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Abstract: In the option pricing literature, it is well known that (i) the decrease in the smile amplitude
is much slower than the standard stochastic volatility models and (ii) the term structure of the
at-the-money volatility skew is approximated by a power-law function with the exponent close to
zero. These stylized facts cannot be captured by standard models, and while (i) has been explained
by using a fractional volatility model with Hurst index H > 1/2, (ii) is proven to be satisfied by a
rough volatility model with H < 1/2 under a risk-neutral measure. This paper provides a solution to
this fractional puzzle in the implied volatility. Namely, we construct a two-factor fractional volatility
model and develop an approximation formula for European option prices. It is shown through
numerical examples that our model can resolve the fractional puzzle, when the correlations between
the underlying asset process and the factors of rough volatility and persistence belong to a certain
range. More specifically, depending on the three correlation values, the implied volatility surface is
classified into four types: (1) the roughness exists, but the persistence does not; (2) the persistence
exists, but the roughness does not; (3) both the roughness and the persistence exist; and (4) neither
the roughness nor the persistence exist.

Keywords: fractional Brownian motion; Hurst index; volatility skew; rough volatility; smile
amplitude; volatility persistence

1. Introduction

In the finance literature, there has been a general consensus that volatility is highly persistent.
There are numerous pieces of evidence that the price dynamics of financial products are consistent with
fractional Brownian motion (fBM) volatility models with Hurst index H > 1/2, which implies that
the volatility has a long memory. See, e.g., [1] for the existence of the long memory features in stock
market volatilities. However, inconsistent with this stylized fact, [2] recently find that the log-volatility
behaves essentially as an fBM with H close to zero at any reasonable time scale, by estimating the
volatility from high frequency data. This puzzle (the word “puzzle” is used in the context of using a
fractional volatility model in option pricing, but not used in the context of finance in general) has not
been resolved, although one possible explanation may be the smoothing effect by sampling intervals
of data. Recall that if H = 1/2, the fBM is the standard Brownian motion (BM), which is a Markov
process with short memory. Hence, the fact H < 1/2 implies that volatility is rough.

On the other hand, in the context of option pricing, there are also seemingly two inconsistent
stylized facts. Namely, (i) the decrease in the smile amplitude is much slower than the standard
stochastic volatility models; and (ii) the term structure of the at-the-money volatility skew is well
approximated by a power-law function with the exponent close to zero. It is well recognized that the
two phenomena cannot be captured by standard models. Nevertheless, in the option pricing literature,
these problems have been studied separately.
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The fact (i) seems a result of long memory feature of volatility and is indeed explained in [3,4] by
using the fractional volatility model with H > 1/2 under a risk-neutral measure Q. They start with a
fractional volatility model with H > 1/2 under the physical measure P, and assuming that the market
price of volatility risk is zero, they transform the model to that under Q. While [3] showed that, thanks
to the long memory feature of volatility with H > 1/2, the model can explain the slow decay of the
smile amplitude, [4] developed an approximation formula for option prices and confirm the result
numerically when H > 1/2.

The fact (ii) is also well-known from empirical observations and has been paid much attention
in the finance literature. While there have been several attempts to explain this stylized fact,
(see, e.g., [5-7] for possible models that explain this stylized fact), Alos et al. [6] and Fukasawa [8]
proved that a fractional volatility model with H close to zero under QQ can have this stylized fact for
small T. In other words, they show that the volatility is rough under the risk-neutral measure Q for
short maturity options.

The aim of this paper is to provide a solution to the time-scale fractional puzzle in the implied
volatility. To this end, we adopt the fractional volatility model considered in [4] and extend it by
introducing another fractional volatility factor with Hurst index H < 1/2. Following the same idea as
in [4], we develop an approximation formula for European option prices and confirm that our model
can incorporate both persistence and roughness in the volatility under the risk-neutral measure Q,
when the correlations between the underlying asset process and the factors of rough volatility and
persistence belong to a certain range.

An important finding in this paper is that, depending on the three correlation values, the implied
volatility surface is classified into four types: (1) the roughness exists, but the persistence does not;
(2) the persistence exists, but the roughness does not; (3) both the roughness and the persistence exist;
and (4) neither the roughness nor the persistence exist. Hence, the coexistence of the two stylized facts
requires the two-factor fractional volatilities of roughness and persistence in a non-trivial manner.

This paper is organized as follows. In the next section, we set up our two-factor fractional volatility
model. By using the technique developed in [4], we derive an approximation formula for option prices
in Section 3. Section 4 is devoted to numerical examples to investigate the impact of the two Hurst
indexes on option prices. Through our extensive numerical experiments, we confirm that our model
can resolve the implied volatility puzzle mentioned above. The definitions of the functions contained
in our approximation formula are given in Appendix A.

