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Abstract

GARCH models are called ‘strong’ or ‘weak’ depending on the presence of parametric
distributional assumptions for the innovations. The symmetric weak GARCH(1,1)
is the only model in the GARCH class that has been proved to be closed under
the temporal aggregation property (Drost and Nijman, 1993). This property is fun-
damental in two respects: (a) for a time-series model to be invariant to the data
frequency; and (b) for a unique option-pricing model to exist as a continuous-time
limit. While the symmetric weak GARCH(1, 1) is temporally aggregating precisely
because it makes no parametric distributional assumptions, the lack of these also
makes it harder to derive theoretical results. Rising to this challenge, we prove that
its continuous-time limit is a geometric mean-reverting stochastic volatility process
with diffusion coefficient governed by a time-varying kurtosis of log returns. When
log returns are normal the limit coincides with Nelson’s (1990) strong GARCH(1,1)
limit. But unlike strong GARCH models, the weak GARCH(1, 1) has a unique limit
because it makes no assumptions about the convergence of model parameters. The
convergence of each parameter is uniquely determined by the temporal aggregation
property. Empirical results show that the additional time-varying kurtosis parameter
enhances both term-structure and smile effects in implied volatilities, thereby afford-
ing greater flexibility for the weak GARCH limit to fit real-world data from option

prices.
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1 Introduction

The class of ‘weak’ GARCH processes is characterised by the absence of parametric condi-
tional distributions of the errors, with the familiar autoregressive equation being defined for the
best linear predictor of the residuals rather than their conditional variance. The well-known
GARCH(1, 1) models introduced by Bollerslev(1986) are called ‘strong’ because they make spe-
cific parametric assumptions about the innovations of the process. Drost and Nijman (1993)
introduce the class of weak GARCH models and prove that the symmetric weak GARCH(1,1)
process satisfies the temporal aggregation property. Thus, doubling or halving the sampling
frequency doesn’t change the model class, it remains a weak GARCH(1, 1) process. There are
many other time-series models whose structure is likewise invariant to time partitions of the
stochastic process on which it is defined, and there is a voluminous literature on this topic.! For
example, all models in the autoregressive moving average class are also closed under temporal
aggregation — see Tssai and Chan (2005) and many others since.

However, few models for the conditional variance of a stochastic process, rather than the
process itself, possess this temporal aggregation property.?2 Drost and Nijman (1993) show that
strong GARCH(1, 1) models do not have this property. Thus, for instance, consider the classic
case of the symmetric normal GARCH(1,1) stochastic process and suppose we simulate ob-
servations at one frequency and then re-sample from these at a different frequency. Then the
conditional variance of the re-sampled process need not follow a symmetric normal GARCH(1,1)
process — indeed it need not follow any type of GARCH(p, q) process at all.

We focus on the temporal aggregation property because it is necessary for the derivation of a
unique continuous-time limit. In fact, we believe it is controversial to even consider the derivation
of a limit if the model class is not closed under temporal aggregation. A case in point is the classic
work of Nelson (1990) which derives a limit of symmetric normal GARCH(1,1) as a two-factor
stochastic price and variance process having independent Brownian motions.? But this limit is
not unique because assumptions about the convergence rate of the parameters have to be made,
and different assumptions lead to different limits. For instance, Corradi (2000) chooses different
assumptions and derives a strong GARCH limit which has a deterministic variance. Yet another
problem arises because a discretized version of either limit need not be a strong GARCH process,
because the strong GARCH class is not closed under temporal aggregation.

In this paper we show that the continuous limit of a symmetric weak GARCH(1, 1) process
is a two-factor stochastic volatility model similar to Nelson’s limit but the diffusion coefficient in

the variance equation is related to a time-varying kurtosis of the distribution of log returns. It is

! In a related strand of the literature, Alexander and Rauch (2020) classify all functions of multivariate stochastic
processes having time-series estimates that are independent of data frequency, requiring only the estimates to be
time aggregating and not the entire model class to be closed under temporal aggregation.

2 Tt is not known whether weak GARCH(p, ¢) processes could be closed under temporal aggregation for p, g > 1.

3 We use the term ‘price’ here and in the following to refer to the price of a financial asset, because the GARCH
literature has developed mainly within the context of financial econometrics. Typically, the stochastic process in
discrete time is for the log return, defined as the difference in log prices, and in continuous time the stochastic
process models the price of the asset.



much more flexible than Nelson’s limit which has a constant kurtosis of 3. The additional time-
varying kurtosis parameter endows the weak GARCH limit with greater flexibility to fit observed
data in the implied risk-neutral measure, i.e. data on option prices or, more specifically, their
implied volatilities. In the special case that log returns are normally distributed our limit re-
duces to Nelson’s strong GARCH diffusion. However, log returns almost always have leptokurtic
distributions in real-world applications and therefore it comes as no surprise to find that Nelson’s
limit cannot fit implied volatility smiles as well as the weak GARCH limit. We also specify a
practical discretization of the limit model that is a symmetric weak GARCH(1, 1) process, and
use this to simulate the prices of options on the underlying process. There is no ambiguity about
parameter convergence when deriving the weak GARCH limit. It follows uniquely and directly
from the definition of the weak GARCH process and this is the reason why the weak GARCH
limit is unique. Therefore, knowledge of the discrete-time GARCH(1,1) parameters at only one
frequency can determine the coefficients of the GARCH limit process.

The remainder of this paper is organized as follows: Section 2 reviews the literature on
continuous limits of other GARCH processes; Section 3 presents the weak GARCH(1, 1) process
and discusses its properties; Section 4 derives the continuous limit, shows that it is unique and
has a time-varying conditional kurtosis as an explicit parameter in the variance process. Then we
specify a discretization of the continuous model; Section 5 presents our empirical results. First
we compare simulations from the weak GARCH diffusion with those of Nelson’s strong GARCH
diffusion. Then we apply the limit model to fit implied volatility smiles using data from traded

option prices; Section 6 concludes.

