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Abstract

This thesis is mainly concerned with the appropriate treatment of backward-looking forward
rates, which in the face of interest rate reforms, is emerging as a plausible reference on main
interest rate derivatives such as swaps, caps, floors and swaptions. These forward rates differ
from traditional discretely compounded forward-looking forward rates in that the payoff value
of contingent derivatives can only be determined at the end of the application period, because
it is based on the daily compounding of overnight rates in that period. We analyze the Forward
Market Model (FMM) presented by Lyashenko and Mercurio (2019), which exhibits the ability
to handle the stochastic diffusion of these backward-looking forward rates. Introduced as an
extension of the well-known Libor Market Model, it simultaneously retains the ability to diffuse
forward-looking rates. In addition to providing mathematical foundations for the FMM, we also
attempt to formulate an interpolation scheme capable of providing backward-looking forward
rates for non-standard maturities (i.e. not modeled by the FMM). A recurrent challenge faced
by interpolation methods in market models is the occurrence of a mispricing due to an artificially
low implied volatility of interpolated forward rates. This thesis documents and addresses this

challenge.
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1 Introduction

The seminal paper of Brace et al. (1997) has disrupted the field of interest rate modeling
by proposing the Brace-Gatarek-Musiela or BGM model. This model consists of diffusing
market-observable quantities, namely the discrete forward rates, and allowed the simultaneous
calibration of the parameters of all state variables through their volatility and correlation
structure. The BGM came as a better alternative to existing models of theoretical values such
as short rate models (for example, the Hull-White model) which only allowed the calibration of
a few parameters and could not entirely replicate the yield curve after calibration. It is also
sometimes referred to as the Libor Market Model (LMM) because the quantities typically
modeled by the BGM are the benchmark risk-free rates (RFR) in a forward rate agreement,
usually the InterBank Offer Rate or IBOR, including the infamous LIBOR (for London IBOR)
which is often at the center of interest rate swaps. It is still today one of the most widely used
model by financial institutions, especially for the pricing of instruments with multiple rate
dependencies such as swaptions (Brigo and Mercurio (2006)), or for risk-management purposes
such as the calculation of different value adjustments to the price of financial derivatives
grouped under the acronym of XVA (Zeitsch (2017)). One of the main advantage of the LMM
is the possiblity to simultaneously calibrate to traded products such as caps, floors and
swaptions and for example, specify a desired stochastic covariance structure on the forward
rates. Additionally, the fact that each rate dynamics can be specified under a single measure is
a powerful feature of the LMM, since financial instruments involving multiple rates can easily

be priced.

In recent years, the LIBOR and other IBOR rates have received growing criticism over
scandals of market manipulation and over their failure to meet RFR standards set by central
banks and government. As a consequence, the task of finding an alternative RFR to replace
IBOR rates has been addressed by governments in major economies. For example, the Euro
zone has introduced a new unsecured overnight rate called €STR (Euro Short-Term Rate)
and has encouraged financial institutions to adopt this reference rate and abandon IBOR rates
(European Central Bank (2019)). Similarly, the US has introduced the Secured Overnight
Funding Rate (SOFR) and the UK selected the Sterling Overnight Index Average (SONIA) as
its RFR. Naturally, transitioning to a new benchmark is a massive and incongruous challenge for
banks and other financial institutions as billions worth of notional of financial instruments are
linked to the IBOR rates. Not only does the discontinuation of IBOR rates affect derivatives, but
they also impact other products that are based on interest rates such as loans, mortgages, etc.
For financial derivatives, many such instruments often have maturities that may be very distant
in time. As a consequence, the research focus in interest rate modelling has somewhat shifted
to analyzing the impact of the IBOR transition (Henrard (2019)) or to the pricing of financial
derivatives in this new interest rate environment, i.e. an environment where IBOR fallback
options such as the SOFR or €5TR are the new benchmarks as IBOR rates are discontinued
(Mercurio (2018)). Such rates are called overnight because they are published daily, while IBOR
rates are term rates, since they have maturities ranging from 1 month to 1 year. Overnight rates

need to be converted to term rates if they are to be used as a replacement of IBOR. This also



means that, in practice, a party engaged in a swap would only know the payment at the end
of the application period, when all relevant daily rates have been published. We refer to such
rates as backward-looking. One could potentially simulate the daily rates and then compound
them in order to estimate the payment structure. However, a paper recently published by
Lyashenko and Mercurio (2019) shows that backward-looking rates can be simulated directly
with the generalized Forward Market Model (FMM) which they introduce. In fact, this model is
said to be hybrid in the sense that it can also simulate the forward-looking rates, using a single
stochastic process. This thesis provides mathematical foundation for this model and investigates

how interpolation can be applied to backward-looking rates simulated in this model.

The FMM has a very general form which allows the user to specify a great variety of adapted
processes for the volatility as well as various distributions of forward rates such as the normal
or the lognormal distributions. This thesis will focus on the lognormal case for multiple reasons.
Firstly, we want to stay close to the LMM which is a lognormal model. Secondly, lognormal
models were introduced to remedy the problem of negative interest rates occurring in other
models. Given current economic conditions however, negative interest rates may be desirable,
although they are only so when the magnitude of negative values produced by the model is
somewhat controllable. Introducing a displacement in the LMM has made that possible, and we
will see that the FMM with lognormal specification is no exception. Finally, the Black formula
for options remains the standard practice when it comes to pricing financial derivatives but it

is only applicable when the stochastic process has a lognormal distribution.

A market model, as Werpachowski (2010) writes, can only be considered complete when
an interpolation method has been specified along the model. This practice aims to convert the
model from discrete-time to continuous time in the maturity dimension. In other words, forward
rates can be obtained for all desired expiry-maturity pairs, not only for the ones specified in the
model. This requires the use of interpolation. Naturally, it is possible to adjust the model such
that it simulates all the forward rates needed to price caplets, but books of financial institutions
can easily contain financial products with a myriad of forward rates, sometimes having a maturity
differing by only a few days. This presents a heavy computational burden and interpolation is
consequently a better alternative, since it does not require the simulation of additional forward
rates. Interpolation has so far only been applied to forward-looking forward rates as backward-
looking forward rates (with payments in arrears) just recently emerged from the transition to
overnight RFRs. Therefore, one of the main contributions of this thesis will be the study of
interpolation methods applied to backward-looking rates in the FMM. It is far from trivial since
many interpolation methods are known to produce a pricing issue when applied to the LMM.
Specifically, if one plots the average implied volatility of caplets premiums created on interpolated
rates as a function of maturity, the resulting line will exhibit an odd, wavy pattern, in someway
resembling garlands. This directly translates into a mispricing of caplets whose expiries and
maturities coincide with that of the interpolated rates. We will see that this is the case in both
forward and backward-looking caplets priced in the FMM. For the forward-looking caplets, a
simple solution exists and consists of changing the specification of the volatility structure in the
accrual period of forward-looking rates (that is in the simulation phase). This solution bears

a striking resemblance with the interpolation method developed by Werpachowski (2010) in



the context of the LMM but still differs given the differences in probability measures used to
construct the FMM. For backward-looking rates, this simple solution will not be sufficient on its
own. In fact, we develop an alternative interpolation method which differs from the first only by
the time at which we observe (fix) the modeled forward rates which are in turn used to construct
interpolated rates. With this method, the mispricing is substantially reduced although it does

not completely dissipate.

In our attempt to understand the problem of lower implied volatility of "broken dates"
caplets (caplet whose expiry and maturity are not those of the modeled forward rates), we
derived an approximation to the instantaneous volatility of interpolated forward rates. This in
turn can predict the implied volatility of the forward rates. Our primary purpose to derive such
an approximation was to find out how we can manipulate our model to produce a smooth (i.e.
rid of the garland shape) implied volatility function in backward-looking caplets on interpolated
rates. It did not really help us in this regard, but it helped us to conclude that interpolation of
backward-looking rates cannot be made optimal by the simple solution that was used in forward-
looking cases. Regardless, this approximation was found to be very accurate and provide some
insight into the shape of instantaneous volatility of interpolated rates. We also extend this

approximation to be valid when the model contains a displacement.

Lastly, we provide a concrete application of the FMM to compute unilateral Credit Value
Adjustments (CVA) of backward-looking swaps. CVA is one of the many value adjustments
grouped under XVA, briefly mentioned above. It was introduced to incorporate credit risk
(risk of default) of counterparties in the valuation of interest rate derivatives entered by those
counterparties. As changes in daily CVA greatly affects the Profit and Loss (PnL) of financial
institutions, it is important to understand how transitioning to backward-looking rates can affect

CVA. Therefore, we compare CVA of forward and backward-looking swaps.

The plan of the thesis is as follows. In the next section, we define the quantities of interest
in the FMM, and establish the mathematical equivalence between forward and backward-looking
rates, which is the main reason for the introduction of the FMM. We then present the extended
HJM framework shortly mentioned in Lyashenko and Mercurio (2019) and derive the FMM
from this framework. The third section contains our most important contribution, namely a
study of interpolation methods in the FMM and its consequences on caplet pricing. We apply
interpolation distinctly to forward and backward-looking rates. We will also derive in that
section the approximation of instantaneous volatility of interpolated forward rates. Section 4

provides a CVA application and finally, Section 5 concludes.



2 Lognormal Forward Market Model

The generalized FMM introduced by Lyashenko and Mercurio (2019) presents a very
general form for the forward rate dynamics. We may choose to specify stochastic or
deterministic diffusion coefficients, normal or lognormal distribution of forward rates, and
additional characteristics such as a displacement, or a decaying or rising the volatility of
forward rates in the accrual period. In this thesis, we will focus on forward rates following a
lognormal distribution with deterministic volatilities (although we consider time-varying
volatilities). As briefly explained, the purpose of lognormal models was originally the exclusion
of negative interest rates produced in normal models. However, it is still possible to produce
negative rates in a lognormal setting with the simple inclusion of a displacement. This
technique offers more control over the magnitude of simulated negative rates as it effectively
imposes a lower bound on these simulated quantities. We now provide motivations for the

FMM and derive this model starting from an HJM framework.

2.1 Hybrid model for two types of rates

The main strength of the FMM when compared to the LMM is its additional feature to
model backward-looking forward rates, while retaining the strength of the LMM that initially
made it powerful. These strengths revolve around its ability to incorporate joint dependencies
between many rates under a single probability measure. Many interest rate products often
have payoffs that depend on multiple forward rates that, for instance, differ in the only
maturity dimension (vanilla interest rate swaps) or the currency dimension (Cross-currency
swaps). Simultaneously, if we "slice" the model, under their respective forward measure, each
forward rate follows a Black model and an analytical formula to price most standard interest
rate derivatives exists under this model (Black (1976)).

It can be mathematically shown that forward and backward-looking forward rates are
identical before the accrual period, as defined by the period starting at the forward rate expiry
and ending at the forward rate maturity. At the expiry, the forward-looking forward rates cease
to exist but the backward-looking rates continues to evolve, with a different volatility structure
if desired. Upon reaching their maturity, the forward rates become constant. To bring this into
perspective, we first explain the notion of forward and backward-looking rates. We also define
the quantities of interest and present a set of assumptions on which the FMM will be

constructed. We do so by closely following the approach of Lyashenko and Mercurio (2019).

2.1.1 Terminology and assumptions

We assume the existence of a short-rate process r(t) along with a so-called money-market

account that has value B(t) at time ¢ > 0. The money-market account evolves according to

dB(t) = r(t)B(t)dt (2.1)



with initial condition B(0) = 1 and solution
B(t) = eJo r@du (2.2)

The rate r(t) is stochastic in nature and the money-market account is a positive asset that
is part of a continuous-time economy. We start with a probability space (2, F,P) where Q
is the sample space. F is a o-algebra of measurable events, with filtration 7,0 < ¢t < T
representing the information available up to time ¢. Furthermore, information increases with
time, i.e. Fg C F; for s < t. P is a probability measure under which we have a N-dimensional
Brownian motion (N > 0) generating the filtration J;, with possibly correlated elements denoted
by Wi (t) for k=1,..., N. We denote by EF the expectation operator under the measure P.
For now, we also assume the existence of an equivalent risk-neutral probability measure
Q with associated numeraire B(t). We will formally construct this measure with the use of
Girsanov’s theorem later in this text. This measure is risk-neutral for the numeraire B(t) because
asset prices expressed in terms of (discounted by) the money-market account are martingales

under this measure.

We consider a set of standard tenor dates 0 = Ty < T1 < ... < Ty < oo (the tenor
structure) from which we take expiry-maturity pairs (7-1,7j),7 = 1,..., M, to span a set of
forward rates. Furthermore, denote by 7; := 7(Tj_1,7Tj) the year fraction separating 7j_; and
T;. Unless specified otherwise, we consider the case where all 7; are equal to 7.

A typical assumption to construct the Forward/Libor Market Model is the existence of a

frictionless bond market for each maturity date.

Assumption 1. There exists a friction-less market for the zero-coupon bond with maturity T,
for every maturity T € [0,00), and whose price at time t is denoted by P(t,T). In particular, T
may be a date from the standard maturity set [Ty, T1, ..., Tar]. The bond price P(t,T) is a strictly

positive adapted process.

We define the notion of extended bond-prices needed to construct the FMM. It has been
previously used in the literature (see Andersen and Piterbarg (2010))

Definition 2.1.1 (Extended Bond Price). The extended bond price P(t,T) is defined for
all time t > 0. Before maturity, it is the price of a zero-coupon bond paying 1 at maturity, i.e.
P(T,T) = 1. The bond price is extended such that, for t > T, it is defined to be the value of the

strateqy where the initial proceed is continuously reinvested at the prevailing short rate, i.e.,
P(t,T) = elrr®dt

This definition turns out to be consistent with the arbitrage-free bond price under the risk-

neutral measure Q
P(t,T) = EQ [ef S r(u)du

ft} (2.3)
and therefore, for ¢t > T, we have

_ B()

_ wQ f%r(u)du
P, T)=E [e 5T

]:t} — elprwdu (2.4)



As this extended bond price process is strictly positive and is a non-dividend paying asset, the
Theorem of Stochastic Representation of Assets applies and the extended bond price is a viable

numeraire to be used with Girsanov’s theorem (see chapter 9 in Shreve (2008)).

The forward rate is typically defined by considering the following strategy at time ¢t < T}_;:

Short one unit of a T;_j-maturing bond and buy % of Tj-maturing bond. The cost of
v

setting up this strategy at t is obtained by multiplying the positions with the prices:

P(t,T;—1)
—1x P(t,Tj_1) + ——2—% x P(t,T;) = 0.
(7]1)+ P(t,T‘]) (7])
At time Tj_1, the short position in the T;_;-maturing bond generates a cash outflow of 1 and,
at time T}, the long position in the other bond generates an inflow of %ﬁ;). The yield over

that period is referred to as the simply compounded forward rate.

Definition 2.1.2. The simply compounded forward rate at time t with expiry S and maturity

F@SJv:TiS<£$g-4> (2.5)

T is given by

For brevity when dealing with forward rates on maturity dates of our tenor structure T with
j=1,...,M, we denote F(t,Tj_1,T;) by F;(t).

These cashflows are identical with those in a Forward Rate Agreement (FRA) initiated at par,
so the fixed rate in a FRA corresponds to (2.5). The forward rate Fj(t) is the time-¢ interest rate
one can earn over the future period (7)j_1, Tj) and these are the quantities that are modeled in the
FMM. Current market conditions display negative market rates in some financial instruments.
As a result, it is desirable to incorporate negative rates in our model. We therefore add a
displacement to the modeled forwards. The resulting dynamics are closely related to the ones
of the displaced diffusion LMM (see for instance Beveridge and Joshi (2012)).

For a given displacement parameter § € R, we define the displaced forward rate by
F(t,8,T) :=F(t,5,T)+6 (2.6)

To continue our set of assumptions to construct our HJM framework, we recall a well-known
theorem on martingales. The concept of a martingale is essentially a condition on the
expectations of a random variable. The theorem is a slightly restated version of one that can
be found in Brigo and Mercurio (2006).

Theorem 2.1.3. For an equivalent probability measure PN and a filtration F;, a random variable
Y; is a martingale if the expectation under that measure exists and is finite, i.e. EFY [Yi] <oo VWt

and
Y, = EPY [Y

.Fti| Vit S S
Furthermore, if N(t) is the numeraire associated with this probability measure, and let X (t) be
the price of an asset, then

& — &P

N(t)

X(s)
N(s)

wa] 0<t<s.



From definition 2.1.2, forward rates can be rewritten as

P(thjfl) — P(thj)

J J—

(2.7)

where the F(t,T;_1,T;)P(t,Tj) can be seen as the price of a portfolio of two bonds with
maturities Tj_1 and T} respectively. Therefore, Theorem 2.1.3 implies that, if we assume the

existence of an equivalent measure P%5 with P(t, Tj) as its associated numeraire

F(taTj]flaTj])P(t’Tj]) :EIP’TJ F(SaTjjflaTj]')P(Slej]') ‘]_—
P(t,Ty) P(s,T;) !

& P61, T) =B [F(s. 7. T)) | 7]

for 0 < t < s and the second equation implies that the forward rates are martingales under
the equivalent PTi-measure. As a result, our model will have a diffusion process for the forward

rates such that it is driftless under that measure.