2. The Setup

Inspired by the model proposed in [4], we consider the following two-factor fractional volatility
model. Namely, the underlying asset price S; and its volatility oy = o(X}, X?) are modeled by the
stochastic differential equations (SDEs):

dSt - B 1 yw2
St = (‘Z/lt q)dt+U(Xt,Xt )dwt/ (1)
dxi = (6 — X))t + yudw;”, i=1,2,

under the physical measure P, where y; is the instantaneous mean rate of return of the asset, g is the
(constant) dividend rate and ¢ (x, y) is some smooth function in x and y. Here, while w; is a standard
Brownian motion (BM), w?" denotes a fractional Brownian motion (fBM) with Hurst index H; under P.
The volatility o; = (X}, X?) is formulated by using the two fractional mean-reverting processes X:.
Note that 6;/x; represents the long-term average of X!, «; is the speed of mean reversion and 1; is the
volatility of Xi. Later, we specify H; > 1/2 and H, < 1/2, because we want to explain the persistent
volatility and rough volatility simultaneously.
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2.1. Integral Representation

The {BM wf" can be represented in terms of the stochastic integral with respect to another
standard BM. In this study, we find it useful for the development of our approximation to employ the
Mandelbrot—Van Ness representation of fBMs. Namely, we have:

H; 1 /0 H-1 H-1 i /t H-1 i}
W, = — t—s)"tiT2 — (—s)im2)dw + t—s 2dwt 5, t>0,
= i U9 o aut s [l
where I'(a) = f0°° t7~le~tdt denotes the gamma function and where w! is a standard BM with constant
correlations dw}dw? = p1 ,dt and dw;dw! = p;dt, i = 1,2. By defining:

) 1 1
Miy=_—— i3 45,
and: . 0
H, H—} H-3\dow!
= t—s)"i"2 —(—s)""2)dws, t>0,
=t L (o)

we then have the following representation:
t . .
! :/O At —s)dwi + g1, >0 @)

Note that, given wé, the future behavior of wi, t > 0, is independent of the past, because the BM
w! is a Markov process. Hence, supposing that the past w}, t < 91 has been observed, the quantity g{i"
is considered to be a deterministic function of time ¢ > 0 with ¢;" =

The fractional mean-reverting process X: given in (1) can be solved as:

. t o
X; = Ll(t) + 71/0 e—Ki(f—S)de lr t Z O/

where: ; t
Li(t) = Xge ™ 4 (1 - e”“'t);i = Ki')’i/ e Kilt=s) gHigg.
0

i
By applying the integration-by-parts formula and changing the order of integration, the volatility
can be rewritten as: ;
Xi = L,(¢) +/ At —s)dw!,  t>0, 3)
0

where:

) it
/\?i(t) __r (tHi—é — K.%*Hie_"it /K xH"_éexdx) . (4)
T(Hi + %) ' 0

See [4] for the detailed derivation.
Now, we introduce the market prices of risks #; and 7! to define the standard BMs W; and W}
under a martingale measure Q. Namely, define:

dW; = dw; + midt;  dWI = dw! +idt, i=1,2; >0,
respectively. It follows from (1) and the standard argument that the asset price S; follows the SDE:

ds;

<5 = (r—@dt+o(Xi, XPdw,, =0, 5)

under QQ, where r denotes the risk-free spot rate, which we assume to be constant for simplicity.
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By applying Ito’s formula, we obtain:
t
S, = F(0,) exp (/ (X!, X2)dW, — 2/ 2(x1, x2) ds> £>0, ©)
0

where F(0,t) = Spel"~9! is the forward price of the underlying asset with delivery date ¢. On the other
hand, the fractional mean-reverting process X' is given by:

Xi = ,(t) +/A (t—s)dWi,  t>0,

where:
Li( ) + / /\ s)7jids.

Summarizing, our fractional volatility model is formulated as:

t t
Se = F(0,f) exp{/ J(X},th)dws—%/ az(X},Xf)ds},
0 0

. _ t , @)
xi = Li(t)—f—/ A —s)dwi, i=1,2,
0

for t > 0, where thlthz = p1dt and ththi =pidt,i=1,2.

