c(s,v,u) — c(v,v,u)dvdu (A17)

D¢ (s, t) = /t /t(c(u Av,u,v) —c(s,u,v))dvdu = (A18)
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toru ot
:/ / (c(v,u,v)—c(s,u,v))dvdqu/ /(c(u,u,v)—c(s,u,v))dvdu (A19)

Let us apply the Leibniz rule again for the following f () function using the fact that the covariance
function ¢(s1 A sp, t1, tp) is symmetric in t1 and tp.

f(t) =E&(s,t) + %DZc:(s,t) _ /t/” c(s,0,u) — c(v,v, u)dodu-+ (A20)
+ % /t /u(c(v, u,v) —c(s,u,v))dvdu + % /t /t(c(u, u,v) —c(s,u,v))dvdu = (A21)
:% /t /u c(s,u,v) —c(v,u,v)dvdu + % /t /t(c(u’ u,v) — c(s,u,v))dvdu = (A22)
:% /St /st c(s,u,v) — c(v, u,v)dodu — % /St /St(c(u/ u,v) — c(s,u,0))dodu = (A23)

1 gt gt
:E/ / c(s,u,v) —c(v,u,v) —c(u,u,v) +c(s,u,v)dvdu = 0 (A24)
(A25)

Finally, the theorem is proved. [

Appendix A.2

This subsection calculates the expected value and standard deviation of the expressions previously
marked with (s, t) and #(s, t) and their correlation.

t t
&(s,t) = /s F(u,u)du = /S r(u)du (A26)
t t
ui(s, t) = Eg(s,t) = E/ Fu,u)du = / EF(u,u)du = (A27)
S S
= /tv - 0—2 + 0—2271‘(“*”) + o e =) _ o e MU= gy (A28)
s oo —H A—p
e (%)
= v——du=|(v——|(t—s A29
L5 )= (A29)

Now let us move on to the expected value of #(s, t). The steps of the derivation are similar to what we
have seen above.

t
n(s,t) = / F(s,u)du (A30)
JS
t t
Ha(s,t) =Ey(s, t) = IE/ F(s,u)du = / EF(s,u)du = (A31)
Js JS
. 2 2 2 2
ST LT ) T plus) _ T A gy — (A32)
s BooH A—p A—p
= tv e + ‘Lze—zmﬂls + Lze—zmﬂts _ LZE—MMSdu = (A33)
s oo A= A—p
- {W P P s _ T s Le—wm} S (A34)
T T u(A—p) AA =) s
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After the derivation of the expected values, the standard deviation of the expressions marked with
&(s,t) and 7(s, t) are calculated.

cov[F(u,u), F(v,0)] = 0 exp{2u min(u,v) — p(u 4 0v)} = o%e M4 (A36)

bt
D¢ (s, t) = / / o2e Mol dudo (A37)
S S

At first, let us deal with the inner integral, then move on to the outer integral.

ettt u=0v e Hu u=t
/8 Hlo— u\du_/ oM™ yvdu+/ Mo Mgy — o~ V‘U{ :| +eﬂv[ :| = (A38)
s s H Ju=s M lu=o
1 (1 _ g Hlo=s) _ pn(t0) +1> _ 1<2_e—14(v—5) _e—u(t—v)> (A39)
K

2 —pv 0= t Ho 0= t
7/ ( —e —pu(o=s) _ g_l"(t_v))dv = 7 (Z(t — s) — M |:€ :| e~ Ht |:€ :| ) = (A40)
I3 —H 14

U=s V=S8

1 1 o?
= —(2(t—s)+ = (e PI=9) —1) = Z (1 — ¢ H(=9) ) = <2 t—s) + 20 M=) —2> A4l
~(206-5)+ 1 - ) = % (20 -9) (ad1)
2 202 (t—s)

D?¢(s,t) = 2 u(t—s)+e* -1 (A42)

The variance of (s, t) can be similarly derived.
cov[F(s,u),F(s, v)] = 0% exp{As + (24 — A) min(u,v) — u(u +0)} (A43)
S t /st /St o2+ (2u—A) min(u,0)—p(u+v) g, 155 (A44)

Similarly to the previous calculation, the derivation starts by calculating the inner integral without the
o? multiplier.