2.1.2 Backward-looking forward rates

We now establish the mathematical equivalence between forward-looking and backward-
looking forward rates which supports the use of a single model to diffuse both types of rate.
The results in this section are similar to Lyashenko and Mercurio (2019). First, let us consider

FRAs which are also called swaplets since a swap is a portfolio of FRAs.

Consider our discrete standard tenor dates, a FRA involves two counterparties which agree
at a particular time t to exchange a floating interest rate, such as the LIBOR, against a fixed
rate. The value of the floating rate is determined at its fixing date T;_; (also called the expiry
of the FRA), and the payment is done at the maturity date of the FRA T;. The value of the

contract at the payment date is given by
N; [Fj(Tj-1) - K] (2.8)

where N is the contract notional amount, K is the fixed rate and L; is the floating rate

L !
— = 1]
7j LP(Tj-1,T})

We denote by L;(t) the time ¢ value of the fixed rate K such that this contract has value 0 at

time t. By no-arbitrage, since we showed that F;(7}) is a martingale under the Tj-measure, we

Fj(Tj1) = (2.9)

have
Lj(t) =K = EPTj [Fj(ijl) ’ ]:t}
and L;(t) is the quantity modeled in the traditional LMM.

Now consider a backward-looking FRA | i.e. where the floating rate is instead the continuous

compounding of the short rates between T;_; and 7j. This is in fact an approximation to the



true payment, which would normally be the discrete compounding of the daily rates and which
converges to the continuous case as the time between rate fixing shrinks to 0 (see Lyashenko
and Mercurio (2019) for more details). Therefore, the floating rate is given by

1 P(T T‘,l) 1 1 ij r(u)du

FB(T)) == |22 1| = Z [P(T;,Ti_1) — 1] = = |&'Ti1 —1 2.10
) -~ |G P T <1 = e (2.10)
We use a different notation for the backward-looking rate to avoid confusion. Indeed, the
theoretical forward-looking rates stops evolving and is constant in the accrual period, while the
backward-looking rate continues to evolve.

The value of this backward-looking FRA at maturity is
N7; [FP(T)) - K] (2.11)

We denote by R;(t) the time ¢ value of the fixed rate K such that this contract has value 0 at

time t. By no-arbitrage, since F jB (Tj) is also a martingale under the Tj-measure, we have
T.
R;(t) == K =EF” [FJB(JQ-) ‘ ft} (2.12)

Since Fj(t) is a martingale, we have the following relationship between the forward and the

backward-looking rates and which follows from no-arbitrage
T
Fy(Tj-) =EF [FP(Ty) | Fry
and therefore, for t < Tj_1,

L) =B [Ry(1y )| 7] =¥ 87 [RP(1y) | 71, | 7]

—E"7 [FR(T) | 7] = Ri(0) (2.13)

where the last equality follows from the law of iterated expectations. Equation (2.13) shows
that before the expiry 7Tj_;, the modeled forward rate R;(t) does not differentiate between the
forward and the backward-looking rates, i.e. we can model both rates with a single quantity.
Equivalently, R;(t) corresponds to the forward rates L;(t) in the LMM.

At t = Tj_4, the forward-looking rate is fixed at R;(Tj—1) = F;(Tj—1) while the backward-
looking rate continues to evolve and is modeled by R;(t). Finally, at and after maturity ¢ > 7},

the backward-looking rate is constant (but keeps existing).

2.2 Extended HJM framework

The LMM was originally derived by Brace, Gatarek, and Musiela (Brace et al. (1997)) and
is based on the Heath-Jarrow-Morton or HIM (Heath et al. (1992)) framework which models
the evolution of instantaneous forward rates. The FMM in Lyashenko and Mercurio (2019)

is derived using a set of tools including the change-of-numeraire formula developed in Brigo
and Mercurio (2006), which they also use to derive the LMM. However, the LMM can be also



constructed from the HJM framework, as is done by Shreve (2008). Lyashenko and Mercurio
(2019) do postulate the existence of an underlying HJM with extended bond-prices (extended
HJM) for the FMM, but do not explicitly derive it.

Therefore, in this section, we show that the FMM can be obtained from the extended HJM
following the steps of Shreve (2008). Furthermore, his results consider an HJM model driven by a
single Brownian motion. We instead considers a multi-factor model with nonzero instantaneous
correlations, but they remain very similar.

The steps are as follows. The simply compounded forward rate is defined as a ratio of two
bond prices. We first obtain the risk-neutral bond price formula under the HJM and apply the

It6-Doeblin formula to this ratio to obtain the forward rate dynamics.

2.2.1 HJM bond price dynamics

The (extended) HJM specifies a stochastic differential equation for the instantaneous
forward rates. We then use the relation between instantaneous forward rates and bond prices
to derive the dynamics of the bond prices under the HJM. We then change to an equivalent

probability measure to exclude arbitrage.

The instantaneous forward rate f(¢,7") modeled in the HJM framework is the short interest

rate at time T that can be locked in at ¢ < T and, by no-arbitrage,

. log P(t,T+6) —log P(t,T") 0
_ -9 2.14
f¢,T) = — lim 5 57 08 P (4, T) (2.14)
This also implies that
T
P(t,T) = exp <—/ f(t,v)dv), 0<t<T. (2.15)
t

The extended HJM proposes to extend equation (2.15) such that the bond price exists beyond

time T'. Namely, we assume

P(t,T) = exp </tr (v) dv> . t>T (2.16)

T

This equation holds if f(u,v) is constant and equal to r(u) whenever u > v.

Assumption 2. Under the probability measure P, {WF(t) : 0 < t < oo} is a correlated, N-

dimensional Brownian motion driving the instantaneous forward rates. Moreover,
P P\
dWE (1) <dW (t)) —pdt (2.17)

where p = [pij]fvjzl s the instantaneous correlation matriz of the Brownian motion and is

constant over time.

The multifactor extended-HJM assumes the following dynamics

df (t,T) = a(t, T)dt + Tyery (B(t, 7)) dWE(t), t>0 (2.18)



where Tyy<py is 1if t < T otherwise 0, a(t,T) is the drift and X(¢,T) = [o1(t,T), ..., onm (2, "

is the vector of instantaneous forward volatilities. Using Leibniz’s rule,

T T
d( - dv ) = dt— | d d 2.19
(- [ reoa) =rana- [ e 219)
For second term in (2.19), we have
T T
/ df (t,v) dv = / [t v)dt + Typey (8(0,0)) T dWP(D)] o
t tT .
= / alt,v)dt dv + / T(1<oyB(t,0) TdWE (t) dv
t t

Now, reverse the order of integration

T T
/ a(t,v)dt dv = / a(t,v)dv dt = o™ (t,T) dt
t t
T T
/ Trcoy (E(t,0) T dWE () dv = / < B(t,v) dv dWF (1) = B*(t,T) T dWF (t)
t t

where we have defined

T
o (t,T) = / a(t,v)dv
t
T T
X, T) = / Ty<oyB(t,v)dv = 2 (t,T)" = / I{tgv}z(t,v)Tdv
t t
Given that f(t,t) = r(t), equation (2.19) can be rewritten as

T
- v)dv | = (r(t) — a* -x Taw? .
d ( /t f(t,v)d > (r(¢) (t,T))dt —X*(t,T) dW"(t) (2.20)

Using the [t6-Doeblin formula, the dynamics for the bond price is given by
T d r d g
dP(t,T) = d (e*ft S(t) ) - (e*ft J(t) ) d (—/ F(t,0) dv>
t

+ % (e— fff(tw)d'ﬂ) [d (— /t ' (t,0) dv>r

Note that [E*(¢,T)"dWPF(t)] is a scalar and therefore is symmetric (Tchuindjio (2009)), hence

[d (— /t Tf (t,v) dv>r = [E*(t,T)TdWP(t)} [2*(t,T)waP(t)r

_ ( /t TI{tST}E(t,T)Tdv> [dWP(t) (dWP(t))T] < /t Tz{tg}z(t, T)dv)
_ [2*(t,T)Tp 2*(t,T)] dt

10



which is a scalar. Plugging this is the previous expression for dP(t,T') yields

dP(t,T) = P(t,T) [(r(t) —a(t,T)) dt — B, T)TdWP(t)}
+ %P(t,T) [2*(t,T)Tp 2*(t,T)} dt

& o = [0 @)+ e )| - B aw ) (22

In particular, when ¢ > T, the equation (2.21) reduces to

dP(t,T) .
S CORE R (2:22)

To continue, recall from Shreve (2008)

Theorem 2.2.1 (First fundamental theorem of asset pricing). If a market model has a

risk-neutral probability measure, then it does not admit arbitrage.

Furthermore, a risk-neutral probability measure is an equivalent probability measure such that
the discounted asset prices under this measure are martingales. In particular, the discounted

bond price

Pg(f;) = exp (— /Otr(u)du) P(t,T) (2.23)

should be a martingale under the equivalent risk-neutral measure. Because

(5w = B0

it follows that, using the It6-Doeblin formula,

d (P &’?) _ Btt)dP(t,T) +d <Btt)> P, T)

1 P, T)

- %dP(t,T) T r(t)dt

=2 (10 -ty + ) B T) ) - 8T W 1) - T(t)dt]
_ Pg(’t? [(—a*(t,T) + %2*(t,T)Tp 2*(t,T)> dt — 2*(t7T)TdWP(t>} (2:24)

For equation (2.24) to be a martingale, we must get rid of the drift term by changing to an

equivalent probability measure. Specifically, we seek an M-dimensional process ©(t) such that

[(—a*(t,T) + %2*(t,T)Tp 2*(t,T)> dt — o*(t, T)TdWP(t)] = -3, T)" |O(t)dt + dWF (t)
(2.25)

which is equivalent to
1
—a’(t,T) + 527 (¢, ) 'p &*(t,T) = —*(t,T) " O(t) (2.26)
We differentiate both sides of (2.26) with respect to the scalar 7. Differentiating the right-hand

11



side and the first term on the left-hand side of (2.26) is straightforward when using Leibniz’s

rule of differentiation

ar® 6T) = alt.T) (2.27)
8%2 (t.7)'8(t) ==t T) Lu<r)O(?) (2.28)

To differentiate the remaining term, we normally would have to rely on heavily advanced algebra
and define, in a Hilbert space H,, the real inner product (-,-) : H,, x H, — R such that for two

vectors Vi, Vo € R?, we have (V1,Va) = VITVQ. Furthermore, in our case, we could use

T T
([ vids.va) = [ v vads
0 0

(Skorohod (1974)). However, one should check that these vectors respect some regularity and
measurability conditions to go further and these technicalities are beyond the scope of this thesis.
Fortunately, Tchuindjio (2009) implicitly shows that

a * * *
BT P S T) = / Tcuyp B(6.7) o = 2(S(. T Ty p B*(1.7)

This allows us to re-express equation (2.26) and the HIJM no-arbitrage condition becomes
a(t,T) =2(t,T) p £*(t, T)Ip<r) — £(t, T) ' O(t) L<r) (2:29)

Note that if ¢ > T, a(¢,T) = 0 and £*(¢,T) = 0 and from equation (2.21),

dP(t,T)

) =0 (2.30)

which was claimed in Lyashenko and Mercurio (2019) although they did not derive this result.
Otherwise, provided that ¥(¢,7") is not null, there is a unique ©(¢) such that equation (2.29)
holds. Again, one can use advanced algebra to prove this, as Tchuindjio (2009) has done by
invoking the Hilbert space representation theorem. We omit these technicalities .

We can now use Girsanov’s theorem to change to a probability measure P under which
wWE(t) / O (u)du + WE(t) (2.31)
or  dWE(t) = ©(t)dt + dWF(t) (2.32)

is a Brownian motion. Ding (2009) shows that Girsanov’s Theorem extends to correlated

Brownian motion. Finally, using equation (2.26) and (2.32), we can rewrite equation (2.24) as

(%) = Sy (e e en)a- s

_ P(t,T)
-~ B(t)

[—2*(1&, T)TO(t)dt — £*(t, T)wap(t)}

12



_PLT), o,
=50 (=Z*(t, T)) " |©(t)dt + dWE (1)
_ P, T)
~ B()

(—=*(t, 7)) TdWE (1) (2.33)

proving that the discounted bond price is a martingale under P. This also shows that the
probability measure P is associated with the numeraire B (t), which we previously assumed. To
derive the dynamics of the forward rates in the FMM, the dynamics of the bond price are needed.
Using that P(¢,T) = B(t)%P(t, T), the dynamics are given by

dP(t,T) = r(t)B(t)];t)P(t, )it + B()E g(’g) (—2*(t, ) )aWF (¢))

= P(t,T) (r(t)dt _ B, T)Tdvv@(t))

We summarize this result in the following Theorem which fully describes the extended HJM

Theorem 2.2.2. Under the ﬁ’-measure, the bond price dynamics are given by
dP(t,T) = P(t,T) (r(t)dt — B, T)TdWﬁ)(t)> (2.34)

The solution of this stochastic differential equation is

t

P(,T) = P(0,T) exp ( /0 () du / t %2*(U,T)Tp = (u, T)du — /

2*(u,T)TdWﬁ(u)>
0 0

= P(0,T)B(t) exp <—/O %2*(U,T)Tp E*(u,T)du—/O 2*(u,T)TdWﬁ(u)> (2.35)

Proof. The proof follows from applying the It6-Doeblin formula and is left in Appendix. A O

2.2.2 Lognormal Forward Market Model from HJM bond prices

The extended HJM framework and Theorem 2.2.2 provides an expression for the stochastic

bond prices which we can use to derive for the simply-compounded forward rates. We take

P.T;0) = POT B0 (~ [ 350D o T [ 210 Taw )

P(t,Ty) = P(0,T;)B(t) exp <—/O %E*W,Tj)—l—p E*(u,Tj)du—/O z*(u,Tj)waﬁ(u)>

and use equations (2.5) and (2.6) to obtain

1 _1P(Tj)

Ri(t) + — = 5
R]()+Tj 7'j P(t,Tj) +
P(OaT’—l) t]- * * * *
= mexp{/o 3 [2 (u,Tj)TpE (u,Tj) — ¥ (u, Tj_l)TpE (u, Tj—1)| du

+ /Ot [E*(u,Tj)T — 2*(u,Tj_1)T} dWﬁ(u)}

13



We present the dynamics of Ej(t) in the next proposition and we leave the derivation, which is

simply an application of It6-Doeblin, in Appendix A.

Proposition 2.2.3 (Forward Rate Dynamics). The dynamics of Ej (t) are given by

dR; (1) = (Rju) + 1,) = (1) - 2*<t,Tj_1>}T{p (1, T))dt + dw%}

Tj
Proof. See Appendix A O

Next we construct the well-known Tj-forward measure. Note that B(t)P(t,Tj—1) and
B(t)P(t,T;) are both martingales under the P measure. Then, Theorem 9.2.2 from Shreve

P(t,T;_
(2008) says that PS(’t%’;) is a martingale under the equivalent probability measure P7i
¥
associated with the numeraire P(t,T}). Furthermore, this measure is defined by
BT (A) = / B) myer (2.36)
A P(07 11]) .

and, as a consequence, Girsanov’s Theorem for correlated Brownian motions (Ding (2009))
implies that
AWTi(t) = p B*(t, Tj)dt + dWF (t) (2.37)

is a Brownian motion under P%i. This allows us to express ﬁj (t) as

o) = (R0 + =) [2r0.1) - 2 0. 7-0] awh) (2.39)

Since Rj(t) is a martingale under the PTi-measure, the multi-dimensional Martingale
Representation Theorem (Theorem 5.4.2 in Shreve (2008)) says that there must exist an
adapted, M-dimensional process {I‘(t, Tj) : t €[0,00) } such that

dR;(t) = R;(t) T'(t,T;) " dWTi (¢). (2.39)
With this equation we can relate the discrete forward rate volatilities to the bond price volatilities

D6 T5)By(0) = — (7Ry(0) + 1) (7 (6 Ty) = (6, T3 1)]

(E5(t, 1) = %°(t, Tj)] (2.40)

2.2.3 Risk-neutral drift of other forwards under the P’i-measure

Each forward rate R;(t) is a martingale under its own PLi-measure. We now derive the

risk-neutral drift of all forwards under that measure. Consider these two equivalent equations

AW (t) = p B*(t, T;)dt + dWE (t)
dAWT1(t) = p B*(t, Tj_1)dt + dWE (t)

14



and subtract them to obtain
dWTj (t) = |:p 2*(t7T7) —p 2*(t’17]_1):| dt + dWTj*l(t)
=[5 Ty) — B (0,1 0) | de + aW T 1)

= pT(t, J)mdwrdw@ L(t) (2.41)

First, we derive the dynamics of R;(t) under the PTi-measure for i = 0,1,...,5 — 1. Equation

(2.41) provides a recursive formula for Brownian motions. Rewrite it as

TiR;
dWTi-1(¢) = — pT(t,T; )7]% t )( ) dt + dW7i (t)
Similarly,
| 1R ()
AWTi2(t) = — pT(t,Tj_1)— -1 dt + dWTi-1
() P ( J 1)7—j—1Rj—1(t)+1 ()
i 1R (t) R;(t) .
——pT(t,T;_ I dt — pD(t,T;)—2 dt + dW7
p T T; I)Tj—lRJ—l(t)+1 P4 T5) iR;(t) ()
We can proceed till we have
j ~
) Ry (t) .
dWTi(t) = — Y Ty Dt Ty)dt + AW (¢ 2.42
( ) et 1 _I_TkRk(t)p ( ) k) + J( ) ( )

We insert (2.42) in equation (2.39) to obtain the PYi-dynamics for R;(t), i =0,...,j — 1

= = ' o AT ) .
dR;(t) = Ri(t) T(t,T;) TdWTi(t) = Ri(t) (¢, T;) " k;ﬂ T5 kP T Tedt + AW (t)
— R0 3 P r 1) T T+ RO TET) WD) (24)
k=i+1

Now, we derive the same dynamics dﬁi(t) fori=j5+1,..., M — 1. In the same way we derived
(2.41), we can obtain

. iRj1(t) )
AWTH+L(1) = p T(t, Tjoy)— I gy o qwW (¢t 9.44
()= pT(Tyo0) 2t 4 AW (1) (2.49)

And again proceeding recursively,

| : Ryt |
AW (t) = Y 11’“7%,; D(t, Ty)dt + dWT (¢) (2.45)
k11 kg
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Inserting (2.45) into equation (2.39) gives the PTi-dynamics for R;(t), i=j+1,...,M —1

dR;(t)

Ri(t) T(t,T))" i: Mp L(t, Ty,)dt + dW 75 (t)

K11 1+ 7Rk (1)
- ‘ Ru(t -
“ R Y 2B )T D Td + ROTT) AW (2.40)
i1 1+ 7Ry (t)

This concludes the derivation of the FMM dynamics under the P%i forward measure. In the
next section, we will also consider the dynamics under a different measure. Before that, we

summarize the results in the following theorem.