2.2. Some Special Cases

Recall that we suppose the past w!, t < 0 has been observed and the quantity gfli is a deterministic
function of time t > 0 with gé{i = 0. However, it seems difficult to observe the whole past of wlt in
the actual market, and so, we assume that gf{ " = 0 as in [3] in the rest of this paper. Furthermore,
following most of the previous research, we assume that the volatility risks are fully diversified, and so,
the market prices of risks 77! are zero, i.e., ji = 0, for the sake of simplicity. Under these specifications,
the fractional mean-reverting process X is given by:

. . 9
Xj = Xpe ™ + (1 e +/ At —s)awi, >0, ®)

where )t? (t) is defined in (4). Given these processes X!, the dynamics of the asset price S; is determined
by the SDE (5).

We observe from (8) that the process X' is a sum of a deterministic function h(t) and a stochastic
convolution I‘(t), where:

H(t) = Xie Mt 4 %(1 —efih, / ATt —s)dW,
i

respectively. For the purpose of Monte Carlo simulation, we consider the discrete-time process
qu = Xi(nAt), n=12,...,N, where T = NAt is the option maturity for sufficiently small At > 0.
The stochastic convolution I'(t) can be approximated by a discrete convolution such as Yf_; & AW/,

where &} = A3 (kAt) and AW] = Wi, — Wy,
The discrete convolution can be represented by a matrix product, and so, the mean-reverting

process x,, n =1,2,..., N, in discrete time can be expressed compactly in matrix form as:

x I G 0 0 AW
xl2 h’2 C’Z ¢t o0 AW{
S I I N I . : ©)

NS G\ AW,

=
Z
=
o
™
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In the following, thanks to the above specification, we adopt matrix Equation (9) for Monte Carlo
simulation (see, e.g., [9] for Monte Carlo simulation methods for general fBMs).

3. Approximation Formula

The call option price written on S; with strike K and maturity T is given by:
C(K,T)=eTE[(ST—K)"], (10)

where (x)* = max{x,0}, and the expectation is taken over St under the martingale measure Q. In this
case, all we need to know is the distribution of asset price St at the maturity T.
Let us define X; = % — 1. From (10), the value of the European call option is given by:

C(K,T) = SoE | (X7 + &) R=1-_X
(KT) =50 {( T+)}’ O,
With the density function fr(x) of Xt at hand, it follows that:
C(K,T) = S / L+ K)fr(x)dx. (11)

In this section, we derive an approximation formula for option prices by applying the technique
used in [4] for the fractional volatility model (7). To this end, we expand the underlying asset into
a sum of iterative stochastic integrals with deterministic integrands. In the following, we denote
oo(t) :== o (L1(0,¢t),Lp(0,¢)) and

2

iyl
axiaxfa(x )

ol (t) ==

xlzxé,x2:X5’ x1=X} x2=X2 ’
The proof of the next result is given in Appendix A.
Lemma 1. For X; := S;/F(0,t) — 1, we approximate it by:

Xi & Aq(t) + Ax(t) + As(t),

where: ,
Ait) = [ pr(s)aws,
with:
2 ; S H y ij 5 H H;
pi(s) = oo(s) + Y op(s) (/0 piAzl(s,u)ao(u)du) + 3 Y oyl (s) </0 pijry (s, u)A, (s,u)du> ,
i=1 ij=1

As(t) = /Ot o0(s) (/0 O’O(u)qu) AW, + é/@t o (s) (/O Al (s,u)dw;) AW,

and Az (t) = Y5, As;(t) with Az ;(t) being defined by:

A3a(0) = [ ous) ([ oot ([ colryan, ) aw, ) am,

Asa(t) = % i /tggqs) </Os A (s, 10) (/0” A, r)dwj) dw;;> W,

ij=170

Asa(t) = % i /Ot ot (s) (/05 A (s, ) </O” Afi(s,r)dw;‘> dw{;) AW,

ij=1
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2

Aasl) = 1 [ aots) () ([ AT G rjant) aw, ) aws,

2 t

Ass(t) =Y / ol (s) ( /O " oo(u) ( /0 At (s,r)dw;') qu> W,

i=1 0

Asg(t) = i/ot ol (s) (/0 A (s, ) (/O ao(r)dWr> dw;;) AW,

Following the idea given in [10], the density function fr(x) can be approximated by fr(x) given
in (A16) in Appendix B. By computing (11), the next result then follows. The proof is straightforward,
although messy, and omitted.

Proposition 1. The value of a European call option with maturity T and strike K under the fractional volatility
model (7) is approximated as:

Son(K;0,%1)
2V2%4
+ V255 (q4(T) +292(T)) (R? — 27 )

C(K,T) ~ [ﬁqg('r) (K* — 6K*Zr 4 3%2)

433 {_zﬁql(:r)lz +v2q5(T)Zr +2‘/§Z%} }
+SoK (1-®(=K/v/Z1)),

where n(x; u,0?) is the density function of the normal distribution with mean y and variance o and ®(x)
denotes the cumulative probability function of the standard normal distribution.