/t s+ (@u—A) min(u,0)—p(u+v) g, /U s+ @u—Au—pu—po g, + /t st @u—Av—pu—po g, (A45)
v

s s

_ /v st (p=Au—po g, + /te/\s+(y7)\)vfyudu Y /v eH=Mu gy, + oS /te;wf)\vfyudu = (A46)
s v

S v

_ = _ =t
= hs—m [e(” e ] o 1 MstHo—Av [e W]u - (A47)
M= Al —H =y
_ e/\sfyv‘u 1 5 <ey0/\v o eysAs) =+ e/\s+yv/\v; (e]w . eyt) _ (A48)
_ . i Ae)\s—/\v _ y i Aeys—pw _ ;EAS+(V—/\)U—;4t + 132‘5—)\” (A49)
Now, let us move to the outer integral per term.
1 /t e ehs [e—Avqt s Y .
= d = _— = — s = A
) l/’_)\e se v ey R B o S Y e e (A50)
1 “A(t—s)
= - -1 Ab51
= (e (A51)
_ t — —po7t
Q@ = 1)\ et / e Mdo = 1A et [e ] = %e”s (el‘t - e”s> = (A52)
- s - W= HH—A)

N H(Hl— A) (e_y(t_S) - 1) (4%
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P =1 st (u=A)yo L st (u=N)s _ (u=A)t
@: 576 ”‘e” d’(]:me ’4(6” _ey )— (A54)
= ‘u(yl—)\) <eﬂ(t5) — e)\(tS)> (A55)

t t _
@ = /s :le)‘s_)‘”dv _ :le/\s/s Mgy — /\;e)\s (e—At _ e—/\S) _ )\1]1 (1 _ e—)\(t—s)) (A56)

Therefore, by adding the ¢ multiplier, we got back the variance of 7(s, t).

D2(s,f) = — T <e—w—s> - 1) L (Ze_”(t_s) _emli=9) 1) L2 (1 - e—Mf—s))
T = = u(p—A) A

(A57)

The last variable to be calculated is p(sy, s, t1, t2), indicating the correlation between §(sq,t1) =

/. " F(u,u)du and 5(sp, ) = |. Sy F(sp,v)dv. However, for all financial products used in the article,

the values of ¢; and t; were equal, denoted by t. Furthermore, we can assume that s; < sy, since s

represents the time to which we discount, the time at which we want the value of the financial product,

while s; is the starting time of the transaction, which can start now or even later. So let us suppose that
51 < 8y < t.

cov[F(u,u),F(sy,v)] = 0? exp{Amin(u,sp) + (24 — A) min(u,v) — u(u +v)} (A58)

cov(&(s1,t),1(s2, 1)) = /t /t o?exp{Amin(u,sy) + (2u — A) min(u,v) — p(u +v)Ydodu = (A59)

t
= /52 / o exp{Au+ (2u — AN u — u(u+v) }dvdu+ (A60)
51 S
topt
+ / / o?exp{At + (2u — A) min(u,v) — pu(u + v) }dodu (A61)
Sy J S

The two terms of the summation are calculated separately.