Theorem 2.2.4 (Extended forward measure dynamics in the FMM). Under the extended
forward measure defined by (2.36) and the extended-HJM framework from section 2.2 driving

instantaneous forward rates, the forward rate dynamics are given by

j ~
o ~ ~ iRy (t)
i<, t>0,  dRi(t) = —R(t) T(t,T;)7 T v, Ty dt

g t> (t) (t) L(t,T5) k;HHmRk(t)p (t, Tk)
+ Ri(t) T(t,T;) T dW™ () (2.39)
i=j, t>0,  dR;(t)=R;(t) T(t,Tj) dWTi(t) (2.38)

- - : Ry(t
i>j, t<Tj dRi(t) = Ri(t) T(t,T,)" ) % p I'(t, Tj)dt
k=j+1

+ Rt (¢, T3) T dW T (1) (2.43)

Equation (2.38) has a solution given by
= = 1t T ' T i
Ryt = By0)esp{ — & [ T.1) T Tydu+ [ T.1)Taw T )
0 0
- 1 t t
— RO — 5 [ D)+ [ TT)TaW W) (247
0 0
where |V = /VE+ ...+ VE for any vector V = [V4, ..., Vy]T e RV,

Proof. We only prove that (2.47) is a solution to (2.38) since the rest was established before
introducing Theorem 2.2.4. Applying It6-Doeblin to (2.47), we have

dR;(t) = R;(0) exp{ - ;/0 I‘(t,Tj)TI‘(t,Tj)du—i—/O L(t,Tj) " dwWT (u)}

y (‘;F@,ijmt,:mdt T, T) TaW T (1) + §P<t’73>TF(t’Tf)dt>
= B;(t) T(t,T;) AW (¢) -
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An assumption on the structure of I'(¢,7j) is usually adopted in the literature and in
practice, and greatly simplifies the FMM derived so far. It is implicitly made in Lyashenko and
Mercurio (2019) for the FMM derivation and explicitly in Brigo and Mercurio (2006) for the
LMM derivation. For the rest of this thesis, we will also make this assumption and derive further

results accordingly.

Assumption 3. The forward rate volatility vector I'(t,T;), j = 1,...,M only has non-zero

entries except for the ™ element. That is,
-
reT)=[0 0 .. oj(t) .. 0] (2.48)

where
a;(t) = aj(t)g;(t) (2.49)
and oj(t) is an adapted process.

We will in fact consider two forms for ¢;(t) for our numerical examples. The simplest form is a
constant instantaneous volatility over the entire life of the forward rate (until it becomes fixed
at maturity), or equivalently o;(t) = o, for all j = 1,..., M. The alternative specification of
the instantaneous forward rate volatilities is a parametric form suggested by Brigo and Mercurio

(2006) and consists of an exponentially decreasing volatility, namely,
oi(t) = ®; ([a(T* —t) e t@ Y d) (2.50)

and a,b,c and d are typically determined in a calibration routine. Furthermore, T% is set to
T;_1, the expiry, in the LMM so we extend this parametric form in the FMM by setting T = T;,

regardless of whether the instrument is forward-looking or backward-looking.

The function g;(t) in equation (2.49) is introduced to allow for different behaviors of the
volatility, especially in the accrual period. Lyashenko and Mercurio (2019) observe an empirical
market instance of a decaying volatility in the accrual period of backward-looking rates and

suggests to use

1 t<Tj 1
@ —atyt T at
(t)=mind ———— 1) =¢ ——+— T, 1 <t<T; 2.501
g]() {ij_bzvj_l T‘j—bT‘jfl J J ( )
0 t> Ty

with a = b = 1, which creates a linearly decaying volatility in the accrual period. After maturity,
that is when ¢ > Tj_1, we have g;(t) = 0 which implies that the forward rate stops evolving.
Unless specified otherwise, we will adopt this scaling function. (The coefficients a and b are
introduced in this thesis to experiment with different functions g;(¢) and will become clearer in

later sections.)
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2.2.4 Risk-neutral drift under the Q-measure

Changing the probability measure only changes the drift while the diffusion coefficient stays
the same (Baxter and Rennie (1996)). Denote the drift of the process R;(t) under the numeraire
P(t,T;) by pfi(R;,t). As is clear from equation (2.38) in Theorem 2.2.4, uf%(R;,t) = 0 since
Rj(t) is a martingale under the PZi-measure (it is driftless). Similarly denote the drift of R;(t)
under the numeraire corresponding to the risk-neutral measure, B(t), by u®(R;,t). Brigo and
Mercurio (2006) present a set of tools to conveniently derive the drift of a stochastic process when
applying a change of numeraire (or equivalently, a change of probability measure). Specifically,

they show that the two drifts can be related by the following formula

uB(Rj, t)dt = ui(R;,t)dt — dIn R;dIn(P;/B)
_ dlnR;dIn(P;/B)
dt

& WP(R;, 1) = uP Ry, ) (2.52)

The derivation in the FMM is presented in Lyashenko and Mercurio (2019) but since it is
brief, we repeat it here somewhat more detailed. It will be useful to know dIn Fj(t). Using the
It6-Doeblin formula, we have

CdRi(t) 11

dIn R;(t) = OO0 (dR;())? = —5g3(1)a? (t)dt + g;(t)o; (t)dW,” (1) (2.53)

First note that

B(t) P(t,T;) P(t,T;)
L P(t,Ti_1) !
= —1In z[[l BT =—In ElJmRZ(t)
=1

Inserting this equation into (2.52) yields

dm&@m(gﬂmu+nm@D
dt

dIn R;j(t) dIn[1 + 7 R;(t)]
dt

MB(RJ" t) =

Il
AMQ

@
Il
—_

T d(ln Rj (t), Rl (t)>
1+ TiRi(t) dt

I
]~

(2.55)
i=1

Using the earlier expression for dIn R;(t) and the fact that dtdW = 0,

iRy, m(1)  (—3EO3Odt + g5V () (9:)o, O ROV (1))

dt dt
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— 909 0psoi OGO _ 1), 1)10;0osOR) (2.56)

Plug (2.56) into (2.55) results in the drift of the forward rate under the risk-neutral measure
J
B
) =3 0 (£)gi(t)pijo; (t)os (t) Rit
p (R, t) ; 1 "‘TiRi(t)gJ( )9i()pijoj(t)oi(t) Ri(t)

= g;(t)o;(t) Z Pijw (2.57)
i=1

We summarize this result in the following theorem

Theorem 2.2.5. Under the risk-neutral measure Q with associated numeraire B(t) and

Brownian motion WQ(t), the dynamics of the forward rates Ej(t) are given by

= I g Ri)
AR; () = i ORI Y pis™

=1

dt + g;(t)o;(t)R; (t)dW e (t) (2.58)

Remark 2.2.6. We introduce the index function n(t) = {j : Tj—1 < t < T;}. It corresponds to
the closest next maturity after t in the tenor structure. When t > Tj, g;(t) = 0 and therefore
every forward rate whose maturity is before T; have a zero-drift and (volatility) at time t.
Therefore, equation (2.58) can be rewritten as

j ~

= = gi(t)oi(t) Ri(t) = oy
AR5 (0) = 50,07 (0) - py ITCT dt+ 6,01, ()R, ()0
i=n(t)

Numeraire in the FMM
The numeraire typically used in the LMM is the one associated with the spot measure, and it
is the discrete equivalent of B(t). It consists of a bank account that is rebalanced only at the

tenor structure dates. It is given by

P(t, Ty)-1)

By(t) =
14" P(Ty-1,Ty)

(2.59)

(see Brigo and Mercurio (2006)). It was first introduce by Jamishidian (1997) because the
dynamics of the LMM under the risk-neutral dynamics presented an awkward form that made
the computation of the drift a difficult task. This spot-measure is no longer needed in the FMM
as Lyashenko and Mercurio (2019) show and the risk-neutral dynamics can be used as we just
showed. Although, B(t) is not directly accessible in the LMM, we can now retrieve it in the
FMM. First note that from (2.12), we have

1 [efT] 1 1] | ij]

7j

<1+ TjRj(Tj) = efTJ 1 (2.60)

Ry(T;) = EF" [FB@) | Fr,] =E* [
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Therefore, we have

B(t) = efgt r(u)du _ €f0T1 r(u)duefgf r(u)du f;;:]((:) 5T u)duefq’in(t)_1 r(w)du
n-1 .
— filt“ (t)—1 r(u)du H fT’L (u)du
e’ n 1—1
=1
t d n(t)—1 ) )
= efT’ﬂ(t)*l T(u) u H 1 + Rj(T]) e B(Tn(t)—l) ean(t)71 T(u) U (261)
=1

Thus, B(t) is known at the standard tenor dates T3, j = 1,..., M and is given by
J
=[]+ Ri(1y) (2.62)
i=1

2.3 The Black formula for caplet pricing

Valuation of caps and floors in the FMM can be done by using the standard Black formula
and is similar to the situation in the LMM. As an example, we briefly dis Equation (2.38)
gives rise to a lognormal distribution of the forward rate R;(t) under its respective PTi forward
measure. Under this setting, the value of caplet has an analytical expression given in the

following Theorem.

Theorem 2.3.1 (Caplet price). A caplet (floorlet) with expiry Tj_1 and maturity Tj is
equivalent to a swaplet where the buyer of this financial product can choose to exercise the

swaplet only if it has a positive value. The payoff at maturity is given by
* + =k +
(R Ty, 1) = K) - = (BT, Ty, 1) = (K +6)) (2.63)

where K is the strike price of the caplet and T = T;_1 if the caplet is forward looking and

T* =T} if it is backward-looking. The price of this contract at time t can be shown to be
BL!(t) = yP(t, 1) (R(E Ty1, Ty @(dr) — (K +0)@(dy)) (2.64)

where & is the displacement parameter and

log LT (s, Ty)|% ds T
0 = (i) - - Cd=d [ ReT)Re o)
VI DG, 7)1 ds :

Proof. The proof is a standard result in derivative pricing and is left in Appendix A. O

We are often interested in the average volatility of the forward rate R(t,Tj_1,T}) up to
a certain time ¢, which we denote Ar,_, 7,(t), as it provides an insight on the magnitude of

its instantaneous volatility. Combined with Assumption (3) and the specified linearly decaying
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function g;(t) of equation (2.51), in the backward looking case (7™ = T}), we have

T
Ay (T7) = \/;*/0 ajz(t)g?(t)dS (2.66)

If 0;(t) is constant and equal to o;, we have

1 ((T; —aTj—1)3 — (T; — aT})3
(T =04y | — [ 2 J J J Tiq ). 2.
)\TJ—LT]( ) o \/T‘] ( 301(1—‘] _ ij_1)2 + j—1 ( 67)

This is easily shown. First, note that
T: —at \*
2 2/ _ 2 2 J
0595 (t) = 0iLielo,1; 1)) T 0 (T] - ij1> Lrelr; 1, 13))

Therefore, we can write

T i T Tj—at \?
2 2 2 2 J
a-(t)g(t)dt:/ ozdt—i—/ o <> dt
A J J 0 J Tj,1 J T] - bz}_l

5 0_2 T;—aT; 1 5
:0<T-_1+Z/ ——udu
v (Ti - bTifl)2 Ti—aT;_, @

2 3 Ti—aT;—1
2 ag; U
=o'l 1 +—2 | —
e (T; — bT;-1)? <3a To—aT; >
_ g o O (T —aTi)’ — (T — aTy)?)
o 3a(T, — T1-1)?

where we used u = T; — at and du = —adt. Therefore the caplet average implied volatility is

+ 0i2Tz‘1>

T; 3a(T; — bT;_1)?

1 (07 (T; — aTi1)3 — (T; — aT})?)
=

which we can rearrange to obtain (2.67).

Summary

In this chapter, we have constructed a fully fledged model, capable of diffusing a specified
amount of forward rates, backward and forward-looking, with and without the presence of a
displacement. We also briefly discussed pricing aspects and some numerical concerns are
discussed in Appendix D since the next chapter will involve simulation results. The FMM
presented here is the basis on which the remainder of this thesis rests. Currently, the model
provides the evolution of forward rates R(t,T;, T;+1) for some consecutive dates T;,T; 41 in our
tenor structure. In practice, financial contracts might refer forward rates with different expiries
and/or maturities. A natural solution would be to add such expiries and maturities to our
tenor structure, and accordingly expand the number of modelled forward rates. This
technique, however, adds to the computational burden of the implementation, and is therefore

not desirable. The next chapter presents an alternative solution.
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3 Interpolation in the FMM

The number of forward rates modeled is limited to M, as specified during the construction
of the model. If M becomes too large, it will negatively impact the numerical speed of the
simulations when the model is implemented. However, trading books of financial institutions
often contain many contracts whose forward rates may not be specified by the chosen model.
In this case we must find a way to derive the value of such forward rates by exploiting the ones
present in the model. We can use a process called interpolation, which consists of generating the
entire yield curve from modeled forward rates. There exists various application of interpolation
in the context of interest rate modeling. A lot of the research has focused on deriving bond prices
P(t,T) by fitting econometric models to the yield curve, such as the Nelson-Siegel approach (see
for instance Koopman et al. (2010)) which specifies a linear relationship between yields and
three factors dependent of maturity (level, slope and curvature). After fitting a model, deriving
the entire yield curve is straightforward given the relationship with maturities. Such a method
however, provides only information on the bond prices themselves, while forward rates are ratios

of bond prices and the numerator and denominator are not separately obtainable in the model.

Another application of interpolation consists of obtaining the initial bond price curve
P(0,T) for all T. This usually exploits live data from the markets by calibrating to and
bootstrapping from traded products, and interpolation is then done using a cubic-spline or
log-linear relationship between maturity and rates. Financial institutions tend to have
stand-alone systems that provide them with such information and choices between types
interpolation often relies on market conditions and traders’ preferences (Darbyshire (2017)).
However, these interpolation techniques are know to introduce arbitrage and are therefore not
appropriate for the LMM or the FMM. The interpolation of the rates R(t,S,T") for t > 0 must

follow from no-arbitrage arguments.

Plenty of work has been realized to derive an interpolation scheme in the LMM. For example,
Schlogl (2002) distinguishes between short-dated and long-dated bonds, and notes that at expiry,
the bond prices become deterministic and proposes an interpolation method for the short-dated
bonds accordingly, while long-dated bonds interpolation follows from no-arbitrage arguments.
The FMM differs from the LMM in that rates continue to evolve stochastically at expiry and
until the end of the accrual period. Furthermore, we are simulating forward-looking rates before
expiry and backward-looking rates in the accrual period and any interpolation scheme we select
must appropriately interpolate both types of rates. To the best of our knowledge, there has not
been any research focusing on the interpolation of backward-looking forward rates, which we

address in this section.

We concentrate our attention to a known issue occurring in the interpolation of forward
rates in the LMM. When computing the implied volatility of caplets on interpolated forward
rates, we observe an odd relation between the implied volatility and the maturity of the caplet.
To be specific, the implied volatility of interpolated rate as a function of maturity has the
shape of a "garland" (they look like the Christmas decoration garlands), which suggests that

interpolated forward rates have a lower instantaneous volatility than simulated forward rates.
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As we will see, backward-looking caplets also exhibit this unnatural behavior in the FMM.
This presents an issue because it has mispricing implications for instruments whose payment
dates or tenors differs from the ones in the specified tenor structure. The interpolation scheme
we consider is a simple method sometimes used by practitioners and is equivalent to a linear
interpolation of bond prices. Another interesting interpolation method to point out is the one
from Werpachowski (2010), which solves the lower implied volatility issue in the LMM. He
proposes to keep simulating the standard forward rates in the accrual period, which is already
the case in the FMM because of the nature of the model. Note however that the numeraire
implied from the spot measure in the LMM differs from the risk-neutral numeraire in the FMM
as was pointed out in section 2.2.4. As a result, Werpachowski’s interpolation will slightly
differ from ours. In our journey to understanding and solving the problem of the "garland"-
shaped implied volatility just mentioned, we also derive an approximation of the instantaneous
volatility of interpolated forward rates. This approximation turns out to be extremely accurate,
and applicable in both the FMM and LMM, and is equally applicable to forward-looking and

backward-looking forward rates.