The definitions of ,,(x), gx(T) and Xt are provided in Appendix B.

4. Numerical Examples

This section is devoted to numerical studies of our fractional volatility model by using the
approximation formula given in Proposition 1. (The accuracy of our approximation formula is
checked by the Monte Carlo simulation explained in Section 2.2. We note that our approximation gets
gradually worse for the high volatility, long maturity and deep in-the and out-of-the money cases.
For example, when the percentage volatility defined by 7 = (71 + 712)/ (X} + X3) is bigger than 1.5,
our approximation seems not enough for practical uses. For such cases, higher order approximation
is required.) Throughout the numerical examples, we use the parameter values listed in Table 1 as
the base case. In particular, for the Hurst indexes H; and Hj, Bollerslev and Mikkelsen [1] observed
long memory features in stock market volatilities, and so, we set H; = 0.9 as the persistent volatility.
On the other hand, Bayer et al. [11] claimed (they report a good fit of their rough volatility model with
Hj; = 0.07 and the percentage volatility # = 1.9) that H is of order 0.1, and so, we set H, = 0.1 as the
rough volatility. Finally, we assume that the volatility function is given by:

oy =o(X}, X?) = X} - X?

for the sake of simplicity.
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Table 1. Base case parameters.

(Hi,Hz)  So r g X5 X§; 61 6 xm1 & v v Pa P1 P
(0.9,0.1) 100 0.0131 0.017 02 00 00 00 00 00 012 012 08 —-0.05 0.1

In Figure 1, we depict the ATM (at the money) implied volatility (Figure 1a) and the ATM skew
(Figure 1b) with respect to the option maturity T. It is observed that the term structure of the ATM
volatility skew is a power-law function of time to maturity T. This is a typical feature of rough volatility,
which is observed in the S&P index options market reported by Bayer et al. [11]. The model ATM skew
is approximated by the power-law function with the order of —0.449.

. ATM Implied Volatility o ATM Volatility Skew
23.40%
23.20% 25.00%
.
23.00% 20.00%
22.80%
= 22.60% é 15.00%
22.40% “«
22.20% 10.00%
’ —e
22.00% oo
21.80%
21.60% 0.00%
0 0.5 1. 15 2 .
Maturity 0 05 Mathrity e 2
(@ (b)

Figure 1. ATM implied volatility (a) and ATM skew (b) with respect to the option maturity. The model
parameters are listed in Table 1.

Next, based on our approximation formula, we investigate the effects of the model parameters on
option prices.

4.1. Effect of Hy

In Figure 2, we plot the skew of the European options with respect to Hp. It is explicitly
observed that, as H, increases, the power-law index increases to be —0.449, —0.21, 0.044 and 0.353
for H, = 0.1,0.3,0.5 and 0.8, respectively. According to [5], an empirical study shows that the index is
typically given by about —0.5, and so, our model is capable of capturing this stylized fact by setting
the rough volatility H, close to zero.

ATM Skew
0.3

0.25 —8—H2=01 -—@—H2=03

—8—H2=05 —8—H2=08

=3

0 0.5 1 1.5 2
Maturity

Figure 2. ATM skew with respect to H, where H; denotes the Hurst index of the rough volatility.
The model parameters are listed in Table 1.
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4.2. Effect of Hy

We first check whether the Hurst index H; of persistent volatility has the ability to capture the
power-law of the ATM skew or not. Figure 3 shows the ATM skew of the European options with
respect to Hy. In contrast to the rough volatility index H; given in Figure 2, the effect of H; on the
ATM skew is very limited or almost has no effect. On the other hand, Figure 4 shows the volatility
smile with respect to the strike and maturity.

ATM Skew

0.25 —@—H=01 —0—H=03

—8—H=05 —8—H=0.8

skew
o
[
w

0 0.5 1 15 2
Maturity

Figure 3. ATM skew with respect to Hj, the Hurst index of volatility persistence. The model parameters
are listed in Table 1.

Figure 4a—d show the volatility smile of T = 0.04, T = 0.08, T = 0.12 and T = 0.2, respectively.
From Figure 4, thanks to the long memory feature of the index Hj, the case of H; = 0.9 exhibits a
slower decrease of the volatility smile amplitude with respect to time to maturity T than the short
memory case Hy = 0.5 (the rough volatility case H; = 0.4 shows a much faster decrease). This is a
preferable feature, because the observed smile amplitude decreases much more slowly with respect to
maturity than that explained by standard stochastic volatility models.