2 Continuous Limits of GARCH Processes

The particular form of strong GARCH(1, 1) limit derived by Nelson (1990) may be extended to
derive limits for other GARCH(p, q) processes, see Lindner (2009) for a brief overview. Also,
Hafner (2017) derives a limit of a particular multivariate GARCH model. Trifi (2006) extends
the paper of Nelson (1990) to non-normal distributions, and considers some augmented GARCH
processes as well as the CEV-GARCH(1, 1) model of Fornari and Mele (2005). However, none of
these limits may be regarded as unique because it is still necessary to make assumptions about the
convergence rates of the model parameters. As stated above, it makes little sense to consider these
limits of models that are not closed under temporal aggregation. Nevertheless, there are some
other GARCH-type models for which limits could be sensibly stated. In particular, Meddahi and
Renault (2004) introduce a new class of square-root stochastic autoregressive volatility models
that is closed under temporal aggregation. Their model is a natural extension of the weak
GARCH class which allows for skewness and leverage effects, i.e. both the asymmetries that are
excluded from weak GARCH models. This class includes strong GARCH processes, but there
is no closed sub-group for GARCH processes alone. In other words, taking a GARCH as the
process for some frequency, then for any other frequency we have another model in Meddahi and

Renault’s class, but not necessarily a GARCH process.



Replacing the innovations in a GARCH process by jumps of Lévy processes, Kluppelberg,
Lindner and Maller (2004) introduce the COGARCH continuous-time process which features
similar properties to GARCH but the residuals follow a Lévy process. Here the variance is not
continuous either, but has jumps. Indeed, Kallsen and Vesenmayer (2008) show that any COG-
ARCH process can be represented as the limit in law of a sequence of GARCH(1, 1) processes.
They also argue, yet only heuristically, that COGARCH and the GARCH(1,1) diffusion limit
of Nelson (1990) are probably the only continuous-time limits of strong GARCH processes. In
support of this Maller et al. (2008) confirm that COGARCH and Nelson’s diffusion limit are
the only functional continuous-time limits of GARCH in distribution, showing convergence in
probability to COGARCH. They also claim that COGARCH can reproduce more of the stylized
facts in financial time series. Buchmann and Miiller (2012) show that a GARCH process con-
verges generically to a COGARCH process, provided that the volatility processes are observed.
They argue that the COGARCH process can be considered as a continuous-time equivalent of
the discrete GARCH(1, 1) process, even though they are not actually deriving the limit.

Badescu, Elliott and Ortega (2014) consider minimum-variance and local risk minimizing
hedging strategies for diffusion limits of a class of asymmetric, non-Gaussian GARCH option
pricing models. Badescu, Elliott and Ortega (2015) obtain weak limits of its discretized ver-
sion under the same parameter convergence assumptions in both the physical and risk-neutral
measures. The continuous limit has a variance diffusion coefficient that depends on both the
skewness and kurtosis of the distribution of log returns. Subsequently, Badescu, Cui and Ortega
(2017) demonstrate the advantages of extending this class of GARCH processes using a pricing
kernel with stochastic equity and variance risk preference parameters, and again they derive the
corresponding diffusion limit.

Despite this prolific strand of the literature, the existence and uniqueness of a continuous
limit of even the simplest, symmetric GARCH(1, 1) process remains obscure. As mentioned in the
introduction, there are (at least) two possible limits for the strong GARCH (1,1) process, derived
by Nelson (1993) and Corradi (2000) respectively, where each limit employs different assumptions
about convergence of model parameters. The COGARCH literature reviewed above supports
Nelson’s diffusive variance limit. However, in favour of Corradi’s limit it can be argued that
discrete time GARCH has only one source of randomness whilst Nelson’s limit has two sources.
Furthermore, Wang (2002) uses the asymptotic non-equivalence of the likelihood functions to
demonstrate that the continuous limit of normal GARCH(1,1) cannot be a diffusion. Brown,
Wang and Zhao (2002) consider stronger parameter convergence conditions and again show that
there can be no diffusion term in the continuous limit of multiplicative GARCH models, as
described above. Mele and Fornari (2000) consider the continuous limit of A-PARCH models
where the error term follows a GED distribution, and Zheng (2005) study the limit of the HARCH
type processes proposed by Muller et al. (1997). Its limit has deterministic variance because the
parameter convergence conditions chosen are similar to those of Corradi (2000).

In related work, Drost and Werker (1996) introduce continuous-time symmetric GARCH



diffusion and jump-diffusion processes that exhibit weak GARCH-type behaviour at all discrete
frequencies. Their discretization scheme depends on the unconditional kurtosis which is assumed

constant and strictly greater than 3.

3 The Weak GARCH(1,1) Process
For a detailed discussion of the classes of weak, semi-strong and strong GARCH processes see
Drost and Nijman (1993). In this section we only consider the weak GARCH(1,1) process,
because this is the only GARCH process that is known to satisfy the temporal aggregation
property. We will show that this property allows us to derive a unique continuous-time limit.
Following Engle (1982) and Bollerslev (1986) the GARCH(1, 1) process for a log return y;
can be written as y; = u+¢; with E (e441]I;) = 0, where I; is the o-algebra generated by the
residual vector (). The classical or strong GARCH definition states

FE (€?+1{ It) = ht, (1)

where h; is the conditional variance. In the symmetric version of strong and weak GARCH(1,1)
we assume h; = w —i—ozs% + Bhi—1. But in the weak GARCH process h; is the best linear predictor

(BLP) of the squared residuals, and not the conditional variance, replacing (1) with
E(ets1e)_;) =0 i>0 r=0,1,2;  E((c}1—h)ej_;) =0 i>0 r=0,1,2.

The assumption that 0 and h; are the BLPs for the residuals and squared residuals respectively,
guarantees that the BLP of the squared residuals aggregates in time, but only for symmetric
processes (Drost and Nijman, 1993). That is, time-aggregating weak GARCH models can have
no leverage effect, and since there is no parametric distribution for the innovations, they have
no explicitly-modelled asymmetry. By contrast with skewness, the kurtosis plays an important
role, as we shall see later.

For a finite step-length A (please note that we don’t use A as an operator, but as a simple
notation for the step-length) we consider the A-step process for the residuals and the GARCH
process. For processes in general, time is indexed as sA, for s = 1,2,.... Also, for both
parameters (such as aow, o and A /3) and processes (such as Ahsa) the pre-subscript signifies the
time step used for their estimation and, to be able to compare variances for different step-lengths,
we standardise the BLP series by dividing the squared returns by the step-length. Thus Ahsa
denotes the BLP for A_lAggA.

Using aAA = aa+ af, for i > 0, and for » = 0, 1, 2 the annualised weak GARCH process may

be written

AYsA = Ap+ Asa, ahsa = aw + A0AT A2 A + ABaRs-1)A, (2)

E (A€(s+1)A Asfs_i)A> =0, E ((A_IAE%S-H)A — Ah5A> Agfs—i)A) =0.