Finally, we have so far considered the inclusion of displacement in our model. It is of
paramount importance that interpolated forward rates also reflect this specification. In fact, a
small adjustment is needed to extend interpolation when the model contains a displacement.
Fortunately, Bogt (2018) has derived this adjustment in the displaced-LMM. We show that his
results extend to the FMM, thereby allowing us to interpolate forward and backward-looking

rates with or without the presence of a displacement.

3.1 Numeraire-Relative-Bond interpolation

Bogt (2018) describes different properties that should preferably be fulfilled by the chosen
interpolation scheme. Let us first briefly state the most important of these properties before we

dig into the interpolation scheme.

(1) No additional rates should be simulated, as this was the motivation to find an interpolation

scheme.

(2) No arbitrage is introduced when constructing interpolated rates according to this scheme.

In other words, the interpolation scheme rests on no-arbitrage arguments.

(3) The interpolation scheme conserves standard forward rates. That is, when applied to the
forward rates modeled by the FMM, the interpolation should leave these rates unchanged.

This property is referred to as internal consistency.

(4) As described above, some interpolation methods generates interpolated forward rates with
an abnormally low instantaneous volatility. This is observed through the implied volatility
of caplets based on those rates, which exhibits an odd shape when presented as a function

of time. This "garland" shaped implied volatility is shown in Figure 3.1. Therefore, a
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desirable property of any interpolation scheme is that the implied volatility is a smooth

function of maturity.

3.1.1 Description of the interpolation method

The interpolation method that we consider consists of linearly interpolating the ratio of the
discount factors and the numeraire and it is sometimes used in practice. Hereafter, we shall

refer to these quantities as Numeraire-Relative-Bonds (NRB)

P(t,T)
B(t)

The reason for introducing these quantities is that they are easily obtainable in the FMM and

NRB (t,T) =

(3.1)

the forward rates can be expressed in terms of the NRBs

1 [P(t,S)_l}: 1 [P(t,S)/B(t)_l]_ 1 [NRB(t,S)

R(t,5,T) = Tsr | P(,T) P(t,T)/B(t) NRB(t,T)

- 1] (3.2)

TS, T TS,T

where 7 g7 is the year fraction separating time S and time 7. Therefore, if we can obtain
NRB(t,T) for all T, we have a complete model state (i.e., specifying all forward rates for a
particular time ¢). The interpolation method we consider linearly interpolates NRB(t,T') for

any T" bracketed by two tenors T; 7y and T}, of the tenor structure
NRB(t,T) := apNRB(t, Tn(T)—l) + (1 —ar)NRB(t, Tn(T)) (3.3)
and it is equivalent to an interpolation of discount factors since

NRB(t,T) = apNRB(t, Tycr—1) + (1 — ar) NRB(t, Typy)
P(t,T) P(t,Tyy-1) P(t, Tyr)
— 1 -
“TBo T Bay T g

= P(t, T) = aTP(t, Tn(T)—l) + (1 — OzT)P(t, TW(T))

where ar is the coefficient of interpolation and is derived using no-arbitrage arguments. That is,
by no-arbitrage (martingale property of discounted bond-prices under the risk-neutral measure)
and linearity of the expectation operator, we have

P0,T) — gQ [P(t’T)] =EC |:OZTP(t7Tn(T)1)+(1 —ar)

P(t, Tyr)) }

B(0) B(t) B(1) B(t)
= arE? [P(t’gﬁ)ﬂ_l)} +(1—ap)E® [W}
_ PO, Tyir)-1) P(0,Ty1))
= QTW +(1— OéT)W

Hence, if we have an initial curve P(0,7"),T € [0, 00), we can solve for the interpolation coefficient

P(O7 T) - P(07 Tn(T))
P(0,T)-1) — P(0, Tyy7))

ar = (3.4)
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Such a curve can be obtained by observing a certain number traded products in the market and
combining interpolation methods and bootstrapping to obtain the full curve (See for instance
Darbyshire (2017)). Going forward, we will assume that we are provided with such an initial
curve. Consequently, we are also given all the initial forward rates L(0,S,T) for all 0 < S < T.
The question of how to access the NRBs in the FMM remains. They can in fact be obtained
recursively. We first compute NRB(t, T, (1y—1) using (2.62), and for ¢ > T;,(7)_; we have

NRB(t T ) )_ P(thn(T)—l) o P(tv Tn(T)—l) o P(t7T77(T)—1)
; -1) = = =
' BO g gy et @ BTy )P Ty )
1
= - 3.5
BTy 1) 3
where the third equality follows from the definition of extended bond price. If t < T} 7)1,
Th(Ty-1
E — [ ( r(u)du ]:':|
NRB(t, Typy_1) = Pl Tyny-) [e l__1 (3.6)
) T)—-1) — - - :
! B(t) B(Tyry-1)e” SO wyan B(Tyry-1)
Next, from (3.2), we have
| (NRB(t.T))
() = — 1
m0= ("Nest 1)
1
NRB(t,T;) = NRB(t,T;_1)————— 3.7
A (’ J) (7 J 1)1+T]R](t) ( )

and therefore we can obtain N RB(t,Tn(T)) recursively. The same arguments hold to derive
NRB(t,T,(s)-1) and NRB(t, T;s))-

Let us find a complete analytical expression for the interpolated forward rate

NRB(t,S)

1+TSTR<t ST) 7NRB(t T)

under the method (3.3). The numerator can be written as

NRB(t,S) = aSNRB( + (1 — as)NRB(t, Ty(s))

1 1
= 1 —Q
5 ( ) 5 (B(Tn(S)l) L+ 708 By (t)>
_l’_

B < 1—ag )
- B(Tn<s> 1) L+ 7y(8) () (1)
B 1 (1 + asTy(s) Ry (s) (t))
 B(Tys)-1) \ 1+ 7y(5) Rys) (1)

Similarly, the denominator is given by

NRB(t,T) = arNRB(t, Tn(T)—l) + (1 —ap)NRB(t, Tn(T))
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. n(T)—1 1 1 n(T) 1
B<T17(S)—l) ]:1;([ ) 1+ T]R (t) B(Tr](S)—l) j:l;! ) 1+ TjR ( )
1 U(T)—l 1 1 —ar
— —
B(Tyy(s)-1) Zn(s) 14 7;R;(t) L+ 71y Ry (1)
T —
_ 1 n(T)-1 1 <1+O£TT77(T)R ( )( )> (3 10)
B(Tn(S) 1) i=n(S) 14 7;R;(t) L A7y By (t) '

Now, we can rewrite the interpolated rates as

1+asTys)Rys)(t)

1+7n(s) Bn(s) (8)
oy By () rpn(T)—1 1
1+ (1) By (1) (1) J=n(S) 1+7;R; (1)

1+ TS,TR(t7 S: T) =

_ Lt asmygRys)(t) L+ Ty By () H R
L armyir) By (8) 1+ 7)) (1) ’

1 Rys(t) "
&1+ g R(E,S,T) = o) 7)) [ 1+7R® (3.11)
’ 1+ aTTn(T)Rn(T) (t) J=n(8)+1

and (3.11) can provide us with both the forward-looking and the backward-looking interpolated
forward rate by either setting ¢t = S (forward) or ¢t = T' (backward). We refer equally to either
of (3.3) or (3.11) for the same interpolation method.

Note that the interpolation scheme (3.3) is not directly applicable if the rate displacement

0 > 0. Therefore, in the next section, we present an extension to apply it in a displaced FMM.

3.1.2 Displacement-aware interpolation

To account for a non-zero displacement when interpolating forward rates, we compute a
"displacement-aware" interpolation coefficient. This was done in Bogt (2018) in the LMM and
we confirm that his results are applicable in the FMM, with a few minor changes (he in fact
interpolates B, ( ) but this quantity does not correspond to B( ) and therefore the interpolation
in practice is slightly different). We first note that ap can be written as the ratio of two
forward rates known at time 0 multiplied by their tenor length. Divide the numerator and the

denominator by P(0, Tyr))

P(0,7)—P(0,T(1)) POT) 4
o = P(0,Ty 1)) _ POTym) _ Ty R(0,T, 1)) (3.12)
PO,T,—1)—P0,Ty1)  POT;—1) RO.T 1. T, .
WP(O,TW(T)) 2 P(O,TZ(T)) 1 Tacry RO, Tyry—1, Tyery)

where TT, Ty is the year fraction separating 7" and T} (r). Now, it is reasonable to assume that

in the displaced case, the interpolation coefficient, denoted &, becomes

TT,Ty o) R(0,T, Tyry) Ty ROT,Tyr) +6

T

w0 RO, Tyry—1, Tyry) o) BOTyry—1, Tyery) +6
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P(OvT)fp(Oan(T))

. P(0,T, 1)) + 5TTan(T)
- P(0,T,—1)—P(0,T, )
POy 0T(r)

B P(O, T) — P(O, Tn(T)) + 5TT,T,](T)P(0, Tn(T))
P(0, Tyry—1) — P(0, Tyy1y) + 0757y PO, Tyy1y)

(3.13)

We also use an adjustment for (3.3) derived by Bogt (2018) in the LMM (It turns out to be
applicable to the FMM as well), which is given by

NRB(t,T) = arNRB(t, Tyipy_1) + (1 — ar)NRB(t, Typ)
+ 4 (OtTT (T) — TT,T,](T)) NRB(t, TW(T)) (3.14)

Note that if 6 = 0, we fall back to (3.3). For the numerator of (3.8), we now have
NRB(t,S) = asNRB(t,Tn(S)_l) +(1- aS)NRB(t,Tn(S)) +4 (ang(S) — TS’Tn(S)) NRB(t,Tn(S))

1 -~ o~
S <B(Tn(5)—1)> + (l —ag+0 (asTn(S) — TSTn(S))) NRB(t,Tys))

:as<1>+(l—a5+6<a57 = TS,Tys) >< 1 )
B(Ty(5)-1) " n(8)—1)) 1+ Tyesy Ryysy ()

1 R +1—a5+5(a57 TST(S)
= —-———- aS
B(Ty(s)-1)) L+ 79 R

Il
Q)

1
B(Tys)-1))
1
B(Tys)-1))

L+ as7y(s) (By(s)(t) +90) — 6757, )
1+ 7'77(S)Rn(5

(3.15)

N~

L+ @7y (5) Ry(s) (1) — 5757Tn<s>
1+ 7y (5)Rys)(t)

For the denominator,
NRB(t, T) = aTNRB(t, Tn(T)—l) + (1 — aT>NRB(t, TU(T))
+ 6 (@rmyr) = 711,00, ) NRB( Tyr))

1 n(T)—1 1
= ar H
B(Tn(S)—l) i=n(S) 1+ TjRj(t)

n(T)

1 1
+ (1 —ar 4+ (army,m — T,
( ( n(T) ’m)) (B(Tﬂ(5)1> j=1;([S) bt TjRj(t))
1 n(ﬁl 1 - l—ar+6 (aTTn(T) - TTan<T))
S _ %
B(Tys)-1) 20 T+ 7R;(0) L+ (1) By (1)

B 1 ﬂ(ﬁl 1 1+ arr (T )R (T )( ) — 5TTT ) (3.16)
B(T,(s)-1) Plair + 7 R;(t) 1+ (1) By (1) .
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Taking the ratio, we can rewrite the interpolated rates as

1+857,(5) Ry (s) (6)=07s,1, 5
1475 By (s) (1)

1+ TS,Tﬁ(ta S7 T) =

1+aT7—n(T)E7](T) (t)_(STT’Tn(T) 7](T)—1 ;
147y () By () () j=n(S) T+7; R, (t)
1t Asmys) Rygs) (1) = simys) 147 (1) H e
B a R j
1+ aTTn(T)Rn(T) (t) — 57—T,T 1 + Tn(S’ t )
> 1+ aJ\ST y(t) — d7s (1)
& 1+757R(t,5,T) = W)~ ot H L+ 7;R;(t) (3.17)

3.1.3 Lower instantaneous volatility of interpolated forward rates

We now demonstrate interpolation method (3.3) (and (3.14) if § # 0) and its implications
on caplet pricing in an example. We consider an at-the-money caplet on the forward rate
R(T*,T,T + ), where we set v = 0.25 and we plot the implied volatility of this caplet against
T € [0.25,1.25] in Figure 3.1, along with the 95% Monte Carlo confidence interval. Figure 3.1a
shows the result for a forward-looking caplet (7T = T') while Figure 3.1b concerns a backward-
looking caplet (T = T ++) which, we recall, can only be priced in the FMM. The forward rates
were all simulated using a fixed input volatility, i.e. o; =20% Vj =1,..., M. We consider two
models, namely the LMM and the FMM. The interpolation method derived in this section is
applicable to the LMM as well. The difference is that the LMM dynamics are derived under the
spot measure, described in section 2.2.4. As a consequence, we replace B(t) by the corresponding
numeraire B,(t) in the equations above. We can see that this interpolation method exhibits the
so-called volatility dips in both models. When T is one of the standard dates from our tenor
structure, the implied volatilities in the graphs are equal to the model input volatility of 20%
(with a certain confidence interval shown by the dotted lines). In between the tenor structure
dates, the implied volatility plunges and reaches a minimum roughly halfway between the two
closest standard dates. We note that the minimum of each volatility dip is more stressed for
caplets whose expiry is closer to Tp. A possible explanation is that the mispricing comes mostly
from the accrual period of the interpolated forward rates (this will become clear in the next
section). For caplets with a short lifetime, the accrual period represents a larger proportion of
the total lifetime of the instrument. If the mispricing occurs in that period, it will have a larger
effect for these caplets, and the effect will smooth out as the expiry is further in time.

We also point out that this mispricing is much less exacerbated in the FMM and the
minimum seems to be further away from the midpoint of two standard dates. This is likely
related to the shape of the linearly decaying function g(t) and the instantaneous volatility is lower
towards the end of the accrual period and the mispricing is therefore more severe in that period.
It is intriguing that the implied volatility increases again after reaching a minimum (rather than
sharply recovering to 20% just before the next standard tenor date). As we will show, the
instantaneous volatility of interpolated rate is in fact a weighted average of the volatility of the
previous and the next forward rates. As the expiry of the interpolated rate approaches the next

standard date, progressively more weight is put on the volatility of the next forward rate.
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Figure 3.1: Implied volatility of caplets on interpolated forward rates. The dotted line shows the 95%
Monte Carlo confidence intervals. A fairly accurate price was reached with 3000 simulations for constant
volatility and 20000 for exponential volatility.

Setting 0 (t) = o is a simplistic situation rarely used in practice since there is no calibration
involved. We will now repeat the above experiment when rates are simulated in combination
with an exponentially decreasing function, given by (2.50) and where we set a = ¢ =0, b = 0.4,
d=1and ®; =0.6, Vj =1,..., M. We show the results in Figure C.1. We observe the same
behaviors as in the case of a constant volatility. Namely, for forward-looking caplets in Figure
3.1c, our interpolation method produce garlands in the implied volatility functions under both
the LMM and the FMM, although this problem is again substantially less severe in the FMM.
Observations previously made on the location of the largest mispricing also hold here. Again,

in backward-looking caplets (Figure 3.1d), this mispricing is also present.

We also show that the displacement-aware interpolation method (3.14) agrees with the
above observations. We left the resulting graphs in Appendix C due to their similarity to the
non-displaced case (see Figures C.1a and C.1b for constant instantaneous volatility, and Figures
C.1c and C.1d for exponential volatility). Also note that all simulations were realized with an
identical seed for replicability and comparison purposes. This leads to the conclusion that the
adjustments derived by Bogt (2018) (equations (3.13) and (3.14)) perfectly fit in the context of
a displaced FMM.
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The examples shown in this section stress the need for a better interpolation method to
overcome the issue of lower implied volatility of interpolated forward rates. Before we tackle
the search for a better alternative, we will first investigate whether the analytical expression
of interpolated forward rates can help us understand this issue, for instance by analyzing the

instantaneous volatility of these rates in the next section.

3.2 Approximation of the volatility of interpolated rates

In this section, we derive an analytical approximation of the instantaneous volatility of
interpolated forward rates and we show that the "garland"-shaped implied volatility function,
resulting from Monte Carlo simulation, can in fact be predicted accurately using this
approximation and will be applicable to both the LMM and the FMM. To the best of our

knowledge, such an approximation has not yet been derived in the LMM.

First, (3.11) shows that an interpolated rate is a linear combination of standard forward
rates (just as swap rates are, see Brigo and Mercurio (2006)), which are stochastic in nature.