0,245 T=10d T=20d
0.25
0.24 ——H=09
0.235 0.24
—8—H=05
0.23
0.23
2> 0.225 - 0.4 >
0.22 0.22
0.215
021 0.21
0.205 02
90 95 100 105 110 %0 o5 100 105 110
Strike
(a
0.25 T= 3Od 0.26
——-H=09 025
0.24 ’
—8—H=05
0.24
0.23
> H=04 >0.23
0.22
0.22
0.21 021
0.2 02
80 90 100 110 120 80 90 100 110 120
Strike Strike
(c) (d)

Figure 4. Volatility smile with respect to strike and maturity. (a—d) show the volatility smile of T = 0.04,
T =0.08T=0.12,and T = 0.2, respectively. The model parameters are listed in Table 1.
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Summarizing, an important observation at this point is that, by setting H; > 0.5 and H; < 0.5,
we can realize both the long memory feature and the roughness of volatility simultaneously by using
our model, which is the major contribution of this paper.

4.3. Effect of p1 and Hy

We examine the impact of p; » on option prices. Recall that p; » is the correlation between the
persistent volatility X} and the rough volatility X?. Note that the ATM skew amplitude comes from
the roughness of (X}, X?).

From Figure 5, it is observed that, as the correlation decreases, the decrease of the smile amplitude
is decelerated in the case of H; < 0.5. This means that the effect of the volatility persistence survives
only when the correlation p » is negative.

rho=0.5
0.255
0.25
0.245
0.24
0.235
0.23
0.225
0.22
0.215
0.21
0 5 %0 95 100 105 110 115
(a)
rho=0 rho=-0.5
0.265 0.28 —8—H=08
0.26 Fe=H=08 0.27
0.255
0.25 0-26
0.245 0.25
0.24
0935 0.24
0.23 0.23
0.225
022 0.22
0.215 0.21
80 85 % 95 100 105 110 115 80 85 90 95 100 105 110 115
(b) (c)

Figure 5. Volatility smile with respect to correlation pj . (a—c) show the volatility smile of o1, = 0.5, 0,
and —0.5, respectively. The maturity is T = 0.16 and the other parameters are listed in Table 1.

4.4. Effect of Correlations

Finally, we examine the effect of the correlations, (01, p2, p1.2), on the implied volatility surface.
Figures 6a—c and 7a—c, respectively) show the volatility smile (the ATM skew) at T = 0.16 with
respect to p1, p2 and pj 2, respectively. The three correlations vary in the range of —0.5 < p; < 0.6,
—0.6 < pp <0.5and —0.9 < p1, < 0.9, where the resulting correlation matrix is positive definite. The
other parameters are set to be the same as the base case in Table 1.

As we can see form the figures, depending on the correlation values, the volatility surface is
classified into four types: (1) the roughness exists, but the persistence does not; (2) the persistence
exists, but the roughness does not; (3) both the roughness and the persistence exist; and (4) neither the
roughness nor the persistence exist.

Specifically, as p; increases, it is observed from Figures 6a and 7a that the volatility smile is
preserved and the skew becomes greater, i.e., the power-law index of the ATM skew decreases,
respectively. Form Figures 6b and 7b, when the absolute value of p; is small, say |pz| < 0.2, it is
observed that the volatility smile is preserved, but the ATM skew disappears, respectively. On the
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other hand, when the absolute value of p; is high, say |p2| > 0.7, we can see that the volatility smile
gradually disappears, but the ATM skew becomes greater. Furthermore, from Figures 6c and 7c, as p; 2
increases, the ATM skew becomes greater, but the volatility smile disappears, respectively.

Volatility Smile (rho1l)

(@)

0.25
0.24
0.23
T o2
0.21
0.2
0.19
88 g
96
100 104
strike
Volatility Smile (rho2)
0.27
0.25
023 =0.25-0.27
- =0.23-0.25
2 021
®0.21-0.23
0.19 ®0.19-0.21
0.17 0.3 =0.17-0.19
015 0 0.15-0.17
03
8 92 2
% 100 0.6 £
104 408
strike 112

(b)

0.24-0.25
=0.23-0.24
0.22-0.23
®0.21-0.22
0.4 02021
01 ®0.19-02
02 o
S
205 <
112
Volatility Smile (rho1,2)
0.26
0.25
m0.25-0.26
5 02 50.240.25
B
023024
0.23 8 'é’ 0.23-0.
! 022023
0.22 0.3
0 0.21-0.22
03
0.21 - 06 o
92 96 0.9 °
100 104 408 1 £

strike

(0

Figure 6. Volatility smile with respect to the correlations. (a—c) show the volatility smile of p;, p2, and
p3, respectively. The maturity is T = 0.16 and the other parameters are listed in Table 1.