Only one lag can be used here, otherwise we would obtain a higher-order GARCH process; but
it has not been proved that GARCH(p, q) processes satisfy the temporal aggregation property.

The first paper that discusses the continuous limit of GARCH is Nelson (1990). Under the
conditions

—lim (A Aw): a=li (A—1/2 ) 9 =1lim (A~ (1—AN): 0 9
w Al%( Aw)a « Alﬂ% AQ S Ali%( ( A ))ﬂ <w,q,f <o

the limit will be a stochastic volatility model with independent Brownians, i.e.

dS; = 1 Sydt + /V; SpdBuy,
dVy = (w— 0V;)dt +/2aV;dBy.

where V; is the continuous-time limit of h;. On the other hand, Corradi (2000) proves that, if
we assume the following convergence rates
=lim (A7 'zw); a=1lim (A 'ra); 0=lLm (A7 (1 -a)); 0<w,a0<
w Alﬁ,%( Aw) ;@ Alﬂ%( AO&) ) Alrf(l) ( ( A )) ) W, &, &
then the continuous-time limit is a deterministic variance model with the same price dynamics

but with
dV; = (w — 0V}) dt.

The difference between the two assumptions lies with the convergence of alpha (at rate VA
versus rate A). Which assumption is correct has been the subject of considerable debate. Here
we argue that the assumptions of Nelson are correct, but we promote a different continuous limit
because, as argued above, it is best to use a time aggregating model, viz. weak GARCH(1,1).

For a weak GARCH(1, 1) using two different step-lengths A and 6, 6 < A, Drost and Nijman
(1993) proved the following relationship between the parameters

aw =50 (1= (N7 2) (1 =507 and aa= ()" 2 - a8

The relationship between the unconditional kurtosis coefficients, namely between the kurtosis

for the A-step process denoted Ak, and the kurtosis for the d-step process denoted sk, is

(6718 (=) = (1= 5272) ) o (1= 522 + 505))

k=3+A"15(s6—3)+6(;x—1
A or=3) +6on—1) (01A)*(1 = 5A)% (1 — 5% + 502)

(3)

Drost and Nijman (1993) derive the following

9005 = (1502 1) (e (1 0027%) —2)

as the relationship between the low and high frequency parameters for A and 3, where



ASC

STTA(L = 568)° + 20 TA (A = 1) (1= 50) (1 — 6A2 +502) (55 — 1) (1 +50) 7"
+4 (571A (1—5X)— <1 — 5/\571A)) s (1 —56s\) (1 — 5)\2)71 8
-1

[504 (1 —5BsA) (1 - 6)\25_1A) (1- 5>\2)71} - (4)

To derive the continuous limit of this model we are interested in the inverse relationship expressing
the high frequency (d-step) parameters and their limit based on the low frequency (A-step)

parameters, for § < A. This relationship can be derived as

SW = AW (1 — A/\A_15> (1-— A)\)il and 5)\5_1 = A)\A_l

RV
((25) ) sot-om (135 -

B AB 2 D671 = 56)° + 28571 (A5 = 1) (i = 1) (1524) (1= 522 + 50?) )
- ((1 + A62> (1 +a%) AA) < F4(1— 5A2) s (ASTH (1= 5A) — (1 — aN) (1 — 5850 '
(5)

Also

and

(245714 (ar = 3)) (1= ar279) (1= an?270 4 5a?)

(1= aA279) (1= aX279 4 502)) + Gy (1= A8 (1= aX) (1= AAA79) 1) (1 58aN2 )
(6)

sk =14+

4 Continuous Limit of Weak GARCH(1,1)

The continuous limit may not offer equivalence with the discrete-time model. For equivalence,
a discretization of the continuous limit should yield the same class of model as the original.
Furthermore, the discretized model must be the same for all frequencies, which cannot happen
without the temporal aggregation property. Thus, it is only when (1) the original discrete-time
model is time aggregating, and (2) the model can be discretized at any frequency in the form of

the original model, that we have an equivalence between discrete and continuous models.

4.1 Parameter Limits

The first step for deriving the continuous limit of symmetric weak GARCH(1,1) is to deter-
mine the limits of the parameters and their convergence speeds. In contrast to the strong
GARCH(1,1) process, where there is some freedom to choose assumptions about parameter con-
vergence speeds, we now show that assumptions about parameter convergence are unnecessary for
weak GARCH(1,1) processes. In fact, the temporal aggregation property of weak GARCH(1,1)

implies unique convergence speeds for all parameters. We prove this result in the following:



Proposition 1 The convergence rates for the parameters implied by the weak GARCH(1,1)

process are as follows:

= lim A aw; a=lmA 2 a; =lmA™ (1 -a)); 0 < oco.
w Ali% AW, Aufé AQ AlIf(l) (1-aN); 0<w,a,0 <00

Also, the unconditional kurtosis converges to kK = Elfé AR = 3(1 — 9_1a2)_1.

Proof We have sA° ' = A2 which, being a constant between 0 and 1, can be denoted
exp (—0) with § > 0 . Thus

= — 1 -1 — = 1i -1 — — —
AA =exp(—0A) and lAlrf[l)A (1—aN) R]%A (1 —exp(—0A)) = 0.

Also sw(1—sA) ' = aw(l—aX) ! is a positive constant denoted wf~', w > 0 and aw =
w1 (1 — aN), so

lim (A7 aw) = wb ' HIm AT (1 — exp (—0A)) = w.

Allj%( AW) w Alff[l) (1 —exp( ) =w

Formula (6) for the kurtosis may now be written

(5_1 (1 — A)\Ailg) — A1 (1 — A)\))
A5 (1 - arAT9))°

sk=1+ (ak—3+2A716) | A715+6

with
50! (1 _ A)\QA*HS) 451502 — 61502 (1 _ A)\Afla)
51 (1 _ A>\2A—16) + 5*1509 ’

But

lim 51 (1 - AAA”‘S) =0 and lim 5 (1 _ AAM*&) — 2.

Thus, using s | 0, we have

—1
li A= |20(1lim (67 502 1
grasa = (20 0700%) 1)

Hence, taking the limit of (7) as ¢ | 0 and then letting A | 0 yields the limit of the kurtosis as

-1

-1
=3(1-0""1lim (6 502 : 8
K ( im (67'50?) (8)
The limit of the unconditional kurtosis must be finite and positive, which forces

0 < lim 5_1(5&2 < 0,
510



so the kurtosis will be greater than 3.