Therefore, they should also have a stochastic differential equation which is given by

- R g n(T)
d(1 4+ 757R(t,S,T)) = 757dR(t,S,T) = d 25Ty5) ) (5) H L7l (1)
1+ aTTn(T)Rn(T) (S) j=n(S)+1

Consider the situation with T' € [T;sy, T} (s)+1], and to simplify notation let 7(S) = j. Thus,

n(T) = j + 1 and we can rewrite the above as

1 + OésTjRj(t)
1+ ar7jp1 Rt (1)

d(l + TsyTR(t, S, T)) =d < (1 + Tj+1Rj+1(t))>

Using the product rule for stochastic processes, and ignoring the deterministic terms involving

dt (since we are only interest in the diffusion coefficient, and hence the volatility), we have

1+ CksTjRj (t)
1+ artjpi Rt ()

‘a +T]+1RJ+1< ) (

d(l + TS7TR(t, S, T)) = < > Tj+1de+1(t)

1+ OésTjRj (t) )
1+ ar7j1Ri1(t)

)d
1+ agstjiR
= < 5 > Tj+10j+19j+1Rj11dW (1)
)d

1+ OésTjRj (t) )
L +oartjiRja(t)

(L TRy (0) (

Applying the product rule again, for the diffusion of the term involving the ratio, we have

d ( 1+ agTjR;j (t) ) _ asTidR; (t) B OéTTj+1de+1(t)(1 + asTiR; (1))

1+ apmjp1Rj1(t) 1+ artjyiRia() (1 + ar7j1Rjt1(t))?
_asTioj(t)gi ()R () AW (t)  artiti041(t)gi+1()(1 + asmiR;(1)) Rj41(t)dW (¢)
B 1+ 04T7‘j+1Rj+1(t) (1+ CYTTj+1Rj+1(t))2

With these equations, we can rewrite the dynamics of a given interpolated forward rate as a
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weighted average of the dynamics of forward rates "bracketing" it. Let og7(t) be the volatility

of interpolated forward rates, their dynamics is thus given by

Tsrosr(t)R(t, S, T)dW (t) = h(t)mj0;(t)g; () R; (£)dW (t) + f()Tj+1054+1(1)gj+1(t) Rj1(8)dW ()

h
R()dR, () + F()dRys1 (t) (3.18)

where

as(1+ 741 R41(t))
1+ armjriRj (t)

h(t) = (3.19)

and

£(t) = 1+asmRi(t)  ar(l+astR;(t)(1+ 711 R (1))
1+ 04T7'j+1R]'+1(t) (1 + OéTTj+1Rj+1(t))2
_ A+ armpiRina () A+ astiR;(t) — ar(l + st R;(¢) (1 + 741 R41(¢))
- (1 + artjr1 R (t))?
(1+as7jR;(t)) 1+ arTj1 R (t) — ar — arTjpi Rt (t))
- (1+ armj1Rjta(t))?
(1 —ar)(d + as7iR,(t))

T+ arm R (t)? (3.20)

Following the spirit of Jéckel and Rebonato (2003), to approximate og 1, we fix the forward rates
at their time-0 values (which are available from the initial bond curve). Denote the estimate
of g7 by 0g7(t). Rearranging equation (3.18) and assuming that interpolated rates have the

same tenor as the standard forward rates (i.e. 7¢7 = 7; = 7j41), we have

h(0)a;(t)g;(t)R;(0) + f(0)ajt1(t)gj+1(t) Rj+1(0)
R(0,8,T)

osr(t) = (3:21)

with

as(1+ 7541 R41(0))
1+ ar7j+1R;11(0)

and f(O) _ (1 — OéT)(l + OésTjRj(O)) <3.22)

h(0) = (1+ aTTj+1Rj+1(O))2

We now see that the implied volatility of the interpolated forward rate R(t,S,T) is a function
of the deterministic functions g;(t) and g;11(t) and also o;(t) and oj4+1(t). Note what happens
when we let S and T" be dates from the tenor structure, say T; and 7)1 respectively, for some
jell,...M —1]. We have h(0) =0 and f(0) =1 since as = ar = 0 and therefore,

7j+1(t)gj+1(t)Rj11(0)
R(0, T}, Tjt1)

os7(t) = o715, (t) = = 0j41(t)gj41(t)

which indicates this approximation is consistent when the interpolation is applied to standard
forward rates.
For non-standard dates, Figure 3.2 shows a plot of the implied volatility of R(T*,T,T + =)

(continuous lines) against XT,TH;(T*) (dashed lines) as a function of T, where

~ 1 [t
Ssr(t) =/ /0 5% (s)ds
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is the average Black implied volatility constructed with our approximation and we set T* =
T for the forward-looking caplets and T* = T + v for the backward-looking caplets (if the
approximation is correct, XT,TJN;(T*) will be close to the implied volatility of the caplet on
the corresponding forward rate). We clearly see that for both types of rates in the FMM, the
approximation is excellent. This is also the case for exponentially decreasing volatility which
is shown in Figures 3.2c and 3.2d (forward and backward-looking caplets respectively). For
the LMM, the approximation can only be used on forward-looking rates. Note that the LMM
is a special case of the FMM when g;(t) = Z;; <7,_,} (and adapted numeraire). If we adapt
gj(t) and g;+1(t) accordingly in (3.18), we see no reason against using this approximation in
the LMM. Figures 3.2a and 3.2c¢ indeed shows that this approximation is very accurate in both
constant and exponentially decreasing instantaneous volatility of forward rates when applied to
the LMM.

The approximation (3.21) naturally needs to be adjusted when we include a displacement
in the model. To derive a "displacement-aware" approximation, we must follow the same steps
as before and apply the product rule for stochastic processes to (3.17) instead of (3.11). These
derivations are similar to what was done in this section but slightly more cumbersome, so we leave

them in Appendix A. We nonetheless state the resulting formula in the following proposition.

Proposition 3.2.1. The interpolated forward rate é(t, S,T) has a stochastic differential

equation given by

rs10s(t)R(t, S, T)dW (t) = h(t)jo;(t)g;(t) R; (t)dW (t)

 FOTo g OF (0dW () (3.23)
where
ags (1 ; 1 (t
h(t) = fs( + 7418541 (1) (3.24)
1+ OtTTj+1Rj+1(t) — 5Tt,Tj+1
and

(1 + asTjéj(t) - 5Tt,Tj> (1 —ar(l = 7410) - 57—75,Tj+1)
f(t) _ - — 5 (3.25)
(1 + aTTj+1R]~+1(t) - 5Tt,Tj+1)

Furthermore, g 1(t) can be approzimated by

5on(t) = M07i(0gi (D E;(0) Rf( g(g);)H(t)ng(t)Rm<o> (3.26)

Note that if § = 0, i.e. there is no displacement in the model, h(t) and f(t) simplify to equations
(5.19) and (3.20) respectively.

Proof. The proof is given in Appendix A. O

To corroborate the claim that (3.26) is indeed as accurate with displacement as it is without,

we approximate the implied volatility of caplets on the same interpolated rates as in previous
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Figure 3.2: Implied volatility of forward rates and their approximations given by (3.18).
Rates were simulated in the LMM and the FMM using 4000 simulations.

examples. Since they are nearly identical to the non-displaced case, we have left the results in
the Appendix in Figure C.3. We consider again the same situations, forward and backward-
looking, LMM and FMM, constant or exponentially decreasing volatility but each case drives us
to the same conclusion: our approximation of the implied volatility of interpolated rates is very

accurate.

3.3 Smooth-volatility interpolation

As mentioned earlier, the different figures which demonstrated our approximation is in fact

showing
~ 1 [t
Xsr(®) =[5 / 7% 1 (s)ds (3.27)
0

against the average Black Implied volatility of the corresponding caplet

Aor(t) = % /0 0% (5)ds (3.28)
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where og 7, the true interpolated rate instantaneous volatility, is in fact unknown. Jéckel (2006)
describes a numerical solution which uses a root-search algorithm to obtain the implied volatility
from caplet premiums. In the FMM, we have the freedom to specify the function g;(t) for each
of the forward rates. As we also noted, previous research suggests that a setting which keeps
simulating forward rates in the accrual period in combination with (3.3) solves the mispricing
issue (Werpachowski (2010)). This would in fact correspond to setting g;(t) = Zy;<7;y in the
FMM. There are two ways to confirm this or to find any other g;(¢) (if any exists) that would
solve this issue. Namely, repeating the experiments above with a different specification for
gj(t) or implement a program that will numerical solve for g;(t) in (3.27) such that we set
X&T(t) equal to the desired Agr(t). This is one of the purposes of the analytical approximation.
In the forward-looking case, we have been successful in this task, and both approaches leads
to the conclusion that g;(t) = Ti4<t,y 1s optimal to remove the mispricing in caplets. For
backward-looking caplets, trial-and-error and numerical solvers both failed the attempt to find
an appropriate function g;(¢). In fact, the numerical results suggested that such a function

simply does not exist. Let us first focus on the forward-looking case.

The mispricing brought by the NRB interpolation method, and which was known to be
present in the LMM with other methods (see for instance Schlogl (2002)) is less serious in the
FMM but equally present in forward-looking and backward-looking instruments. A previous
thesis written by Bogt (2018) has researched a method to remedy this issue in the displaced
LMM. Originally derived by Werpachowski (2010), that method explains that the interpolation
involves a rate that has stopped evolving at some point and therefore has a zero volatility,
which may explain the lower premium associated with caplets priced on such rates. His method
therefore suggests to keep that forward rate alive for the sole purpose of the interpolation. The
interpolated rates successfully ceased to exhibit a lower volatility and Bogt (2018) has extended
his results to the displaced-LMM.

The method of Werpachowski (2010) is, in essence, an extension of the life of forward rates
to include the accrual period. That is precisely what the FMM specifies. Furthermore, this
method keeps simulating the rate without decaying the diffusion coefficients while the FMM
lets the practioner freely select the desired function g;(t). Therefore, we test the interpolation
method (3.14) by setting

9;(t) = Ly<ryy (3.29)

in (2.49). We now focus on the displaced model and the non-displaced case will follow from

setting the displacement parameter § = 0.

The results for two different specifications of g;(t) are shown in Figure 3.3 (we now ignore
interpolation in the LMM). For the forward-looking case, Figure 3.3a shows that the
mispricing has disappeared, and the implied volatility function seems to be a smooth function
of T (subject to numerical inaccuracy), which is in line with the results of Werpachowski
(2010) (See Appendix C for results in a displaced model). A numerical solver as described also
resulted in g¢;(t) = 1 for t < T; (we omit implementation details but it is based on a
root-search). We plot the approximation (3.26) for two specifications of o;(t) in Figures 3.4
and show that the approximation is equally strong for displaced and non-displaced cases.

Without the different colors of the line plot, it is actually almost impossible to distinguish
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Figure 3.3: Implied volatility of forward rates for different diffusion scaling coefficient g;(¢),
and the 95% Monte Carlo confidence interval. Rates were simulated using 10000 simulations.

between the two. The approximation also suggests that even when o(t) is an exponentially

decreasing function, g;(t) = Ty4<t;y is sufficient to produce a smooth implied volatility function

of forward-looking interpolated caplets.

Implied Volatility of Interpolated Forward Rates

0.200{ N
1A [N \, [N
N A A .
4 \ A, N\ /
0.198 - \ [ IAY \ / /
1\ [ / \\/ N/
\ |
0.196 - \ | \ f
\ ! N/
=z \ /
= 0.194 \ /
p=] \ I}
el \
o A
> 01921 \
L
£ 0190 :
- i — g =min{{ 7 1}.6=0
01884 | e
} g,(t):mm{rrm-:, 1},6 =0.03%
0.186 1 | — gl0=1I;<73.6=0
osa] ! gilt) = T2, 5=0.03%

T T
02 03 04 05 06 07 08 09 10 11 12
Time T

(a) Forward-looking rates with
constant ¢;(t) for all ¢

Implied Volatility of Interpolated Forward Rates

o -at” —
\, e gﬂtﬂ—m}n{ﬁﬁ. 1},6=0
0.48 1 N Tt

NN g{t) = min{rpr—,1},6 =0.03%
\ N\

046 | \ “ — gt} =Ip=73.6=0
> / \ ™~ g(th=TIyt=71),6=0.03%
E 0.44 4 s\u,i
5 W
5
L 0424
[=%
E

0.40

0.38 -

T T T T T T T T T T T
02 03 04 05 06 07 08 09 10 11 1.2
Time T

(b) Forward-looking rates with
exponentially decreasing o;(t)

Figure 3.4: Approximation of the implied volatility of interpolated forward rates for different

specification of g;(t).

This straightforward solution is not sufficient in the case of backward-looking forward
rates however. Figure 3.3b shows in fact that the opposite occurs, that is setting g;(¢) to the
indicator function in fact exacerbates the mispricing brought by the interpolation method.
After experimenting with different shapes for g;(t) in the accrual period, we found that
changing g¢;(t) in the context of the interpolation method (3.3) does not lead to a smooth
implied volatility function on backward-looking caplets.  Actually, changing g;(t) barely
resulted in a different implied volatility function. Additionally, the numerical solver mentioned
seemed to suggest that such a solution may not exist as it kept iterating without finding a root
or constantly returned a root of g;(t) = 0 for ¢t € [T;_1,7;]. However, we have found a method

that substantially reduces the mispricing in such products although this method may carry a
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contradicting nature in the way its derivation differs from the one we derived in the previous

section. We present this method next.

3.3.1 Smooth implied volatility of interpolated backward-looking rates

By writing R(t,S,T') in (3.11), we have allowed the interpolated rate to have a stochastic
nature (or to be a process), which means we could decide to set this rate to be both a forward-
looking rate or a backward-looking rate by setting a different value for ¢, and that is aligned with
the hybrid characteristic of the FMM. However, we could also specify the interpolated backward-
looking rate differently, namely by ignoring its stochasticity and setting ¢ = T in (3.2). Denote
the interpolated forward rate under this interpolation method by R*(T,S,T'), we have

R8Ty = L [P(T, S) 1} _ 1 LJZ(T, S)/N(T) 1} _ 1 {NRB(T, S) 1}

s | P(T,T) st | P(T,T)/N(T) s | NRB(T,T)
(3.30)
Now note that, from the definition of extended bond prices,
P(T,S) P(S,S)els rwdu 1 4 pPon) 1
= = 1 =
B(T) B(S)efsT r(u)du B(S) B(T) B(T)
We can interpolate both quantities separately. First
P(S, T, s — P(S,T,
1 _ P(S,t) ~ as (S, Tys)-1) +(1—ag) (S, Tys))
B(S) B(S) B(S) B(S)
1 P(S, T,
= Qg + (1 - as) ( n(S))
B(Ty(s)-1) B(Tyys5)-1)P (S, Ty(5)-1)
1 L ) 1 1
= Q5 —ag
B(Ty(s)-1) B(Tyys)-1) 1 + 7y(8) Ry (5)(5)
1 1+ R, 5)(S
_ < sTy(s) Bncs) )> (3.31)
B(Tys)-1) \ 1+ 758, (5)(5)

Note that we have applied the same interpolation scheme, namely a linear combination of the
NRBs following no-arbitrage arguments, with the only difference is that we perform this
interpolation at time T for the extended bond-price P(T, S) scaled by the numeraire B(T'). We

can obtain a similar expression for ﬁ, and from (3.2), we take the ratio of the two to obtain

- 1 ) (1+a5Tn(S)Rn(S)(S )
* _ b (S> 1 147y (5) Bns)
L+ TS’TR (T’ S’ T) - : (1+01T7;’71(T);77(T)(T)>
B(T, T> 1)\ 1+7r) By (T)
_ B(Ty)-1) 1+ 7y n(T W (T) 14 sy Ryysy(S)
B(Tn(S 1) 1+ 7_77(5 (S> 1+ QT Ty( 77(T) (T)
n(T)-1
_ |4 Ry (T) | T ) (T) Lt asty(s) Fos) () o o)
im0 LT Bas) (8) 14 army Ry (T)

To highlight the contradiction arising from the two interpolation methods (both coming from

an NRB interpolation scheme), we identify the differences between (3.11) and (3.32). They are
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nearly identical, the only differences come from the time at which each term is observed. First,

expand two terms out of the product operator in (3.11) and set ¢ = T' to obtain

n(T)
1+ as7sRys (T)
1+ 7s7R(t,S,T) — H 14 7,R;(T) . Tn( )Rn( )(T)
=T j=n(s)+1 TTy(1) F(T)

1+ 70 Ry(r) (T) 1 + asys) Rys) (T)
L+ 78Ry 5)(T) 1 + artyr) Ryry(T)

n(1)-1
=| I 1+7R:(T)
L 7=n(S)

where the last equality follows from the fact that backward-looking rates are constant after
maturity and therefore R;(t) = R;(T}) for t > T;. We can clearly see the difference arising from
the time at which the two terms involving the rate R, g) are observed. In the first interpolation
method which allows stochasticity of interpolated rates, this rate is constant since T > T, g)
(T is larger than the maturity of R, g)), while in the second method this rate is observed at
a point where it is still evolving and not fixed (although it is still backward-looking because
S > Tys)—1). Although almost identical, these interpolation methods lead to very different
results when altering g;(¢) in (2.51). Furthermore, both methods are constructed following no
arbitrage arguments and the fact that they differ presents an intriguing mathematical question.
Note that the approximation derived in the previous can not be applied to (3.32) given the way

it was constructed (R*(T,S,T) is a fixed quantity and has a zero instantaneous volatility).