t t
O =0? /52/ exp{pu — pv}dodu = o* /52 e*"“du/ e Mdv = (A62)
51 Jsy s1 52
s — t 2
2 {ﬂ} 2 {e ;w} _ (LZ (e”sz _ eyﬁ) (e—ysz 7e—yt> — (A63)
M u=s1 —H v=sy M
2
. (1 e tts2) _ gplar—s) e—u(t—sn) (A64)
M
t ot
@ :(72/ / exp{At+ (2u — A) min(u, v) — p(u + v) }dvdu (A6D)
2 Jsp
t ru
=g / / exp{At+ (24 — A) min(u,v) — p(u + v) }dodu+ (A66)
sy /s
t oot
+(72/ / exp{At+ (2u — A) min(u, v) — p(u + v) fdvdu = (A67)
sy Ju
=g2eM /t e /u "M dodu + oM /t etu=Au /re_wdvdu = (A68)
S Eb) S u
-t (u=A)o 4 t —pvt
:ole“/ e Hu {e } du+ozeM/ elh=Au {—e } du = (A69)
s2 M= A v=sy 52 —H o=y
o? t o? t
:76)@/ o Hu <e(y7)t)u _ e”‘*)‘)SZ)du + —EM/ e(yf)\)u (ef;m _ e—yt>du _ (A70)
p—A $2 I 52
o2 gt o2 gt
_ e/\tf)\u _ E/\(t*52>*i4(u*52)du + 7/ e)\(tfu) _ e—;t(tfu)f/\(tfu)du _ (A71)
p—AJs K Js

2 —Aut —pu+tpsy—Asy 1t 2 —Aut pu—Au—put 1t
S e (o B IR
=2 —A u=s, K u=sy I3 —A u=sp p=2 u=sy
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0—2 At [ ,—As 7)\[ 02 At [, —pt+psy—As — sy +pisy—As:
T G B v (R R & (A73)
I —e“ (e Asy _ —At) n Ty (e(y—A)Sz—W,e(V—A)t—W> - (A74)
(eAt ) ) P sut—s) _1) N (A75)

p(p—A)
T ([ Mi=s2) _q o’ Mt=s2)—plt=s2) _ 1) = A76
bt Ml TRy (A76)
2 2 2

By adding the calculated two terms back together, we got the covariance between ¢(s1,t) and 7(sp, t).

2
cov(&(s1,t),1(s2, 1)) :% (1 — e Hltms2) _pmplsams) 4 e_”(t_sl)) + (A78)

2 2 2
g+ i) (2 1) g (e 1)

Therefore, the correlation between ¢ and # calculated as follows

corr(&,n) = co;é%;y) (A80)

Appendix A.3

In this subsection of the appendix, the analytical fair price of the European floorlet option is also
derived, similarly to the previously derived European caplet option. As we have seen before, the fair
price of the floorlet is the expected value of the payoff function under the risk-neutral measure.

Pfloorlet(s) = E[e_ fSHA r(u)du (eAK - eAFA(t't))+] (A81)

We use the previously introduced variables: ¢ and 7.

(s, t+A) = /HA du = /t+A F(u,u)d (A82)
t+A

n(t,t+A) = AFA(t, ) =/ F(t,u)du (A83)
t

Similarly to the previously derived pricing formula for the caplet, the conditional expected value of ¢
to 77 follows a normal distribution. Hence, in this case, the conditional standard distribution theorem
can also be used with the previously defined parameters. Therefore, the fair price of the European
floorlet can be calculated as follows.

Efe~ fsf+Ar(u)du(eA1< _ eAFA(t,t))+] =Ele ¢(eAK —el),] = (A84)

= E[E(e 5 (e® — ) |y] = E[(e* — )y - E(e™¢[)] (A85)
During the derivations, the law of total expectation and the fact that (e*X — e') ;. is measurable for 7 is

used.
As we can see § ~ N(q,07) is normally distributed, therefore —¢ ~ N(—p1,07), where

corr(—¢,n) = —p. Therefore —¢|y ~ N(—p1 — p17117 # 0?(1 — p?)). Since the conditional
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distribution of —& given 7 is known, therefore E[e~¢|] can be calculated as the expected value of a
lognormal distribution.