To see the speed of convergence for o we consider the limit oo = ltsiﬂ]l I sa with a € (0, 00)
with w unknown. Since 161&15_15042 <0, w > 1/2, for y = min(w,1) and z = min (2w, 1) we

write

imsY (1 — — lmésV(1— im sV
lalf(r)ld (1 —sA+s50) 151&116 (1 —s)\)+ 15%16 sa € (0,00),
mo™Y (1 — 502 — 50 (1 —sA) +50) = limo Y (1 —5A?) +1limd Ysa 00
510 (1-s s (1= 53) +50) 510 (1-4X) 500 ¢ € (0,00),
li —%(1 2 2 = i -2 (1 2 li -z 2 .
5%15 ( —5A +50z) 61&)15 ( _5)\)+<Slﬁ)16 sa” € (0,00)

Also, using (5) and noting that s« # 1, since sa? > 0, we can compute

2
<2 <1—|—Afﬁ2> —1> 5a(1—5)\2—604(1_5/\)+5a) <11—§))\\2)'

If w > 1/2, we can multiply the above expression by 6'~*~¥% and then computing the limit as &
tends to zero leads to a contradiction in terms of limits. So we must have w = 1/2 and this sets

the convergence of a. O

4.2 Model Convergence

Now consider the conditional variance and the conditional kurtosis of the residuals where the

conditional mean and skewness are equal to zero
_ 2
AoIA=E (A 1(A5(s+1)A) ‘AL@A) ,

9 4
Aksa = E (A QAasﬁ(A€(s+1)A) ’ALSA) ;

where Al is the o-algebra generated by the vector (aesa). We divide by A when computing
the conditional variance series, in order to standardize them, so that the variance over A is
comparable with A times the 1-step variance.

The conditional expectation of the second moment and the kurtosis must be positive, and

due to the symmetric nature of the returns we can write

E (A_lAg%erl)A

La) = a0%a. (9)

Note that AagA — Ahsa is non-zero, otherwise the process is a semi-strong GARCH (Drost and
Nijman, 1993). Next, for sA <t < (s + 1)A write & (t) = gﬁ% Akt where aAky = aAksa and write



Ah: = Ahga and Aatz = AO'EA. Because lAim (AJE — Aht) = 0 we can set
10

V()= 1&% N 1&% N

We must now conjecture that the difference between the conditional variance and the BLP of

the squared residuals converges to zero at a speed of square root of the time step, i.e.

lim A™Y2 (p02 — Ahy) = 0.
lim (ao; — aht)

Our justification is that the BLP process becomes more and more informative as the time step

decreases, so it must converge very fast to the conditional variance.

Theorem 1 The continuous limit of the weak GARCH(1,1) process defined in (2) is the following

stochastic volatility model, based on the limiting parameters in Proposition 1 and above:

ds

?t = pdt +/VydBy,

t

AV, = (w—0Vi)dt+ an/(r — 1) Vy dBoy,

where Bi; and By are independent Brownian motions and s is the conditional kurtosis, which

may be time-varying.

Proof We employ the convergence theorem for stochastic difference equations to stochastic

differential equations given by Nelson (1990). For the returns process we have
E (A7 Ayl La) = p+ E (A ag(sinalla) =

And, using (9) it can be shown that E (A‘l Ay(25+1)A

ISA) = ahsa +0(1),

E (A7 (ah(sr1a — ahsa) | L) = A7 aw—AT" (1= aN) AhsAJr(A*l/QAOé) ATV (po2p — ahsa)+o (1)
and this converges to w — 0V; by Proposition 1. The variance of the variance component is

E (A_l (ah(s+1)a — AhsA)2

La) = 8720 (B ((a0ta) (8%08) 7 (aelisna) — ahla| La) ) +o (D).

The covariance between the returns and the changes in the variances converges as follows
E (A" aysina (ahsina — ahsa)| Isa) =o(1).

Therefore, the limits of the expected squared terms and cross-product between the returns and



variance derived above define the following covariance matrix of the continuous process
Vi 0
Ay = t 2 2 |- -
0 o (ke—1) V3

Discussion: Discrete-time weak GARCH(1,1) processes are characterized by (i) the existence of
a long-term volatility; (ii) mean reversion in the variance process; (iii) the variance is stochastic,
i.e. the variance of variance is non-zero; and (iv) the variance process is uncorrelated with the
returns process, which is an implication of the symmetry of the returns’ distribution, being a
requirement of weak GARCH(1,1) processes. All these properties are present in our limit model
which is stated in Theorem 1. In addition, the variance in our model has a higher variance than
the variance of the variance process in the limit of Nelson (1990). This is a consequence of the
extra kurtosis parameter, which can also be time-varying.

When k = 3 the limit process reduces to the diffusion derived by Nelson (1990) and in this
case we obtain the smallest value of the volatility of the variance process, i.e. 21/2qV,. Drost
and Werker (1996) have conjectured that the conditional kurtosis is independent of ¢. However,
our limit allows the conditional kurtosis to be time-varying.

Finally we note that properties of our limit are not only more flexible than those of Nelson’s
limit; our model also captures the observed behaviour of implied volatilities in the risk-neutral
measure better. See for example, Bates (1997, 2000) and Bakshi et al. (2003). In particular,
Section 5 will demonstrate the superior ability of our limit for capturing the smile and term-

structure features of implied volatilities.

4.3 Discretization Scheme

Here we find a discretization of the continuous limit when the series of returns and variances are

discretized by assuming a time step of length A and considering changes at time t = sA. Let

ds,
dt — A, ?: = AYstna, Vi AVsa,  and  dVi= AVigina — aVia.