We now compare the two interpolation methods in Figure 3.5 focusing only backward-
looking forward rates. In both cases of the constant volatility (Figure 3.5a) and the exponentially
decreasing volatility (Figure 3.5b), interpolation method (3.32) is an improvement over (3.11)
and the mispricing is substantially reduced. For example, for caplets expiring soon in a constant
volatility setting, the maximum pricing error (the absolute difference between the desired Ag 7,
equation (3.28), and the observed caplet implied volatility) shrank from 1.02% to 0.497%. In
the exponential case, the curve of the implied volatility of interpolated rates looks considerably

smoother, although there is still room for improvements, perhaps by varying the shape of g;(t).
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Figure 3.5: Implied volatility of forward rates with different interpolation methods (3.11) and (3.32),
and the 95% Monte Carlo confidence interval. Rates were simulated in the FMM using 20000 simulations.
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We investigate g;(t) = Zy<7;) in Figure 3.6, where we now only consider interpolation
(3.32). In forward-looking cases, this form for g;(t) removed the pricing error. In backward-
looking cases however, this actually seems to result in overpriced caplets (the implied volatility
of interpolated forward rate caplets is higher than we would expect) and a larger pricing error.
This is the case for both constant and exponentially decreasing volatilities. However, it is an
interesting result because at first, this suggests that there might exists a form for g;(¢) such
that the mispricing is completely removed. In other words, we hope to find such a function such
that the implied volatility curve under this setting would lie in exactly between the underpriced
and overpriced implied volatility curves, in Figures 3.6a and 3.6b. That is the motivation for
introducing the constants a and b in (2.51), as we will experiment with different parameter to
minimize as best as we can the pricing error observed here, assuming the existence of a solution

based on our observations.
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Figure 3.6: Implied volatility of forward rates with interpolation method (3.32) and different forms for
g;(t), and their 95% Monte Carlo confidence interval. Rates were simulated using 20000 simulations.

It will be easier to find an approximate solution, or equivalently to find optimal parameters
a and b, in a flat volatility environment, since we know the true value of the interpolated caplet
implied volatility that would translate into an optimal interpolation. This value is the constant
instantaneous volatility of the forward rates in the model. Our observations this far suggest that
any interpolation behavior that occurs in the constant volatility, propagates to the exponentially
decreasing volatilities. Once we have found the optimal a and b in (2.51), we can safely test
them in the exponentially decreasing volatility setting and draw conclusions accordingly. We
have implemented a small algorithm based on a root search to minimize the sum over all caplets
of the distance between its implied volatility and the constant o;(¢) input in our model (constant
over t and j). This task was computationally intensive as it performed a set of Monte Carlo
simulations at each iteration of the solver to compute the caplet premiums and obtain the
implied volatilities. Furthermore, we are minimizing a multivariate function which exacerbates
the computational effort of the algorithm. Any solution we find may not be unique nor optimal.
We have restricted our search to a family of functions given by (2.51), but one could explore
different families, such as functions which are increasing or quadratic in t. However, the range

of possibilities would make it difficult to implement a systematic approach to finding a solution.
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Our solver works as follows. We consider g caplets with expiries s; = s;—1 + 0.01,7 = 2,...,q

and s; = 0.25 and maturities s; + 6,7 = 1,...,Q, and we solve

Nositalt) = o° (3.33)

t
minv(a,b, Ss, ;) = min E
a,b a,b 4

1=S8

where A, 5,15(t) is the average implied volatility of the caplet with expiry s; and maturity s; 40
and o* is fixed to 20% . We repeated this experiment for caplets with expiries set on a different
interval [sg, s¢], although. they all seem to roughly agree on the values of a and b, i.e. the
optimal coefficients seem to be located around 0.8, with a being slightly larger than b. Three
different solutions, along with their respective intervals on which they were solved, are shown
in Table 3.1 along with the value of the objective function from (3.33). Furthermore, for each
solution, we also compute the value of the objective function v(a,b,0.25,4), to see if optimality
in a sub-interval translates into optimality in a larger interval on which all pairs of coefficients
are compared. Each interval has equal length although the intervals of the first and second
solutions are overlapping. Solution 3 has the highest objective value on its sub-interval (worst

score, since we aim to minimize 3.33), but achieves the best score on the whole interval [0.25, 4].

Solution (a,b) [ss, St v(a, b, ss,8¢) wv(a,b,0.25,4)
1 (0.8406,0.7859)  [0.25,1.5] 0.0476 0.2237
2 (0.8557,0.8079) [1,2.5] 0.0475 0.1820
3 (0.8663,0.8269)  [2.5,4] 0.0479 0.1338*

Table 3.1: Numerical solutions to the minimization problem (3.33)

Next, we show these different solutions at work by plotting the implied volatility curves as
we have done previously. Namely, we price caplets on the forward rate R(t + d,t,t + 0) for all
t € [0.25,4] using interpolation method (3.32) and compute the implied volatility for each of
these caplets. Looking at Figure 3.7a, for caplets with expiries more distant from now, Solution
3 (given by the blue line) seems to fluctuate closer to the 20% line and its overall performance
outweighs that of Solutions 1 and 2. These observations also suggest that the parameters a and
b carry a calibration aspect and their choices may vary based on the number of forward rates
modeled and their chosen tenors. Note also that, although the overall curve seem quite tortuous
in Figure 3.7a, it is simply a consequence of the scale of the axis used to compare across the
different pairs a and b (it would flatten if we would zoom out). To show that this interpolation
method combined with Solution 3 is a satisfying remedy to the low volatility problem, let us
compare the error produced by this method in the backward-looking case, to the error produced
by (3.11) in the forward-looking case (where we establish that (3.11) was optimal when combined
with ¢ = I{thj})~ We plot the error, as defined by the difference between the caplet implied
volatility and the target volatility of 20%, in Figure 3.7b. Clearly, the second solution (given
by the black line) is "smoother" and reduces the mispricing more than the first solution (red
line) but the difference is negligible. We are of course comparing across forward and backward-
looking cases to simply provide a grasp on the magnitude of the pricing error of Solution 3 in
the backward-looking case, and this example shows indeed that this error is small. Another way

to support interpolation (3.32) with Solution 3 is to simply compare it against interpolation
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Figure 3.7: Implied volatility of forward rates with interpolation methods (3.11) and (3.32) and different
coefficients a and b for g;(t) given by (2.51). Rates were simulated in the FMM using 8000 simulations.

method (3.11) which we saw performed poorly in backward-looking caplets. In Figure 3.7¢c, in a
constant volatility setting, the mispricing is substantially smaller than before. As we expected,
this error reduction seems to propagate nicely to exponentially decreasing volatility setting,
shown in Figure 3.7d, where the alternative interpolation method (given by the red line) appear

to be considerably smoother than interpolation method (3.11) (black line).

Finally, we can extend this method in the presence of a displacement in the same way we

extended (3.3) to (3.14). Namely, in the presence of a displacement parameter ¢, % becomes

1 P(S,t) . P(S,Tys)-1) _P(S,Tys)) _ P(S, Tys))
BS) _ BGS) T B (1-as) BGS) 0 (“SWS) - TSWS)) B(S)
1 1 1
=as————+(1l—as+d(asm) — T
"B(Tys)-1) (15 %9 (@579~ 7m0 )) B(Ty(5)-1) L+ 7y(5) Bays) (9)
o L+ Qg Ty(5) By (s) () + 0 (aSTn(S) - T&Tn<s>>
B(Ty(s)-1) L+ Tys) ) (5)
1 L+ @s7y(s) Rys) (9) = 07511,
B(Tys)-1) L+ 7y(5) By(s) (5)
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and similarly for ﬁ which leads to the following interpolated displaced forward rate

1 1+asTn(S)§n(5)(S)—(sTs’Tn(S)
( 1)

T+ 703 ) ()
1 +7'STR*(T S, T) = 1/B(S) _ () n(s)

1/B(T) 1 (1+O‘TT7](T)§“U(T)(T)_(STT,T,](T) >

B(Ty(1y-1) 1477 Ry (T)

_ B(Tn(T)fl) 1+ Tn(T)Rn(T) (T) 1+ QS Ty 77(5 (S) 5TST
B(T, (S)—l) L+ 705 By(s)(5) 1+ arr, T)Rn(T (T) — 6771, 7,
(T)—
- ! H 1+ 7R j) L+ TW(T)RW(T) (T) 1+ agr, (S)R (S)(S) - 57’S,Tn(s)
j=n(S) L+ 70(5) () (8) 1+ oy By (T) = 67,1,
(3.34)

which bears an obvious resemblance to the displaced interpolation method (3.17) with the
(3.32). We show the implied

volatility function of caplets priced under a displaced model in Figure 3.8. For the constant

differences being the same as when we compared (3.11) to
volatility setting in Figure 3.8a, it appears that the displaced case results in a smoother
implied volatility function than the non-displaced case (the black lines displays "some
saw-tooth" pattern, while the red line does not). We note that in our implementation, the

non-displaced cases have been implemented with the displaced formula and setting § = 0.

Implied Volatility of Interpolated Forward Rates Implied Volatility of Interpolated Forward Rates

A SR

1 = — 6=0
75 wsf T, R
0.204 : S oy
N . v

—— 6=0.03%
0.52 1

0.202 4

(=4
w
=)

o
)
o
=]

Implied Volatility

0.48

Implied Volatility

e
I
o
@
o
=
@

e
e

0196 { 7, 7, o 0.44 1

0.194 4

GO,
b o \ P 2,
7N { S, 2 v Y

/
— 5=0 i
— 0=0.03%

T T
0.75 1.25
Time T

0.42 4

T
0.25

Time T

(a) Interpolation methods (3.34) with
constant volatility

(b) Interpolation methods (3.34)

with exponential volatility

Figure 3.8: Implied volatility of forward rates with interpolation (3.34) with a and b given
by Solution 3 in Table 3.1. Rates were simulated in the FMM using 16000 simulations.

Summary

This last step concludes the transition from a discrete time to a continuous time setting for the
FMM. Forward-looking forward rates for any expiry-maturity pairs can be derived using the
methods of this chapter, and as we showed with the implied volatility function of interpolated
forward rates, there is no mispricing induced by the NRB interpolation when it is associated with
a particular shape for the function g;(t). For backward-looking forward-rates, the interpolation
is trickier and we have develop a method which, although appears to be model-dependent,
substantially reduces the mispricing of non-linear derivatives referring those rates. In the next

chapter, we will examine impacts of these interpolation methods on a practical CVA application.
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4 Application to Credit Value Adjustment

An important exercise of interest rate models and in particular the one described in Section
2.2.3 is the calculation of value adjustments in the price of interest rate derivatives. Financial
products are always priced in a risk-neutral setting, that is using expectations under the P7i-
measure, given no-arbitrage arguments. When pricing an interest rate swap (IRS) for example
(or the FRA of section 2.1.2), it is implicitly assumed that each counterparty will meet their
obligations and not fail to deliver payments to the other counterparty. In reality, however, each
counterparty is subject to default and might not be able to meet such future obligations. If a
certain company enters a payer IRS with a bank (the company pays the fixed rate and receives
the floating rate) and faces a certain probability of default before the maturity of the contract,
the bank will likely require its client to pay a premium over the fixed rate to account for that
risk of default, i.e. the credit risk. A higher chance of default will result in a higher fixed rate.
Similarly, a company that enters a receiver IRS (it receives the fixed rate and pays the floating)
will receive a lower fixed rate than would an otherwise risk-free counterparty. In practice, the
fixed rate is not computed directly but instead solved through the computation of the so-called
Credit Value Adjustment (CVA) which is added to the net present value (NPV) of the swap.
The fixed rate of the swap is then such that the NPV is 0.

CVA is part of broader group of value adjustments attached to the price of financial
derivatives and which are jointly referred to as XVA. For example, the Debt Value Adjustment,
or DVA, is the CVA but seen from the perspective of the bank and is usually lower than CVA.
In this section, we discuss CVA in its simplest form and analyze it in the context of the FMM
and also compare CVA across different interpolation methods introduced in the previous
section. For a thorough discussion of the main XVAs, we refer the reader to Brigo et al.
(2013). The work from Bogt (2018) appears to be the first to suggest the comparison of CVA
of swaps across interpolation methods. Our focus extends to comparing CVA between
forward-looking and backward-looking swaps. As we will explain, we expect backward-looking

swaps to yield a higher CVA than forward-looking swaps.

4.1 Theory of Counterparty Credit Risk

As is clear from the discussion above, chance of default of the counterparties play a major
role in the computation of CVA. Reasonably enough, both counterparties in a swap will carry
some credit risk. FEven sovereigns, which are generally considered risk-free, can default on
their obligations as we witnessed during the 2011 Eurozone crisis. A CVA set up where both
counterparties are defaultable is called bilateral. Here, we focus on unilateral CVA, where one
counterparty, typically the bank, is considered default free (the counterparties in a swap are
usually a bank and a corporate, but can also very well be between two banks). This assumption
simplifies the computation of CVA and provides the basis on which to construct a bilateral
model. Furthermore, interest rate swaps often come with a Credit Support Annex (CSA) that
obliges the counterparties to post collateral which mitigates their credit risk since it provides

the collateral holder with an "insurance" against default of the other counterparty. Therefore,
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posting collateral reduces CVA but does not completely remove it due to factors such as the type
and quality of the collateral (cash, bonds, currency, ...) or the day lag between the computation
of CVA and the exchange of collateral, etc. (see Darbyshire (2017) for more details). In this
thesis, we assume that there is no CSA agreement in place. We briefly provide a few results on
Unilateral CVA from the work of Brigo et al. (2013), which we use to compute CVA. We refer

to their book for more details.

Consider the probability space (£, F,P), introduced in Section 2.1.1. Recall that F, the
Borel field of measurable events, has a filtration JF; which represents default-free market
observable information up to time ¢. We must expand the probability space with a o—algebra
and filtration which also includes default events. Let D, be the filtration generated by the
default events in the market, and let G; := F; A D; be the filtration of the o—algebra G of
measurable default-free and default events. Our probability space becomes (2, G, P).

We denote the time of the default event of the counterparty by 7 (we price from the
perspective of the bank or investor and compute CVA for the counterparty) and assume its

cumulative distribution to be given by

Qr<T)=1-exp ( / ' ﬂst) (4.1

Typically, the parameter s, called the intensity, is obtained from the Credit Default Swap (CDS)
quotes of the counterparty. This may not always be possible or appropriate if, for example, there
is no CDS traded on that counterparty or if they are illiquid. Alternatively, one could simply
assume a constant intensity. We briefly explain how to obtain g5 for a given set of CDS quotes

in Appendix B.

Let I1(¢,T) be the net cash flows of the product under consideration at time ¢, where T
is the maturity or the last payment date, and which is traded with a default-free counterparty.
CVA does not apply exclusively to swaps, but in the case of a payer IRS with notional N, we

have

I(t, To)™ = Z N (T, = Tit) PT) (LT = Tia) = K) (4.2)
i=(t)

where Ty < --- < T, are the tenor dates of the IRS and 7j(t) := {j : Tj_l <j< fj}
If we denote by II(¢,T) the same payoff but where the counterparty now has a positive
probability of default, we have

IL(t,T) =Zir>ry I (8, T) 4+ Zy<r<ry |1 (£, 7)

rren) (n(efnewn [o]) - (-2 [nen]e) )| e

where R is the recovery of the counterparty, that is the fraction of the original cashflows that is
to be recovered in case of default. It is usually deterministic and assumed to be around 40%.
The quantity 1 — R is, intuitively enough, called the loss given default (LGD).

Without default before maturity, Zy;~7y = 1 and the cashflows with a defaultable
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counterparty is the same as with a non-defaultable counterparty II (t, T) = II (t,T). However,

if there is an early default, the payments occur normally till 7 < T'| which gives the term
IL(¢,7)
and if the residual value of the product is positive, the investor receives what can be recovered
_l’_
#(efon o)
If it is negative, the investor pays it entirely (since it is default-free)
_l’_
-(-E[me o))

From equation (4.3), Brigo et al. (2013) derive the following unilateral counterparty risk pricing

formula
E [ﬁ (t,T) ‘ gt] = B, [T1(t,T)]
= B¢ [T, 7)) — Bt Zi<rery (1 = RYP(,7) (E- [ (7, 7))
= E, I (t,T)] — Ucva(t, T) (4.4)
with UCVA(t, T) := E, [Z{KTST}(l — R)P(t,7) (E. [L(r,T)] )+]

Since P(t,7) = E [e— I} r(w)du

Qt}, we can write

UcvA(t,T) =E |:I{t<T§T}(]~ - R)E [e* Ji r(wdu

G| €, (- 1)" | 6]

=E; |:I{t<TST}(1 - R)

Furthermore, by defining grid points typ < --- < tg and assuming that the default event is
postponed to the next grid point, Brigo et al. (2013) show that, at time ¢ = 0, equation (4.4)
can be approximated as

- - B(t) .
B [100.65)) ~ BILO.05)] = (1= B) OB [T <oty o (B ML nt3))
j=1

B(0)
B(t;)

= E[I1(0,5)] —(1—3)2@@]-,1 <7 <t))Ey [

(B, M) | 05)
7j=1

where we assumed independence between the default event 7 and II(¢,7") (the expectation
operator factors and E[I{KTgT}] = Q(Tj-1 <7 <Tj)). We see that the price of the
derivative with a defaultable counterparty, is the risk-neutral price of the same derivative

minus an average of options on the residual value of the asset weighted by default probabilities.
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This additional term which has an optionality characteristic, is the Unilateral CVA, i.e.

B(0)
B(t;)

8
Ucva(0,t5) = (1 - R) Y Q(tj1 <7 < tj)JEt].[ (Ey, [IT (tj,tﬁ)])w (4.6)
7j=1

4.2 CVA results for vanilla payer IRS

We can apply the CVA formula (4.6) to an IRS and analyze how CVA differs across forward
and backward-looking swaps and interpolation methods.