03-0.35
®0.25-03
®0.2-0.25
0.15-0.2
®0.1-0.15
®0.05-0.1
m0-0.05

0.079452
0.452055

1.843836 04 03
06

50607 ATM Skew (rho2)
m0.5-0.6

m0.4-0.5

®0.3-04
m0.2-0.;
m0.1-0..
m0-0.1

0.079452

0.452055

" 184383 oa 03 02 tho2

0.5

(b)

Figure 7. ATM skew with respect to the correlations.
respectively. The other parameters are listed in Table 1.

ATM Skew (rho1)

0.1
rhol

02503 ATM Skew (rho1,2)

0.2-0.25

®0.15-0.2
®0.1-0.15

(0

(a—c) show the ATM skew of p1, p2, and p3,
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5. Conclusions

In this study, we extend the fractional volatility model proposed in [4] by introducing another factor
of rough volatility. Through numerical experiments, we demonstrate that, when one of the Hurst
indexes in fractional volatility is larger than 1/2 (volatility persistence) and the other is smaller than
1/2 (rough volatility), our model can explain both the slower decay of the smile amplitude decline and
the term structure of the at-the-money volatility skew observed in the options market, simultaneously.
However, the coexistence of the two stylized facts seems non-trivial. Namely, depending on the
three correlation values between the underlying asset and the factors of rough volatility and volatility
persistence, the implied volatility surface is classified into four types: (1) the roughness exists, but the
persistence does not; (2) the persistence exists, but the roughness does not; (3) both the roughness and
the persistence exist; and (4) neither the roughness nor the persistence exist.

As future work, we plan to apply our model to actual markets. Namely, we develop a fast
algorithm to calibrate our model to the options market, because our model involves many parameters
itself. Furthermore, it is of interest to develop a model under the physical measure P to explain the
volatility persistence and the volatility roughness simultaneously. An asymmetric model between the
persistent volatility and the rough volatility may be of great importance.
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Appendix A. Proof of Lemma 1

For the proof of Lemma 1, we apply the chaos expansion approach proposed by [12]. Namely,
consider the solution (6), i.e.,

t t
S; = F(0,t) exp (/ o(X!, X2)dW;, — %/ az(Xsl,st)ds> ,  t>0. (A1)

0 0
Denoting J(f fo o(X!, X2)dW;s and ||f|? = fo o(X!, X2)2dW;, by means of the Hermite

expansion, we have.
S d |t (]t( ) >
hy
o, ; ol

where /1,,(x) denotes the Hermite polynomial of order n. See [12] for details.
Let op(t) = f(L1(0,t),L2(0,t)), and define:

. t 1 ot
5T = F(0, ) exp (/0 oo (s)dWs — E/0 ag(s)d5>, £>0. (A2)

It then follows that: .
Si— SN =F(0,t) ¥ L.(t), (A3)
B

w0 = {15000 ) = 5 (i)}

Our approximation is to truncate the infinite sum at n < 2. As we shall show later,
this approximation corresponds to neglecting a sum of iterated integrals:

© b iy t
. 2/ / / 01 (1) oa(t2) - - 0 (b )dWG, - - - AW,
= o Jo 0

where:
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at n = 3. If the volatilities 0, (t) are deterministic functions and ||7||; = maxy ||ow|¢ € La2([0,t]) is
sufficiently small, then Proposition 2.2 of [12] assures that the sum of the iterated integrals converges
very quickly.

Before proceeding, since 0p(s) is the deterministic function of s, we can apply the Wiener-Ito

chaos expansion to St(l) to obtain

(1) ot oty ty
) =1+ Z/O /() ‘/0 ao(tl)ao(tz)~~~ao(tn)th1~~-thn.
n=1

Hence, we define:
~(1) ot ot pty
5 = F(0,1) [1+ /0 oo(t1)dWs, + /0 /O o0 ()00 (£2) AW, AW,
t oty b
n /0 /0 /O 00(t1) 00 (£2)00 () AW, AW, d WL, | , (Ad)

(1)

as an approximation for S;
Summarizing, we approximate the quantity S; by:

St =S + F(0,8) (I () + (1)), (A5)

where ggl) is given by (A4) and I,(t) by (A3). In the following, we approximate each I,(t) by an
iterated integral with deterministic volatilities.