The conditional kurtosis kK — aksa for sA <t < (s+ 1) A and the parameter u stays unchanged

during discretization. The rest of the parameters are discretized as
wi A aw, 0 AT (1 —AN), a— A"V 5,

where (Aw, A, A3) are specified in terms of the parameters (w,,«) of the continuous model

and the unconditional kurtosis , which is given in Proposition 1, as follows

10



Aw = wh (1= aN),

A = exp(-0A),

AC = AA—AfB,

Ak = 34+2(k—3)(0A — (1 —aN) O 2A72,

and 9 1/2
1 AC (1 + A)\z) —24(1—aN) (AC2(1 + AN — 4AC>
= - 1
af=3 ACAA— 1 ’ (10)
where
[Aaz +2a? (A -0t (1 - A)\)) + A2 (9 — a2)]
AC = . (11)
(02671 (1 — aN?)]
An alternative but equivalent version of (11) may be derived, after some algebra, viz.
A —2(1 — aN) +3A%0% (5 —3)7!
AC:23 (1—aN)+3 (k—3) (12)

1— AN

where the uncondtional kurtosis x is defined in Proposition 1. The Brownian motions B; and
By that drive the price and variance equations are discretized by expressing the changes in the

Brownian motions at time ¢t = sA as

Bi((s+1)A) = By (sA) = AY2 A ¢y,
By ((s+1)A) = By (sA) = AY2anigy1)a,

where Aé(s11)als a standard normal variable, A(41)a | alsa ~ N (0,1) and AN(s+1)als defined

as
ANsrna =272 <A§(25+1)A - 1) : (13)

. 1/2 ~ _
Now define the normal variable ag(s11)a = AI/QAVSA/ aAé(s+1)a and set aAésp =G LIF (agsn)],
where F' is the normal distribution and G is the distribution for a variable aA€sa that has zero
mean and variance AaV, 5, like aesa, but kurtosis equal to arsa. This way, the errors of the

discretized model have non-zero excess kurtosis.

Discussion : The continuous model has two independent sources of randomness yet the discrete
model has only one. This is similar to the technique used by Nelson (1990) whereby one source
of randomness in discrete time translates to two sources of randomness in continuous time, one
for the changes in the variable and the other for changes in the variance process.

Our discretization reduces the number of sources of randomness in the continuous model,
via (13). There is no loss of generality using this discretization since the properties of the

discretized Brownian motion (mean, variance and correlation) are maintained; AT(s+1)A 18 not
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exactly normal but it has a zero conditional mean, a unit conditional variance and zero correlation
with A(s41)a. We are bound to use such a method because the classic discretization does not
work in this case, as argued by Lindner (2009, p. 482).4

The discretization (12) for 8 is useful because it makes the dependence on kurtosis explicit
at the same time as showing that the scheme does not work when the unconditional kurtosis
k = 3. We employ (12) in Section 5.1 when we fix parameters and simulate from the discretized
model and in Section 5.2 when we calibrate model parameters to real-world data. Finally, we
note that there are other discretization schemes to the one above and we tested some of these
but they did not return the weak GARCH(1, 1) process.

Theorem 2 The above discretization scheme of the weak GARCH limit in Theorem 1 returns

a weak GARCH(1,1) process and the time aggregation property is preserved.

Proof The discretization of udt is obvious, and that for  and w will follow from (10) as

1—aN)

wA%wA( gA - T AW and A x~1—- A A=1—(aa+af)=1—a\

This gives aw = wf ™1 (1 — A\) and aAX = A\ As is clear from (10) and (11), it is the discretiza-
tion of 8 that is most complex. From the aggregation results in Drost and Nijman (1993) we
know that the unconditional kurtosis for a given frequency A may be expressed as a function of

the parameters at an arbitrary higher frequency  as

(5_1A (1 —sA) — (1 — 5)\5_1A>> s5Q (1 — A2+ 5&5)\)

=3+ A5 (5k—3) +6 (55— 1
" oAby (TAY (L= 0 (1= 5¥ + 5a?)

Denoting the limit of the unconditional kurtosis by x = lgﬁ)l sk, we obtain

(0A = (1 = al)

Ak =34+2(k—3) A2

(14)

From the proof of Proposition 1, we know that for any two time steps A > §, oS is the solution

to .
aB AscsA A —1 (15)
1+ Aﬁz N A€ (1 + 5)\2571A) -9’

where a sc is given by (4). We want a discretization which ensures that (15) will hold. Taking
the limits of (4) when § goes to 0, we define ac = 151?01 A5¢ as in either (11) or (12). This means

4The direct relationship (13) between the increments of Bi: and the squared increments of Ba; shows that they
have zero correlation — but they are not independent because they have the same source of randomness — just as
a standard normal variable is uncorrelated with its square.
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that we can discretize the continuous model by solving the following equation

AB ACAA — 1

1+aB2  ac(l+aM2)—2°

First, we must ensure that this will have solutions, and then we have to show that there is a

unique solution between zero and one. Let’s consider the function whose roots we want to find

AC (1 + A)\2) -2
ACAA — 1 '

f@)y=2>—mz+1, m=

This has two roots 1 and xzo where 129 = 1 and z1 + z9 = m. If we show that m is positive,
then both roots are positive and one will be less than 1. For the existence we need that m > 2.
If AocaX > 1 then m > 2 is equivalent to (1 — A)\)Q > 0. Thus, all we need to show is that
AcaX > 1, which is equivalent to 60A + 2a72A%0% + 54\ > exp (AA) + 2A202 + 4.

Both sides of the above equation converge to 5 when A — 0, and it can be shown, using
derivatives with respect to A, that the left hand side converges faster. Thus acaX > 1, so for
any small step A close enough to zero there will always be a unique solution for A8 between zero

and one that satisfies the above equation; this solution will be

2y 12\ AC (1 +A)\2) —24(1—aN <A62(1 —I—A)\)2 —4Ac) 2
(m— (m* —2)"%) = T |

Also, we have that oo = AA — A8 . The discretization of the Brownian motions in our scheme

N

AB =

is obvious, whilst there is no loss of generality in assuming (13).

Now, we have ys11)a = A + A€(s41)a- Hence E (A‘lAs?SH)A\AIsA) = AViA with
AVisy1)a = aw + AoeA_lAész)A + aBaVsa + Auy1)A,

AUrnA = AQAVsA {1 — (27" (aksa — 1))1/2 + ((2_1 (AksA — 1))1/2 - 1) A§(25+1)A} ;

where Aé(s DA has an unconditional kurtosis of Ak(s41)a, Which can be approximated by aksa.