Consider the payer IRS given in equation (4.2) and let us choose the grid points such that
they contain the tenors dates of the IRS To < -+ < T,. For this swap, the unilateral CVA is
given by

B

UevA(0,Ta) = (1 - R) Y Q(tjo1 <7 < 1)) E, [ 5((;;)) <Et]. [n(tj,iﬁa)msbw
j=1
8 +
~R)>giE, ((f N Z (5, T)(Ty = Tor) (RO, Tt T) — K)
Jj=1 j 1=1(t;)
B a P(t; ,1':,1 L B B +
“RNYaB || X it T T (R T T - K)
=1 i=ii(t;)
(4.7)

where ¢; ;== Q(tj—1 <7 <t;) =Q(7 >t;) — Q(7 > t;—1). In the equation above, we recognise
the NRB obtainable with one of the interpolation methods of the previous section, which also
provide us with the interpolated forward rates. Therefore, the Unilateral CVA is easily computed
by replacing E;; by a Monte Carlo estimate in equation (4.7). In Appendix B, we explain how

to obtain default probabilities and in this exercise, we use the ones presented in Table B.1.

We consider three IRSs running 4 years each and which differ by their accrual period. We
compute the CVA for each swap as a percentage of the notional. Results for forward-looking
and backward-looking swaps are shown in Table 4.1. The modeled forward rates are quarterly
rates (they have a tenor of 0.25 years). The first swap has quarterly payments, the second swap
has semi-annual payments and the last one has five payments per year (the accrual is 0.2 years).
This requires interpolation for the annual swap and the swap with the 0.2 years accrual. The
reason for these choices is to see how interpolation performs in two distinctive cases, those are
when the interpolated rate tenor is larger than the modeled tenor, and when it is smaller. In
the forward-looking case, we simulate forward rates under three different set-ups, namely in the
FMM with g¢;(t) given by (2.51), the FMM with g¢(¢) in (3.29) and the LMM. In each case, we
use a displacement of 0.03% and 2000 Monte Carlo paths. The interpolated forward rates are
constructed with the NRB interpolation method (3.14). In the backward-looking case, forward
rates are simulated in the FMM. The same g;(t) will be used with interpolation method (3.14)

but we also analyze CVA when interpolation method (3.32) is used (in combination with the
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optimal coefficient a and b given by solution 3 in Table 3.1). In any case, the volatility process
of each forward rate o;(t),i = 1,...,16, is constant and equal to 20% (Since the modeled tenor
is 0.25 years, there are 16 tenor dates: Ty = 0,77 = 0.25,7% = 0.50,...,T16 = 4). We simulate
on the grid o, ..., tg given by 0,0.05,0.1,...,4.95,5. The probabilities of default are calculated
as described in the previous section, with the intensities from Table B.1. Finally, the recovery

rate is again set to 40%.

Forward-Looking Backward-Looking
Interpolation method (3.14)  (3.14)  (3.14) | (3.14) (3.34)

. . (T;—t)* (Tj—at)*
Specification of g;(t) LMM  Zyery T, Ti<tyy (Tjib;“j,l
Tenor of Forward Rates Calculated CVA
0.25 years 0.0389 0.0389  0.0389 | 0.0392 0.0391

Monte Carlo Upper Bound  0.0408 0.0408  0.0408 | 0.0412 0.0411
Monte Carlo Lower Bound 0.0370 0.0370 0.0370 | 0.0373 0.0372

0.20 years 0.0362 0.0366  0.0365 | 0.0367 0.0365
Monte Carlo Upper Bound  0.0381 0.0384  0.0383 | 0.0385 0.0384
Monte Carlo Lower Bound 0.0344 0.0347 0.0346 | 0.0348 0.0347

0.50 years 0.0400 0.0401  0.0401 | 0.0414 0.0412
Monte Carlo Upper Bound 0.0421 0.0422 0.0422 | 0.0435 0.0433
Monte Carlo Lower Bound 0.0380 0.0381  0.0381 | 0.0394 0.0391

Table 4.1: Unilateral CVA of forward and backward-looking IRS with different
interpolation schemes and accruals. The values are presented as a percentage of the
notional. The Monte Carlo 95% Window is also given.

Firstly, when comparing forward against backward-looking swaps, the results in Table 4.1
show that, as we might expect, backward-looking products generally produce a higher CVA.
For a given interpolation and g;(t), backward-looking swaps yield a slightly higher CVA. The
magnitude of this increase becomes larger as the tenor of the forward rate increase, but this
could also be due to the effect of interpolation. In fact, the same CVA computations on the
swap with a tenor of 0.5 years, when the modeled forwards have a tenor of 0.5 years, yield a CVA
of 0.0411% in the forward-looking case and 0.0423% in the backward-looking case, suggesting
that all interpolation methods here leads to a noteworthy underestimation of CVA. Secondly, we
cannot conclude from these results that the choice of interpolation method significantly affects
CVA results, within both types of swaps, since they are very comparable.

The reason why forward-looking swaps generally have a lower CVA than backward-looking
swaps is due to the continued evolution of forward rates beyond the expiry. An important
quantity involved in the CVA computation is the Expected Positive Exposure (EPE), which is

a function of time and is given by

+
EPE(t) =E, || Y Nrs(t,Ti)(Ti — Ti-1) (R(t, Tio1,Ti) — K) (4.8)
i=n(t)

At a given time point, we consider all paths of forward rates and compute the discounted

remaining value of the swap payments. We average only the paths where the residual value of
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this swap is positive and this leads to the EPE. (The Expected Negative Exposure is defined
similarly, taking negative residual values instead). At time 0, the EPE is 0 since the fixed rate
of the swap is such that the swap has value 0. At ¢t > fa, the EPE is again 0 since there is no

payment left in the swap.

We look at EPE profiles of forward and backward-looking swaps. For IRS with the same
tenor structure as the model, the results are shown in Figure 4.8 (Note that interpolation is still
used to obtain the NRBs, but not the forward rates). We simulated forward rates under the two
volatility settings we have considered so far, namely the exponentially decreasing volatility and
the constant volatility (set to 30%). As expected, the backward-looking swaps have a higher EPE
than the forward-looking swaps. This is likely resulting from the fact R(¢, T, 4, i) continues to
evolve beyond 7(¢) in the backward-looking case, as we just mentioned. Since CVA is a weighted
average of EPEs, higher EPEs translate into a higher CVA. Certainly this continued volatility
will also generate paths where the residual value will be smaller. However, the max function and
the optionality characteristic of the EPE will result in more cases where the payoff is higher.
A plot of some paths, which are then averaged to compute the EPE, is shown in Appendix C,
namely Figures C.4a and C.4b. It appears that forward-looking positive exposures generally lie
below the backward-looking positive exposures. Note that the staircase shape of EPEs results
from its definition. At every time point ¢ = ﬁ, i=1,...,a, n(t) =i+ 1, which implies that a
payment drops out of formula (4.8) and is no longer included in the CVA and hence the sudden

drop in the EPE. Indeed, we are no longer exposed to this payment as it has been realised.

EPE Profiles of Forward and Backward-looking IRS EPE Profiles of Forward and Backward-looking IRS
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Figure 4.1: EPE and MC paths of Positive Exposures of forward and backward-
looking IRS with tenor of 0.25 years. Rates were simulated in the FMM using 2000
simulations.

This behavior (higher CVA in backward-looking swaps) should also appear in IRS priced
with interpolated forward rates. Therefore, we now plot the EPE profiles for the interpolated
IRS from Table 4.1 (given the higher CVA of backward-looking interpolated IRS, there is no
reason to expect this behavior to change since CVA is a weighted average of EPEs). We shorten
the IRS to be running over 2 years. We focus our attention to forward rates simulated with

a constant volatility of 30%. For forward-looking swaps, we construct interpolated forward
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rates with interpolation method (3.14) and g;(t) is set to (3.29). Backward-looking interpolated
swaps are constructed on the one hand with the same scheme, and on the other hand with
interpolaton method (3.34) and g¢;(t) given by (2.51) and a, b as previously set. The resulting
EPEs are shown in Figure 4.2. The second interpolation method of backward-looking rates is
applied to EPE shown in Figures 4.2b and 4.2d. EPEs of backward-looking swaps, regardless of
the interpolation method, are generally higher than forward-looking swaps. When the backward-
looking rates are interpolated according the method described in Section 3.3.1 however, the EPE
is almost identical to the EPE of the forward-looking swap. For backward-looking forward rates
with a tenor shorter than that of the model, this may lead to an underestimated CVA as a
result. For the larger tenor however, even though this interpolation method leads to a slightly
lower EPE profile (Figures 4.2c and 4.2d), the backward-looking IRS has a larger EPE than the
forward-looking IRS, as it should be.
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Figure 4.2: EPE of forward and backward-looking interpolated IRS with different
tenors and interpolation of backward-looking rates. Rates were simulated in the
FMM using 2000 simulations.
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5 Conclusion

As banks and other financial institutions must adapt their internal systems to accommodate
for the discontinuation of IBOR rates and the introduction of new overnight RFRs such as €STR
or SOFR, it is of paramount importance that they carefully select the tools to accurately price
the products contingent on these rates and manage the inherent risk appropriately. Many
products will begin to reference these new rates, as is already the case for interest rate swaps
and will propagate to caps, floors and swaptions. The FMM developed by Lyashenko and
Mercurio (2019) and presented in this thesis is one such tool that can assist institutions in
their transition. It conveniently extends the existing LMM to allow for the diffusion of such
overnight RFRs. Given that LMM is often the model of choice in many operations such as the
computation of XVA, the FMM can be regarded as natural replacement of the LMM to perform
these task in products based on overnight RFRs. For example, our analysis on CVA show
what initially resulted from intuition, namely that CVA of backward-looking products appear
to be higher than forward-looking equivalents. This observation generally does not seem to
be strongly impacted by interpolation methods, although the interpolation of backward-looking

rates derived in section 3.3.1 may result in an underestimated CVA.

The FMM as an extension of the LMM was motivated by a mathematical observation that
goes as follows. On a given expiry-maturity pair, we can define two distinct forward rates
(convention tells us that for most financial product, the payment date is the maturity). The
first forward rate is forward-looking in the sense that the payment of a specific product based
on this forward rate is fixed at the expiry. The second is backward-looking because its value is
derived from the daily compounding of overnight rates published between the expiry and the
maturity, and one has to wait until maturity to know the applicable payment value. When setting
those quantities to be the value of the fixed rate in two FRAs (forward and backward-looking
respectively) such that it has value 0 at the time of issuance, rules of probability measures
and expectations indicate that these two rates are identical before the expiry, as we showed.
Afterwards, the forward-looking rate "dies" but the backward-looking continues to exist until
maturity after which it becomes constant. Backward-looking rates are reconciled mathematically
with the traditional discretely compounded forward rates thanks to the so-called extended bond
price. The FMM is then simply a model which incorporates the LMM up to the expiry, but allows
the forward rates to evolve further till maturity. Any pricing application based on this model
can then select the relevant forward rate (forward or backward-looking) from the simulations by

observing the rate at the relevant date.

As we noted, the expiry-maturity pairs of the forward rates modelled will likely differs
from the dates of the products we need to price, simply because there might be too many
products to include all expiry-maturity pairs in the model without significantly impacting
computational performance. As we explained, a solution is to implement an interpolation
scheme to transform a discrete-time model to a continuous time model, in the maturity
dimension. However, interpolation of backward-looking rates has not yet been studied since
there was never a need to do so and we decided to carry extra attention to the treatment of

such rates, while also considering interpolation of forward-looking forward rates in the FMM.
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This thesis showed that an interpolation method following from no-arbitrage arguments and
commonly used in the LMM (we called it the NRB interpolation), applies equally to the FMM
and hence, to backward-looking rates. @~ We have also incorporated the presence of a
displacement with important results previously derived by Bogt (2018) (the
displacement-aware interpolation would not have been implementable without his results).

This interpolation method is however known to lead to interpolated forward rates which
have a lower instantaneous volatility compared to standard forward rates. This translates into
a mispricing on products that refer interpolated forward rates. An alternative interpolation
method which solved this issue was derived in the LMM and the displaced LMM by
Werpachowski (2010) and Bogt (2018) respectively. Their solution is somewhat already
incorporated in the FMM because of the continued diffusion in the accrual period. Therefore,
we achieved a smooth implied volatility of interpolated caplets in forward-looking products by
modifying the decaying behaviour of forward rate volatilities such that it mimics the solution
of Werpachowski (2010).

Unfortunately, for backward-looking products, this simple solution is not effective. Indeed,
the mispricing was exacerbated and changing the behaviour of forward rates in the accrual
period merely impacted the mispricing. This was confirmed by our derivation of a very
accurate approximation of the instantaneous volatility of forward rates for rates constructed
under the NRB interpolation, which suggested that a smooth implied volatility function was
not possible under this interpolation. The definition of extended-bond prices led us to explore
the NRB interpolation applied to backward-looking bonds rather than treating these bonds as
stochastic processes and subsequently observing the forward rates constructed from those
bonds at maturity. We showed that this derivation remains consistent with no-arbitrage
arguments as well as extended bond prices. This approach along with an optimization routine
to determine the volatility structure in the accrual period of forward rates, significantly
reduced the mispricing in interpolated caplets. Finally, our results in a simplistic CVA
application are in line with our expectations. Backward-looking swaps yield larger CVA than
their forward-looking counterparts, whether the payment dates correspond to the tenor
structure or whether they are not and interpolation is required.

The disadvantage of this approach however, is that there is no way to determine the
analytical instantaneous volatility of interpolated forward rates since we treat those forward
rates as fixed and no longer stochastic. Additionally, it may seem that the numerical solution
arising from this approach is somewhat bound to the chosen model and tenor, which would
require several set of simulations when pricing different types of products (forward or
backward-looking). This is inconvenient and undermines the purpose of interpolation. A more
robust alternative is therefore needed but in the absence of such a solution, we proved that our
interpolation method eliminates most of the mispricing. An alternative idea follows from
mirroring the solution of Werpachowski (2010) to backward-looking forward rates. To be
specific, Werpachowski extended the simulation of LIBOR rates to include the accrual period.
Perhaps the backward-looking mispricing issue can be solved analogously, that is by extending
the simulation of backward-looking rates beyond maturity (solely for the purpose of
interpolation, naturally). We have not explored this option and further research is needed to

prove or refute this claim, which merely follows from intuition.
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A  Proofs

This section contains the proof of some results derived in the main text. We have restated

the results for convenience.

Theorem 2.2.2. Under the ﬁ-measure, the bond price dynamics are given by
dP(t,T) = P(,T) (r(t)dt _ B, T)waﬂt))
The solution of this stochastic differential equation is
¢ tq t _
P(t,T) = P(0,T)exp (/ r(u)du —/ 52*(U,T)Tp ¥*(u, T)du —/ 2*(u,T)TdWP(u)>
0 0 0

t t -
= P(0,7)B(t) exp <—/ %2*(U,T)Tp E*(u,T)du—/ E*(U,T)TdWP(u)>
0 0
Proof. We apply It6-Doeblin with f(¢, X;) = exp(X;) and

X, = /0 ) du /O t %2*(U,T)Tp S (u, T)du — /0 S (0. T)TaWE ()
The differential of X} is given by
X, = r(t)dt — %2*@, T)Tp (8, T)dt — (¢, T) TdWE (1)
Since P(t,T) = P(0,T) exp(Xt), It6-Doeblin gives
dP(t, T) = P(0,T) exp(X,)dX, + %P(O, T) exp(X,)dXod X

= P(t,T) (r(t)dt - %2*(75, )T p (¢, T)dt — £*(t,T) T dWE (1)

1
2

(—2*(t,T)TdWH~D(t)> (—2*(t,T)TdW@(t))T>
= P(t,T) (r(t)dt — %2*(75, )T p (¢, T)dt — £*(t,T) T dWE (1)
4 %2*(t,T)TdWH~D(t) (dW@(t))TE*(t,TO

— PO, T) (r(t)dt - %2*(75, T)Tp % (¢, T)dt

+ %2*(@ T)"pS*(t, T)dt — B*(t, T)TdWﬁ(t)>

— P(t,T) (r(t)dt 0 T)waﬁ(t)) O
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Proposition 2.2.3. The dynamics of Ej (t) are given by

dR, (1) = (R]«t) " 1) [ 0,13) - 2*<t,n1>f{p 5 (¢, T;)dt + dw%}

7j
Proof. Using It6-Doeblin formula for Itd processes with

X0 = [ 5[ @) S ) - 2 L) B T
[ ) - BT oW )
0

f(l’) = fﬂf(x) = fxa:(x) =e’

and
AXe = 3 [0, T) o S0, T5) — B (T ) p B4, Ty-)] [0, 5) — B4, T -0)] aWE ()
AXydX, = [ 1) - (1. 72)] p[S (1. T) (1. 1) |de
= (20 1) TP (L) ~ 2B (L 1) p BT + B (L Tj) o B (1T | de

the dynamics for R;(t) is

dR;(t) = d <Ej(t) + 1)

7j

- (ij " j) {; ST T BT~ B (L Ty) T B Ty) |
J
T ~
+ e -] awt

1
+ 5 [2*(7571—‘])1—/) 2*(t7T]) -2 2*(t7Tj—1>TP 2*(1577‘]) + 2*(t77-'j—1)—rp 2*(75?1—‘]'—1)} dt}

= (Rj(t) + 71]> { [2*(t,Tj)Tp T4t Ty) — B (6, Tio1) ' p 2*(15,1}-)] dt
T ~
+ [z*u,Tj) _ s, Tj_l)} dWP(t)}
1 * T * T *
= (Rj(t) + ) {[2 (t’ Tj) - X (t>ijl) }P ) (t?Tj)dt

7j

+ [2*(t7 Tj) - X(t, ijl)} waﬁ(t)}

O

7j

- (Rju) " 1) 0.7 - =0T T{p S (¢, T;)dt + dw%}

Theorem 2.3.1. A caplet (floorlet) with expiry Tj—1 and maturity Tj is equivalent to a swaplet

where the buyer of this financial product can choose to exercise the swaplet only if it has a positive
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value. The payoff at maturity is given by
" +
(BRI, T) ~ K) =5 (RO T, 1) — (K +0))

where K s the strike price of the caplet and T* = T;_1 if the caplet is forward looking and
T* =T} of it is backward-looking.