In this paper, we employ Taylor’s expansion around St(l)
fo (X}, X2)dW,. It follows that:

for this purpose. Recall that

2 £ )
Ji(o) %]t(ao)+ﬂ/ ai(s) {XI — L;(0,5)}dWs

S22 [ WO - LO9HX - L09)aw, (46)
z] 1
and )
ot
() ~ Jro) +2Ji(e0) Y- [ ab(s){XE = Li(0,5) }aws, (A7)
i=1
where we denote:
. O 1 2 TP, o
D)= 5N ey O g e

for the sake of notational simplicity.
We next approximate each I,(t) by wusing the approximations (A6) and (A7).
Since L1 (t) = J:(f) — Ji(0p), from (A6) and (7), we get:

2 ot
zg/orfo (/A sudW)dWs
1 2 t i s ) ; s . X
43 1 [ ([ aman) ([ ewan)aw. @y

ij=1
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Moreover, by applying Ito’s formula, the second term on the left-hand side of (A8) is written as:

(/ /\ (s,u dWl) (/()sAfj(S/”)dWZ;)
= [ ([ 2t riand) aw,

+ / A s, ) ( / ' Aff(s,r)dw;‘> dw] (A9)
_|_/ Pz] A, (s u)du.

Hence, we have:

I(F) ~ i/ota </O/\ sudw;;)dws

~|—1 (/ p” A,y (s u)du) dw;
21 1 0
=
1¢ t L\ Hi "\ H j i
5 - [ale ([ A /O Ai(s,ryaw] ) dwi ) dw. (A10)
ij=1
1 2 t s ) u ) ) .
T3 Zl/o </ Af](slu) </O e (s,r)dW;) dWZ,) dW..
ij

From the definition, we have:

b(t) = 3 {0) ~ o) — (ol ~ llo13) }

However, from (A7) and (7), we obtain:

()~ ([ ntoams) 3 [ be) (a2 man ) aws = 3 { (1ol - 1o15) }
_ i/ot 00(s) (/Os i (1) (/O” Aff(u,r)dw;) qu> W,

i=1

- Z/Ot ah(s) (/Os (To(u)qu> (/Os ,\ff(s,u)dw;> dW, (A11)
+ 1 [ den0) (A csmamy) as = 3 { (11 - 1713) }.

Note that, by Ito’s formula, the second and fourth terms in (A11) are written by:

/Ot a4(s) (/OS Uo(u)qu> (/s Aff(s,u)dw;’[) W,
= [lebte) ([ oot ([ aficsmram ) am, ) aw.
+ / oh(s ( / AHi(s,u ( / (r)dW,) dw;;) dw, (A12)

+ /o 0(s) (/o piAdi (s, )0 (u )du) AW,
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and:

||(7||t7|\17\|0~22/170 5)ai (s (0,5) ds—ZZ/ ol (5)o0 (s (/ A ( su)dWl)d, (A13)

respectively. Hence, inserting (A12) and (A13) into (A11), we get:

£ {00 ([t () v
. /Ot Ué(s) (/05 oo (1) (./ou Afi (s,r)dWri) qu) dWs
+ [t ([ Atk ( [ ot ) am) aw (A14)
+/Otgé (/ oA (s, )du>dWS}.

Finally, inserting (A4), (A10) and (A14) into (A5), we obtain the desired result.

Appendix B. Derivation of the Approximated Density Function

In this Appendix, we obtain an approximation formula for the density function of X; = % —1.
To this end, note that (7) is a special case of Equation (2) in [10]. Hence, applying Proposition 3.2 in [10],
the following result can be obtained.

First, note that A;(t) in Lemma 1 follows a normal distribution with zero mean and variance

fo p?(s)ds. Then, by applying the following result, an approximation of the density function of

Xt can be obtamed. The proof is found in [12] under a general setting.

Lemma A1. Let us denote the density function of Xy by fx,(x). Then, the probability density function of X is
approximated as:

Fro(x) = 1 (6:0,50) — = {Elan(1)|ar (1) = x}n (x:0,5)}
2 (Elay()lar (1) = 2l (60,5} (A15)

19
+ 5575 {Elna(H)ay (1) = x]n (;0,%1) } +
where n(x; a,b) denotes the normal density function with mean a and variance b.