The above may also be written

AUsy1)A = aaaVsa [((2_1 (aksa — 1))1/2 - 1> <A5(25+1)A - 1)} :

So far we have considered the conditional variance. For the BLP of squared residuals we have
k
ahsa = aVea = Y aB aug_ja-

J=0

It is easy to see that this follows a GARCH(1,1) process since

ahsa = aw+ ac (AT AE2A) + ABah(s—1)A-
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For a weak GARCH(1,1) we must show that ahsa is the BLP of A7'AZ

showing

%S DA which requires

E ((A—1A5%S+1)A - AhSA) Aégs_m> —0 for i>0,r=0,1,2

Since E ((AV(S,]-,DA — A_IAE%S_j)A> Aé?s—i)A) = 0, this reduces to proving that

K (Au(s—j)AAgfs—i)A) = 0.
This is clearly satisfied for ¢ # j so we now prove it for r = 1 and i = j. We have to show that

E ((Av(sfifl)A - AflAé%s_i)A> Aé(s—i)A) =0, i>0
or
FE (E (Av(s—i—l)AAé(s—i)A — A—lAé?S_i)A> |AI(s—i—1)A> =0, >0,

which is clearly true. Also

E (Aé:%s_i)A’ AI(s—i—l)A) =AAVis—i—na

and
E (Ag(lsfi)A‘ AI(sfifl)A> = APAVG i 1)adR(s—i-1A-
Thus, we have a weak GARCH(1,1) specification; this means that the time aggregation is pre-
served by our discretization. It is easy to see that AN2"" = sA° 'and that aw = sw (1 — 5)\57%) (1 —4A).
We also have the relations (14) for the kurtosis and (15) for 8. For the kurtosis, we need to
prove (3), that is

(5 — 1) a*(1 = sA)% (1 — sA% + 507) = (26202 (0® +20) + 6 (k — 1) @ (05 — (1 — s0))) s (1 — sX + sas)) .

After some algebra, this may be written as

58 (602 4620 (0 — a2) + 202 (5 — (1 — 50) /0)) A — 1/ 202671 (1 — ;22

1+582  (6a2+620(0 —a?) +2a2 (6 — (1 —sA) /0)) (1 + §22) — a20-1 (1 — 5A2)°

Since the above expression holds, we have shown that the kurtosis is indeed time aggregating.

Theorem 2 has practical importance because it guides how to discretize the weak GARCH
limit when simulating returns. In particular, the parameter 8 which appears in the original
discrete version of the model described in Section 3 does not explicitly appear in the limit model
of Theorem 1, it only enters implicitly in the sum A = a + 8 with 6 as defined in Proposition 1.
However, Theorem 2 shows that, although 5 does not explicitly appear in the limit, it governs
the way the continuous model should be discretized.

In the next section we explore two ways in which such simulations can be applied. The first
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example in subsection 5.1 takes the limit model parameters as given, discretizes the model and
then uses it to generate implied volatility smiles. The second example in subsection 5.2 takes
implied volatility smiles as the inputs and uses simulations of the discretized version of the model

to calibrate the parameters of the model by matching the simulated smile to the observed smile.

5 Empirical Results

The two most common financial applications of continuous-time stochastic processes are (i) to
price non-standard options with complex payoffs that are too illiquid to have a market price
and (ii) to hedge any options. Here we consider the second of these applications, for hedging
standard European puts and calls, and we do this by simulating and fitting implied volatility
‘smiles’.> The closer a model fits market implied volatility the better its hedging performance.
And since a better hedging performance determines the profits made by option market makers,’
the ability of a model to fit implied volatility smiles is important in practice.

It is preferable to use a hedging model that is more sophisticated than the basic option-
pricing model of Black and Scholes (1973). The Black-Scholes model assumes prices are driven
by a simple geometric Brownian motion and its constant volatility assumption yields an implied
volatility surface that is flat, i.e. it does not vary with either the option strike or the option’s
maturity. To fit the ‘smile’ shape that is ubiquitous when implied volatilities are backed out
from real-world option prices requires a stochastic volatility model. But finding one stochastic
volatility model that can fit an entire smile surface is very challenging. That is, we seek a single
stochastic volatility model which has a parameterization that is flexible enough to calibrating
all parameters, in a single optimization, using smiles of different maturities together. Here we
demonstrate that the time-varying kurtosis parameter of the weak GARCH limit admits this
property.

To this end, we focus on the ability of the weak GARCH limit to capture different shapes of

smile features in implied volatility. We consider the model derived in Theorem 1 with u = 0, viz.

d?st = /V,dBy, (16)
t

AV = (w—6V;)dt+ ay/(r; — 1) V;dBuy,

since the drift does not affect the fit. Note that (16) encompasses Nelson’s limit for strong
GARCH(1,1) as the special case that the conditional kurtosis x; is constant and equal to 3.
The variance diffusion coefficient in (16), i.e. the product ay/ (k¢ — 1), is colloquially termed

the ‘vol-of-vol’ part of the model because it controls the volatility of the volatility. It has two

5The implied volatility smile is obtained by putting the market prices of all options on a given underlying, of
different strikes but the same maturity, into the Black-Scholes formula and ‘backing out’ the diffusion coefficient
in the geometric Brown motion that is implied by each observed option price. The smile refers to the shape that
is usually seen when implied volatilities are plotted as a function of option strike.

5Market makers seek to minimize their spreads because this makes them more competitive, but spreads can
only be narrowed when the market maker uses an accurate hedging model. See Alexander et. al. (2012) for further
information.
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parameters, « and k; that do not explicitly appear elsewhere in (16). However, the choice of «
affects the discretization scheme derived in Section 4.3 and A/ will depend on the « parameter.
Also, the unconditional kurtosis in the limit model is 3/(1 — a26~!), as in Proposition 1, and so
we must have a® < @ in order that this is positive. The parameters w and # control the long-term
volatility and the speed of mean reversion to it. Specifically the long-term variance is w/6 and
the mean-reversion speed increases with 6.

In subsection 5.1 we explore the effect that different parameters in our limit model (16)
have on the shape of the smile, as well as the effect of using different discretization schemes.
In subsection 5.2 we demonstrate the gains that can result from using our weak GARCH limit
rather than Nelson’s strong GARCH limit, by calibrating (16) to implied volatilities backed out

from real-world data on option prices.

5.1 Simulations

Weak GARCH processes are a general model class, and since they make no distributional as-
sumptions, the simulation of the discretized limit model is non-trivial because it is based on
approximations made to the error term based on normally distributed returns (discretization of
Brownian motions). These approximations affect the simulations and it should be noted that
the simulated process is in the end an approximation of weak GARCH.

Table 1 defines 12 scenarios that explore the effect of changing the parameters of the model
(16) and the expiry date of the options. For the first three sets of simulations we have a constant
expiry date of 0.1 years. In the fourth set we explore the term structure effects of weak GARCH
implied volatilities and we set the conditional kurtosis k; = t~1, so that x = 20,10,4 at expiry
times 0.05,0.1 and 0.25 years.”