The price of this contract at time t can be shown to be
BL!(t) = yP(t, 1) (R( Ty1, Ty @(d1) — (K +0)(dy))

where  is the displacement parameter and

R;(t .

. 10g(K+6> 2ft D (s, 1)1 ds b= d \//T IT(s, 7)1 ds

1= T 5 2 — a1 — ) ]
VI DG, 7)) ds t

Proof. Since Rj(t) is martingale under the extended P77 measure, the risk-neutral price of the
caplet with payoff given by (2.63) is
B] caplet f o (u)du +
() =B |~ b7t (R, 150, T) = (K +6)) | R

_ P Lf((ﬁ 7;)) (R (T*) — (K+5)>+ ( ft}

+
= P(0,T))EP" [ (R (T*) — (K+5)) ] (A.1)
where we have changed the measure from Q to P75 and the last line follows from the payoff’s

independence from F;. From (2.47), we see that Ej(T*) can be Written as f(X) with f(z) =

R;(t)e” and where X is a normal distribution with mean y = —35 ft ||I‘ u, T}) )||? du and variance

T* 2 T* T*
(o) = ( / r(t,Tj>waTj<u>> = [ Tem) e mi = [ res)
where we have used It6’s isometry (Shreve (2008). Therefore, we have
T ~ + T ~
£ [Tj (Rj(T*) - (K4 5)> } =E" [Tj (RJ(T*> -+ 5)) LRyt +8)>0)

:/ 7; (J%Ej(T*) (K+5)) [ () (K 1))>0) O (@)d

—00
where ¢(x) is the density function of a standard normal distribution. The integral above is
non-zero when

Ri(T*) — (K +0) >0 & Rj(t)et s — (K +6) >0

log<( (t))> +p _

o—*

= Ee>— —ds
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where ¢ has density function ¢(X). Therefore,

P {Tj (Ryr) - (K+6))+] - /

—00

:/Oo (Ry(1%) = (5 +)) dla)da

o0

75 (Bi(T) = (K +0)) Ty, iy 1¢.10))00) @)

:Tj/ R (T*)p(z)dx — (K +0) Oo(b(:v)d:r

—do
,u+o x 1 — 1,2
= TJR](t) ) me 2P dx — (K 4+ 6)(1 — ®(—d2))
—d2

— By (t)ert 3 /OO e M e = (1 4 8)(@(d)
= 7iR;(t) (1 — ®(—dy + ™)) — 75(K + 6)®(dy)

=T (Rj(t)q)(dl) — (K + 5)‘1>(d2))

where ®(z) = [ $(t)dt and

e e ()~ I T e e
VT I (e, 7)) du 0
log ((KJ(F(; ) + 5 fo T (u, Tj)||* du
VT I (e, 1)) du
Therefore, inserting the above integral in (A.1) yield the desired result. O

Proposition 3.2.1. The interpolated forward rate é(t, S,T) has a stochastic differential
equation given by
757057 (0)R(t, S, T)AW (1) = h(t)7j0,(t)g; (1) R; (£)dW (¢)
+ F(O)Tj410511(8)g541 (8) Rja (£)dW (2)

where

as (1+ 7R (t)
1+ artjpiRjpa(t) — 6mry,

h(t) =

and
(14 @smiBy(0) = om, ) (1= Gr(1 = 75410) = 671.1,,,)

f(t) = N — D)
(1 + OtTTj+1Rj+1 (t) - 57—t,Tj+1>

Furthermore, og1(t) can be approzimated by

h(0)a;()g; () R;(0) + £(0)a1(£)gj 1 () Rj11(0)
R(0,8,T)

55’7T(t) =
Note that if § = 0, i.e. there is no displacement in the model, h(t) and f(t) simplify to equations
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(5.19) and (3.20) respectively.

Proof.

1+ QigTy(s) Rv(s) (t) = 67,1, 6, i

1+ TS,TE(tv Sa T) = — =~ H 1+ TjRj (t)
L+ army ey Byery () = 077,00 15741

As before, assume T' € [T)(s), T(s)+1), and for brevity let n(S) = j. Therefore, n(T) = j + 1

L+ asrBit) = onry ) Ti+1 R4 (1)
j J

1+ TS,TE(t, S, T) = — =
1+ O‘TTj+1Rj+1(t) - 5Tt,Tj+1

Now, we apply the product rule to this equation

1+ aSijej(t) — 0T 1y

d(1+757R(t,8,T)) = ( ) Ti1dRj 11 ()

L+ armjs Ry (t) = 0mry.,
1+ aSTj}Aéj(t) — 0T 1y )

L+ armjpRjn () — 671y,

+ (1 + 7511 R4 (t))d (

Consider the diffusion of the term involving the ratio (and ignoring the terms involving dt), we

have

J ( 1+ agrjﬁj(t) — 0T 1y )

L+ a7 R () — 671y,

aSTjdéj (t) B aTTj+1de+1 (t) <1 + asTjR]’ (t) — 5Tt,Tj>

~ = ~ 2
1+ aTTj+1Rj+1(t) - 5Tt,Tj+1 (1 + aTTj+1Rj+1(t) — 57—t,Tj+1)

asmjo; (g (DR (AW () arTj+10j+41(t)g541(t) (1 + g Ry (t) — 5Tt,Tj) Ry ()dWt(t)

= = _ 2
Lt armjia R (t) = 0mry., (1 + arTip R (t) — 5Tt,Tj+1)

Therefore,

75,7051 (t)R(t, S, T)dW (t) = h(t)Tjo;(t)g; (t)R;(L)dW (t) + f(t)Tj110541(8)gj+1(t)Rjr1(t)dW (1)

where

h(t) _ aSTj (1 + Tj+1Rj+1 (t))
1+ aTTj+1Rj+1(t) — 67—t,Tj+1
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L+ asmiRy(t) = dmr, or (1 + 7By (t) - 6Tt’Tj) L+ 7 Bin(t)

~ = ~ 2
L+ artjRja(t) — 0mery <1 + arTj41 R4 (t) — 5Tt,Tj+1>

(1 + asTj.éj(t) - 57’,57’]’],) (1 + aTTj+1§j+1(t) - 5Tt,Tj+1 - &T - aTTj+1Rj+1(t)>

— 2
(1 +artj1 R (t) — 5Tt7Tj+1>

(1 +asTR;(t) — M,Tj) (1+armjsa R (t) + armj4ad — 0n,,, — Gr — G R (1))

— 5
(1 +artjiy1 R (t) — 5Tt,Tj+1)

(1 + asTjEj (t) — 5Tt,Tj> (1 + &TTchS — 6Tt,Tj+1 - aT)

— 2
(1 +ar7j 1R (t) — 5Tt7Tj+1)

(1 +asmRi(t) — mTj) (1= ar(1 = 75418) — 81,4, )

— 2
(1 +artj1 R (t) — 5Tt7Tj+1)

o8



B Bootstrapping the CDS Curve

In this section, we explain how to obtain probabilities of default for a party that has CDS
actively traded in the market. This obviously will not be possible for some counterparties, and
since it is beyond the scope of this thesis to explore such cases, we refer the reader to Brigo

et al. (2013) who present many alternatives.

Let us introduce the mathematics of a CDS with minimal assumptions. A CDS is a contract
where one party, the protection buyer, pays a premium to another party, the protection seller, in
exchange for an insurance against the default of a predefined bond issuer. The contract consists
of two legs. The premium leg consists of regular payments equal to the CDS rate s times the
notional N. The CDS rate is quoted as an annual rate, but payments schedule can be defined
differently. Assume that the payment dates are given by fo < e < fn The value of the

premium leg at time 0 is given by

Veren (0 NZS]E[ {T>T}(f— i—1) } +NZSE[ {T | <r<F) (T—ﬁ)]
—NSZ@T>T<Z 7o )P0, T)) +st/ ~ T)dQ(r < )
=1

:NsliQ(T>ﬁ)(T T,_1)P(0,T;) +Z/ BsP(0,t)(t — T, )Q(T>t)dt]
=1
(B.1)

where we have assumed independence between r(t) and the default event 7. The second term
in the first equation is due to the accrued premium payable if the default event occurs outside

payment dates. The second equation simply follows from

dQ(r <t)=d <1 — exp <— /Ot Bsds)> = B, (exp <— /Ot Bsds)> dt = B,Q(r > t)dt

The protection leg consists of a one-time payment to the protection buyer in case of default,
where the payment is the fraction of the notional that is lost due to default (i.e. notional times

loss given default). Its value at time 0 is given by

n n T
Veuor(0) = (1= RN Y E [P0, 1)T iz ez | = (1= RN Z/f B.P(0,)Q(r > t)dt
=1 =1 i-1
(B.2)

The value of the spread is calculated such that the contract has value 0 when it is issued, i.e.
such that

VPREM (0) — VPROT(O) (B.3)

With numerical techniques, we can compute the values of 5 from equation (B.3), since we are

given the spread s from market data. However, we assume a piecewise constant shape of the
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intensities as a function of time, or put mathematically

t n(t)—1
h(t) = / Buds == 3 (T7 = T8+ (1= Ty 1) Buty (B.4)
0 i=1
such that (; is a constant on the interval (7} ,,7;) where the dates T, = 0,...,n are the

maturities of the CDS quotes. This feature is more apparent when plotting 85 as a function
of s, done in Figure B.1. One could also assume, for example, piecewise linearity (Brigo et al.
(2013)).

The technique we use with this assumption is called bootstrapping, because we have to
solve for the default intensities in short-dated CDS before moving on the longer-dated CDS. To
illustrate this, consider for example a CDS with a maturity of 7} = 1. For this contract, since we
assume f3; to be constant on (Tf,T7}), we can easily solve equation (B.3) and the integrals that
it involves and compute ;. Next, consider a CDS maturity 75 = 2. Payments up to 7} =1
are easily computed since we just solved for S5 in that interval, so we must solve for s in the
interval (T3, T5). This is again easily implemented numerically since we know the relevant CDS
spread from the market and (s is assumed constant in that period. Repeating the same steps

for every CDS maturity T} available, we can derive the entire intensity curve.

We materialize the bootstrapping procedure described above in an example with
hypothetical CDS quotes shown in Table B.1. The CDS quotes are given for 6 months, 1 to 5,
7, 10, 20 and 30 years and each CDS contract has quarterly payments. We assume the recovery
rate to be 40%. The intensities stripped from this CDS curve are also presented. In this table,
we show the resulting S5, which are given for up to a certain maturity. So for example, the
intensity applicable from 6 months to 1 year is 0.0161. We also compute various probability of
survival with this set of intensities. The probability of the survival is simply one minus the
probability of default. In other words, the probability of survival up to time ¢ is the probability
that default occurs beyond time ¢, Q(7 > t). The date Ty = 0 is set to be 13-feb-2020. This
example can be considered medium to high risk, since the probability of survival for 20 and 30
years are quite low. Figure B.1 plots the intensities for the first 10 years to show the piecewise
constant shape we have specified. We will not consider IRS with a maturity beyond than 30

years, but if we were, we could simply assume the intensity to be constant beyond that point.

Piecewise Constant Intensities
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Figure B.1: Piecewise constant shape of intensities of default probabilities
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CDS Maturity CDS quote Intensity Survival probability

(in years) (in basis points) Bs Date Q(r > t)
0.5 64.388 0.0107 | 13-aug-2020 99.47%

1 80.481 0.0161 16-feb-2021 98.65%

2 116.451 0.0284 14-feb-2022 95.90%

3 149.814 0.0490 | 13-feb-2023 91.33%

4 181.751 0.0684 13-feb-2024 85.29%

5 211.014 0.0767 | 13-feb-2025 78.98%

7 251.895 0.0667 | 16-feb-2027 69.07%

10 273.457 0.0491 13-feb-2030 59.64%

20 289.547 0.0490 | 13-feb-2040 37.80%

30 292.952 0.0456 | 14-feb-2050 23.95%

Table B.1: CDS quotes and bootstrapped intensity parameters for a medium to high risk
underlying company.
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C Figures
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Figure C.1: Implied volatility of caplets on interpolated forward rates. The dotted line shows
the 95% Monte Carlo confidence intervals. Rates were simulated with 12000 simulations for
constant volatility and 22000 for exponential volatility.
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Figure C.2: Implied volatility of forward rates for different diffusion scaling coefficient g;(¢),
and the 95% Monte Carlo confidence interval. Rates were simulated using 10000 simulations.
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Figure C.3: Implied volatility of forward rates and their approximations given by (3.26).
Rates were simulated in the LMM and the FMM using 3000 simulations, with a displacement
of § =0.03%.
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D Numerical implementation

In this section we briefly consider numerical aspects of our model. When it comes to pricing
instruments, we have to resort to numerical methods, because an analytical solution to equation
(2.58) does not exist. Therefore, we need to approximate this solution and the standard practice
is to simulate the forward rates in a Monte Carlo setting by discretizing (2.58) and generating
sample paths for the forward rates. Instruments can then be priced by averaging payoffs across
the different paths.

It is common in practical situations to diffuse the logarithm of forward rates log éj (t) instead
of the rates themselves because it is known to increase numerical stability. Furthermore, the
diffusion coefficient under this setting is deterministic (Brigo and Mercurio (2006)). Applying
[t6-Doeblin to (2.58), we have

_ dlog Ri(t) ,~

dlog R;(t) = Wcmj(t) +
J

2 o (1) dR;(t)dR;(t)

9; (0o (OR; (1) pUWdt + g;(t)o; (£ R, (£)dW ()

3y SOOI L o)

P ()2 dt + g;(t)o; ()W () (D.1)

i=1

To discretize equation (D.1), many solution exists. For example we can simply apply a Euler

discretization scheme. Let At > 0 be the time step, we can compute realizations of log R;(t) as

log R -+ A1) = log By (1) + (1) (1) [Z pi P ;gj<t>aj<t>] At
=1 [22%)

+g;(t)oj(t)VAL € (D.2)
where ¢ is a standard normally distributed random variable e ~ N'(0,1), and consequently
Ri(t+ A) = elosBittd) _ 5 (D.3)

where ¢ is the displacement parameter. It now becomes clear how the displacement is able to
produce negative interest rates. The above discretization can be improved in several ways. The
above discretization scheme may carry some inaccuracy in the resulting sample (discretization
error). Glasserman and Zhao (2000) investigates alternative discretization schemes that focus
on excluding arbitrage which may be introduced in schemes such as (D.2). Some authors argue
that the inaccuracy of the discretization process (D.2) above is negligible. Alternatively, one can
also substantially shrink the time step At toward 0 as to mimic a continuous setting as closely
as possible, which naturally comes at the cost of a lower numerical speed.

There is a considerable number of other ways to improve numerical accuracy and reduce the

number of paths required to obtain numerical convergence. For example, a technique recurrent

64



in a Monte Carlo context is the predictor-corrector method. The idea behind this method is
that the discretization presented above incorrectly assumes the time-varying elements in (D.2)
to be fixed at time ¢t and constant over the whole interval [t,¢ + At). The predictor-corrector
method instead suggests to replace the increment with the average of these elements evaluated

at t and At respectively. Let p(t) denote the instantaneous drift of (D.2), i.e.

e (D F
u(t) = g;(t)o;(t) [Z Pij gzitl ;(2 (;gt) - ;gj(t)ffj(t)]
i1 (227

Then, the predictor-corrector method suggests to compute log R;(t + At) by setting its drift
and coefficient as a weighted average of the initial and terminal drift/coefficient of the interval
[t,t+ At]

1 1
log R;(t + At) = log R;(t) + <2,u(t) + iu(t + At)) At

+ (;gj(t)aj(t) + %gj(t + At)oj(t + At)) VAte

although it is not strictly necessary to put equal weights on each values. This method is one of
many that are described by Jéckel (2002). We implemented two other of his methods which
drastically reduced the number of paths required to achieve convergence. Since they are
conceptually involved and beyond the scope of this thesis, we only briefly state them. The first
method consists of improving the random number generation by using the so-called Sobol
number generator, which improves the uniformity of random samples. The second one concerns
the path construction. Since we know the covariance matrix of Brownian motion increments
(which are independent and of variance equal to of their length of time), we can pre-compute
the Brownian motions of each path with a spectral decomposition of the covariance matrix

which is faster than an incremental implementation (computing them at each path).
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