*PH*P‘Tl;7 — P2 1 2
Ele ¢|y] = e o2 2 (A86)

The integral returns the expected value of a random variable that is lognormally distributed.
Returning to the pricing formula

—H1—p01 1= 1 +1‘712(1*P2)
E[(e® — ")+ - E[e~¢|]) =E{(e“—e’7>+-e 2 ]z (A87)
1 —H2
= 2(1_p2 —p0"
_ el p)E{(EAK—e”)+~e (. ] _ (AS8)
1,, .« B (x — (2 — po102))?
AK+ 5 2
2 / ! e 207 dx— (A89)
—o0 09\ 27T
(75 — po102)° (x = (42 + 03 — po109))?
Hz+272 AK 1 - 202
—e 72 / e 72 dx  (A90)
—o0 0\ 27T
Therefore, the analytical pricing formula for the European floorlet option in the Kennedy fields is as
follows:
AK*Mﬁlvz AK — iy + poy 0 F‘Z*Hl*l(‘#*‘fz*ngl”z) AK — py — 03 + poy0y
P loorlet(s) =e 2 —— s —e€ A @ 2 (A91)
fi 13 (%]
Appendix A.4

The fair price of a fixed vs floating swap for several periods (k) at time s can be written using the
formula below. Let us denote the time periodsby s < Tp < Ty <--- < Trand 7 =T; — Tj1

Pawap(s) {Ze I3 Wit (o vTj1) eTfK)] = (A92)
_ E|:Ze—fsjr(u)du+APA(le,Tj1) ) r(u)du+”L']-K:| _ (A93)
=1
:Zk:IE js r(u)du+AFA (Tj_1,Tj_1) ZE js r(u)du+7K K] = (A94)
]-:
_ ZE W)+ AFN(Ti_y Ti_y)] _ xe”L'jKE[e— J r(u)du (A95)

=
As we have done previously, more additional variables are introduced, ¢; and 7;, the following way.

Gi(s, T;) = /Tj r(u)du = /Tj F(u,u)du (A96)

s

T.
BT T) = AFNTy Tyg) = [ F(Ty ) (A97)

j—1

Referring to previous calculations, we know the expected value and standard deviation of § and
1. Therefore, the expected values of the variables are the following
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o2
yg—JEcj]sT IE/ uudu—(v—ﬂ)(Tj—s) (A98)
oy = BT, ) = BAPMTy 1, Tya) = [ BE(Ty 0 ) = (A99)

/

_ (V _ ‘;2)7] _ Zi(eurj _ 1) _ V(A‘Tiﬂ) <eﬂfj _ 1) + )L():Tiy) (e“f _ 1) (A100)

and the covariance is

202 —(T:—s
o-gj = D*(s,Tj) = 7z ((Tj —s)u+e HT7s) — 1) (A101)
oy = D?ni(Tjq, Tj) = e <e“f - 1) + e (e’”f — 1) - (A102)
! (A =mu)A p(p=A)
0'2 —UT; 7/\1 2 —AT;
+#(V—)\)<e T )—i—}w(l—e z) (A103)

Due to the properties of the Gaussian random field, ({;, 77;) always follows a multivariate normal
distribution, with the covariance matrix shown before.

2
cov(Ej, 1;) :% (1 — e MT=T) _ pmilTa=s) 4 e_"(Tf_s)> + (A104)

2 2 2

The correlation between ¢; and 7; is the value of the covariance normalized with the standard
deviation of {; and 7;.
cov(&j, 17;)
D¢&;Drj
Because of the properties of the normal distribution, the distribution of —¢; + #; is also normally

distributed where the mean of the convolution is the sum of the means, and the variance is the
following.

corr(gj,mj) = (A106)

=Gy 11j ~ N(=pig; + pyy, 07, + 03, — 2008,03) (A107)

Therefore, the price of the interest rate swap can be easily calculated

k
Pswap(s) = Z §]+77] ZET]KE (A108)
j=1
kg4 -+1(0'2 +o2—2p004) & —Hg+ 5%
~ Y ¢ ;5 (0 o =200 0y) ZeTjKe G725 — (A109)