Next, with each of these 12 different sets of parameters, we employ the discretization scheme
of Section 4.3 to simulate prices using the weak GARCH limit. For each parameter set we
simulate the process with 100 steps, 50,000 times and thereby simulate a distribution of possible
values of the underlying of the options, at the expiry time shown in the table, each time starting
at Sop = 100. From this distribution we apply the call option pay-off to simulate an option price
for strikes between 65 and 125, at increments of 5 and then for each option price we use the
Black-Scholes formula to back-out the implied volatility via a standard search algorithm. The
results are displayed in Figures 1 and 2.

The top left graph in Figure 1 is based on scenario set 1 and it displays how the smile effect
increases with kurtosis:, which is 3 in the blue smile, 10 in the red smile and 20 in the green smile.
This effect is much more pronounced in scenario set 2, in which the value of a changes from 1
to 2. This higher value for « is associated with a greater vol-of-vol, especially when combined
with high values of k;. In both graphs the blue line (i.e. scenarios la and 2a) correspond to

Nelson’s limit, because x; = 3. The green and the red lines depict the smiles from our weak

" It is common to use the term ‘instantaneous’ in the literature on continuous-time stochastic processes, in
place of the term ‘conditional’ typically used in discrete-time processes. However, we shall continue to use the
term conditional kurtosis rather than instantaneous kurtosis in this Section, and for the rest of the paper.
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Table 1: Scenarios for Parameters in Model (16)

Parameters above the line are set using scenarios for parameters below the line. The vol-of-vol is ay/(k: — 1), the
unconditional kurtosis is 3/(1 — a?67'), the unconditional volatility is \/w/0. The starting values for S; and V;
are So = 100 and Vo = 1.5w/6. This way Vy is 50% greater than the long-term variance. Note that setting k: = 3
as in scenarios la, 2a and 3a corresponds to Nelson’s limit for strong GARCH.

‘ ‘ Kt ‘ « and 6 ‘
‘ Scenario number ‘ la 1b lc ‘ 2a 2b 2c ‘
Vo 0.375 0.375 0.375 | 0.375 0.375 0.375
Vol of vol 1.41 3.00 4.36 283 6.00 8.72
Unconditional kurtosis 6 6 6 5 5 5
Unconditional vol 50%  50%  50% | 50%  50% @ 50%
Expiry 0.1 0.1 0.1 0.1 0.1 0.1
o 1 1 1 2 2 2
0 2 2 2 10 10 10
w 0.5 0.5 0.5 2.5 2.5 2.5
Kt 3 10 20 3 10 20
‘ ‘ Vo and w ‘ Expiry ‘
‘ Scenario number ‘ 3a 3b 3c ‘ 4a 4b 4c ‘
Vo 0.75 0.75 0.75 | 0.375 0.375 0.375
Vol-of-vol 1.41 3.00 4.36 | 4.36  3.00 1.73
Unconditional kurtosis 6 6 6 6 6 6
Unconditional vol 1%  71% 71% | 50% 50% 50%
Expiry 0.1 0.1 0.1 0.05 0.1 0.25
o 1 1 1 1 1 1
0 2 2 2 2 2 2
w 1 1 1 0.5 0.5 0.5
Kt 3 10 20 20 10 4

GARCH limit, which are clearly much more flexible and we observe the smile effect increasing
with kurtosis.

The top right graph in Figure 1 illustrates the effect of using a discretization different from the
one derived in Section 4.3. The simulations are based on identical parameters to those used for the
top left graph, i.e. scenario set 1 in Table 1, but this time we employ a standard discretization
scheme for the Brownian motion in the variance process. The kurtosis has less effect on the
implied volatility skew now, but we do not find this surprising because the discretized model is
no longer a weak GARCH(1, 1) under standard discretization. Finally, the bottom right graph
depicts the smiles obtained using scenario 3. Here we increase w which increases the volatility,
hence all smiles shift upwards.

Figure 2 explores the volatility term-structure effects in the weak GARCH limit, using the
scenario set 4 in Table 1 where the expiry date varies from 0.05 of a year (blue) to 0.1 of a year

(red) to 0.25 of a year (green). The conditional kurtosis used in our discretization varies also,
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Figure 1: Implied Volatility Smiles Generated by Parameter Values in Table 1

Comparison of volatility smiles of the same maturities generated by the weak GARCH limit model with parameter
values given by scenario sets 1, 2 and 3 in Table 1. Results from scenarios labelled a are shown in blue, the b
scenarios are shown in red and those labelled c are shown in green. Non-starred curves are derived using simulations
based on the discretization scheme in Section 4.3 where kurtosis is constant. The curves 1la*, 1b* and 1c* (shown
top right) are derived using the parameter values in scenario set 1, but here we employ the standard discretization
for Brownian motions.

as shown in the table. These implied volatility smiles exhibit a ‘skew’ effect where low strike
options have much higher implied volatilities than high-strike options, especially for near-term
expiry dates. This is a common feature of equity index options in practice.

The middle graph in Figure 2 employs the standard discretization instead of the one derived
in Section 4.3. However, the discretized version of (16) is not a weak GARCH model in this
case and again there is a noticeable lessening of the skew effect. This shows that the wrong
discretization can produce misleading results. The bottom graph in Figure 2 again depicts three
different smiles from the weak GARCH limit, similar to scenarios 4 in Table 1. But this time
ki = 3+ nt~! with = 0.75, i.e. we parametrize a fully time-varying conditional kurtosis in the
discretization instead of assuming it is constant. This time-varying kurtosis allows the smiles to
become more symmetric — a feature is often observed in practice, particularly in currency option

markets.