The conditional expectations in Lemma A1l can be evaluated explicitly by using the formulas
provided in Appendix C. Namely, we obtain:

2
E[As(T)[A(T) =x] = qu(T) (—i)

b

X3 3x
E[A3(T)[A1(T) =x] = qz(T)(Z?%_%)’
EA2(T)A(T) =x] = ap(T) [ 56, 3 2 1 T
[A3(T)|AL(T) =x] = ¢3(T) 27‘%_27%4_2% +q4(T) f%_fT +45(T),

where:

n(m) = [[ ) ([ aemoas) aes 1 [aiomo ([ pafie,omeas) a
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02(T) = 221 024(T), g3(T) = q1(T)2, qa(T) = L3 44,4(T) and g5(T) = L7, 45,(T). Here, we define:

421 (T) = ‘/O'T oo () pa (1) (/Ot 0o(s)pa (s) (/O Uo(u)pl(u)du) ds) dt,

q22(T) = ;i /OTgéff(t)pl(t) (/ Qi A '(t,8)p1(s (/ piA, t,u p1(u du) ds) dt,

ij=1
2 x . s

) =3 3 [ el ([ o 6om ([t ¢ upwan) as) ar,
ij=

941 (T 2/ oo(t)pa(t (/ oo(s)p1(s) (/Osfg(u)du> d5> dr
+ ./O‘T a5 (1) (./J Uo(S)pl(s)ds>2dt,

m(T):i L[ mo ([ abm ([ o st ) as) as

+ '/(;T o) (pr(t) ./; p1(s)ap(s) </Os pll])\ (k)AL (s, u)du) ds) dr

—l—/aa
o 000

gsa(0) =23 { [0 ([ o) ([ ot s motuan) ) a
= [ ([ e ([ pdinman) as) a

+ Lm0 ([ e ([ pf s wpdn) o

(

( (1)) )
N /OT o (Opr () </()tPiUO(S)A?i(t’S) (/0 “0(”)P1(“>d”> ds)

(

dt
dt

/Ot Uo(S)Pl(S)dS> (/Ot pi)\gi(f,S)pl(s)ds> dt},
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751(T) = /OT ag () (/Ot U&(u)du) dt,
q52(T Z/ ‘70 (/ plj (t u)du) dt,

i,j=1

and
2 T .
g53(T) = 2;/0 ao(t)oo(t) </ pidy (t, u)op(u )du) dt.

By substituting the conditional expectations into (A15), the approximate density function,
denoted by fy, (x), can be expressed as:

Fo(x) = %n(x;O,Zt) {%Z(g)hé (\/%) N (Zqz(t);%r q4(t))h4 <\/%> (A16)
o () + 5 ()

where hy, (x) denotes the Hermite polynomial of order n:

qr
hn(x) = (_1)nex2/2@efx2/2, n=12,...,

with ho(x) =1.
Appendix C. Formulas for Conditional Expectations

Let Wf ,i=1,...,5, be the standard Brownian motions with correlation thi dW{ = pi,jdt, and
let yl( x),i=1,...,5, be deterministic functions of time. Moreover, let £ := OT y2(t)dt, and denote
Jr( fo yp(t dWl Then, the following formulas are well known: First,

B[ [ ) ([ vaanz) amlinon) =] = o1 (5 - 1)

where:
Ul—/ p1,3y3(t)ya (t (/ P1,2Y2(8 )yl()ds)
Next,
E /Ty4(t) /t%(s) /syz(u)dWZ dW? ) dWE | Jr (1) = x| = v2 r_

0 Jo 0 " s t 3 y2 )’
where:

vz—/ p1,4y4(t)y1(t </ p1,3Y3(8)y1 (s </ 01,2y2(1)y1 (u )du> ds>d
Finally,

| ([ ) ([ va@awz) awp) ([T oso) ([ va(o)aw?) amp)

_ ¥t 6x? 3 ¥ 1
"ol Ty w) Tt e )t

Jr(y1) = x}
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where:

v3 = (/ p1,3Y3(H)y1(f) (/ 1292 ( )yl(t)dS) dt) (/ 01,595()y </ Pra¥a(B)ya ( )dS) dt)
v4=/ p13Y3(E)ya (¢ (/ p1,5Y5(s)ya (s (/ P24 (1) y2 (u >ds> t
+/ p1,595(1)ya (t) (/ 01,31(5)y3(s (/ 02,0y (1)ya (u du) ds) dt
+ / p13Y3(H)ya (¢ < / P25Y2(5)ys (s ( / pLaYa (1)1 du) ds) dt
+ / p1,5Y5(E)ya (¢ ( / P3,4Y3(5)Ya(s ( / p12y2(1)y1 du) )
{/ p3,5y5(t)ys(t) </ p1,2y2(s S)d5> (/ p1,4y4(s)y1(s) ds> dt},
05:/ 03,5Y5(H)y3(t (/ p2,4ya(1)y2(u)du )df-

Jy(
Yy ( ds ) dt
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