-
I
—

1 1
— iz Aty 4= (02 402 =2 . ko rK—ps+= o2
e Hej i 2(%1‘ T F (751"7’71) ZeT] Hej 2%1'

I
1=

(A110)
1 j=1

-
I

References

1.  Kennedy, D. P. The term structure of interest rates as a Gaussian random field. Mathematical Finance 1994, 4,
247-258.


https://doi.org/10.20944/preprints202409.0369.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 September 2024 d0i:10.20944/preprints202409.0369.v1

29 of 29

2. Kennedy, D. P. Characterizing Gaussian models of the term structure of interest rates. Mathematical Finance
1997, 7, 107-116.

3.  Heath, D. C,; Jarrow, R. A.; Morton, A. Bond pricing and term structure of interest rates: a new methodology
for contigent claims valuation. Econometrica 1992, 60, 77-105.

4. Arat6, N. M. Mean estimation of Brownian sheet Computers Mathematics with Applications 1997, 33, 12-25.

5. Rozanov, Ju. Infinite-dimensional Gaussian distributions: Proceedings (Proceedings of the Steklov Institute of
Mathematics number 108 (1968)), 3rd ed.; American Mathematical Society: Providence, Rhode Island, 1971

6.  Shreve, S. E. Stochastic Calculus for Finance I-1I., 1st ed.; Springer Finance: Pittsburg, USA, 2004

7. Cheyette, O. Markov representation of the Heath-Jarrow-Morton model SSRN Electronic Journal 2001,
Available online: https://papers.ssrn.com/sol3/papers.cfm?abstract_id=6073 (accessed on 13 October
2023)

8.  Beyna, I; Wystup, U. On the calibration of the Cheyette interest rate model PQF Working Paper Series 2010,
Available online: chrome-extension:/ /efaidnbmnnnibpcajpcglclefindmkaj/https:/ /mathfinance.com/wp-
content/uploads/2017/06/beyna-wystup-calibrationofcheyette.pdf (accessed on 26 October 2023)

9. Emerick, J.; Tatsat, H. Stochastic Volatility Models - Heston Model Calibration to option prices QuantPy
2022, Available online: https://quantpy.com.au/stochastic-volatility-models /heston-model-calibration-to-
option-prices/ (accessed on 10 January 2023)

10. Mikhailov, S.; Nogel, U. Heston’s Stochastic Volatility Model Implementation, Calibration and Some
Extensions Fraunhofer Institute for Industrial Mathematics 2003

11. Grenander, U. Stochastic processes and statistical inference Ark. Mat. 1950, , 1, 195-277.

12.  Norros, I; Valkeila, E.; Virtamo, J. An Elementary Approach to a Girsanov Formula and Other Analytical
Results on Fractional Brownian Motions Bernoulli 1999, , 5, 571-587.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and /or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=6073
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https://mathfinance.com/wp-content/uploads/2017/06/beyna-wystup-calibrationofcheyette.pdf
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https://mathfinance.com/wp-content/uploads/2017/06/beyna-wystup-calibrationofcheyette.pdf
https://quantpy.com.au/stochastic-volatility-models/heston-model-calibration-to-option-prices/
https://quantpy.com.au/stochastic-volatility-models/heston-model-calibration-to-option-prices/
https://doi.org/10.20944/preprints202409.0369.v1

	Introduction
	Kennedy model
	Connection between HJM and the Kennedy-Model

	Parameter estimation
	Maximum Likelihood Estimations
	 The case of different expected values
	The case of constant expected value
	Some simple examples

	Parameter estimations of the Kennedy field

	Simulation of the Kennedy Field
	Option Pricing
	European caplet
	Expected values and variances

	European floorlet
	Swap
	Par swap rate

	Calibration on simulated data
	Calibration on real data
	Results
	Discussion
	Conclusions
	Appendix A
	Appendix A.1
	Appendix A.2
	Appendix A.3
	Appendix A.4

	References