5.2 Calibrations

In this section we calibrate the parameters of the weak and strong GARCH limits to some real

data on option prices of different strikes and expiry. We expect that the additional time-varying
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Figure 2: Effect of Discretization on Implied Volatility Smiles

Comparison of volatility smiles of different maturities generated by the weak GARCH limit model with parameter
values given by scenario set 4 in Table 1. Results from scenarios labelled a are shown in blue, the b scenarios
are shown in red and those labelled c are shown in green. Non-starred curves in the top graph are derived using
simulations based on the discretization scheme in Section 4.3 where the conditional kurtosis is constant and
takes the values shown in scenario 4 of Table 1. The curves 4a*, 4b* and 4c* (middle graph) are based on the
same parameters but are derived using the standard discretization for Brownian motions and the curves 4a**,
4b** and 4c¢** (bottom graph) are based on the discretization scheme in Section 4.3 where kurtosis is time varying
of the form k¢ = 3+ nt~* with = 0.75 so that £ = 18,10.5 and 6 at expiries 0.5,0.1 and 0.25 years respectively.
All other parameters are as in scenario set 4 of Table 1.
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conditional kurtosis in (16) offers an extra degree of flexibility to match implied volatility smiles
more closely. Because currency options typically have deep, symmetric smile effects, and because
the cryptocurrency bitcoin is one of the most volatile of all currencies, we have obtained data
from the Deribit bitcoin options exchange on the implied volatilities of all bitcoin options that
were actively traded on 17 April 2020, when the spot price of bitcoin was almost exactly $7000.
There were two actively traded maturities on that day, one expiring on 24 April 2020 (7 days)
and the other expiring on 29 May 2020 (42 days).

The two bitcoin option smiles are depicted in the top left graph in Figure 3. The other graphs
in Figure 3 repeat the market data on implied volatilities and compare these with the smiles fitted
by calibrating parameters of (16). The calibration of model parameters is done my minimizing
the root mean square error (RMSE) between the market and model smiles and the resulting
fitted smiles are depicted using dashed lines of the same colour as the market smiles. Note that

parameters are calibrated using both smiles simultaneously in the RMSE minimization.
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Figure 3: Calibration of GARCH Limit Models to Bitcoin Implied Volatility Smiles

Market smiles are derived from bitcoin option prices on 17 April 2020 at maturities 7 days (blue) and 42 days
(red). The top left shows the smiles implied by market prices and the top right depicts the fit obtained using the
weak GARCH model (in dotted lines of the same colour as the maturity). The lower two graphs compare the
smiles calibrated using strong GARCH when parameters are not constrained (bottom left) and when we constrain
the model to have positive unconditional kurtosis (bottom right) . All models are calibrated to both smiles
simultaneously.

The top right graph exhibits the fit obtained using the weak GARCH model with time-varying
conditional kurtosis and the bottom two graphs depict the smiles obtained by calibrating Nelson’s
strong GARCH limit with conditional kurtosis fixed at 3. Note that the unconditional kurtosis
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is not equal to 3 in Nelson’s limit because the volatility is time varying. Indeed, it is equal to
3/(1 —a20~1) as proved in Proposition 1. Therefore we may need to restrict the values of o and

f so that the unconditional kurtosis is positive.

Table 2: Calibration Results from Different Models

The first column gives the model name, with ** indicating the positive unconditional kurtosis constraint imposed,
the second to sixth columns report the fitted model parameters and the last column reports the root mean square
error (RMSE) between the calibrated smiles and the fitted smiles. Both smiles were calibrated simultaneously.
The parameter 7 is for the time-varying conditional kurtosis of the weak GARCH limit, where x; = 3+nt~'. The
fitted unconditional kurtosis is calculated as & = 3/(1 — a2071).

A~

| Model | @ 0 a i i | RMSE |
Weak 2.25 108.71  6.62 0.0248 5.024 | 0.1023
Strong | 7.46 12.89  8.46 0 -0.659 | 0.1284
Strong** | 76.17 104.35 10.21 0 55734 | 0.1477

Table 2 reports the calibrated values of the parameters of the weak and strong GARCH models
corresponding to the fitted smiles exhibited in Figure 3. We used the classic discretization for the
strong GARCH limit and the discretization scheme of Section 4.3 for the weak GARCH limit.
The parameter 7 is for the time-varying conditional kurtosis of the weak GARCH limit, where
ki = 3+ nt~!. The ** indicates the condition of positive unconditional kurtosis is imposed.

The results for the weak GARCH model are sensible. The calibrated unconditional kurtosis
is £ = 5.024 and the time-varying kurtosis based on /) = 0.0248 is 3 + 0.0248 (3¢2) = 4.29 at 7
days and 3+ 0.0248 (%) = 3.22 at 42 days. Also, this model gives the smallest RMSE of 0.1023,
which is in line with the better fit observed for the weak GARCH model in Figure 3. The strong
GARCH model, when calibration is unconstrained, returns a negative value for unconditional
kurtosis, with 4 = —0.659. We therefore impose the restriction that # > 0 in the last line of
results in Table 2. However, even though the fitted smiles appear reasonable to the eye (see the
bottom-right graph of Figure 3) the values of the calibrated parameters are not sensible. The
strong GARCH model gives such a high value of & precisely because it is not flexible enough to
fit the given volatility smiles. Also, the RMSE of 0.1477 is almost 50% larger than the RMSE
for the weak GARCH calibration.

6 Conclusions

We present four arguments which motivate the use of weak rather than strong GARCH(1, 1) for
deriving a limit in distribution: (1) Strong GARCH is not time aggregating, so if we generate a
GARCH(1, 1) variance process and then re-sample at another frequency the result is no longer a
GARCH(1, 1) process; (2) The limit of strong GARCH may only be derived by making a specific
assumption about the convergence of the parameters and different assumptions lead to different
limits; (3) Any discretization of the strong GARCH diffusion is not a GARCH model; and (4)
the variance of its variance is either zero or too small to fit the implied volatility skew.

By contrast, a weak GARCH process is time aggregating, it implies the convergence rates
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for all parameters and our only assumption in deriving its limit is that the difference between
the GARCH BLP process and the conditional variance converges to zero with the square root
of the step-length. We prove that the weak GARCH diffusion is a stochastic variance process
with independent Brownian motions in which the variance diffusion coefficient is related to the
conditional kurtosis and the limit reduces to the GARCH diffusion derived by Nelson (1990)
when the excess kurtosis is zero. Our limit is unique and we provide a discretization that returns
the original weak GARCH model.

An analysis of simulated and real implied volatility skews from option prices demonstrates
that the extra conditional kurtosis parameter that is present in the weak GARCH limit — but
not in Nelson’s strong GARCH limit — adds considerable flexibility for fitting implied volatility

surfaces, even those with very steep skews such as those commonly observed in bitcoin options.

Acknowledgements: We are indebted to Shuyuan Qi of the University of Reading for per-
formed the model calibrations in Section 5.2. Bitcoin option price data were kindly provided by
CoinAPL
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