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Abstract

This report describes the implementation of the Heston Stochastic
Local Volatility Model in QuantLib.

1 Introduction

The local volatility model is widely used to price exotic equity derivatives.
On the other hand it is criticized for an unrealistic volatility dynamics. Some
derivatives, especially those containing forward starting features as cliques,
will thus not be priced realistically.

Stochastic volatility models (SLV) have been introduced to model the
dynamics better and one of the most widely used of those models is the
Heston model, although its dynamics can again be criticised for being unre-
alistic for typical choices of parameters. We nevertheless use this model as a
starting point, since an implementation is already available in the QuantLib.

A stochastic local volatility model can combine the desirable features
of both models. Vanilla options can be priced exactly and the volatility
dynamics can be inherited from the stochastic volatility model.

1.1 Overview

This article is organized as follows: In the second and third section we intro-
duce the mathematics of the model. Since a calibration to real world data
often yields Heston parameters which violate the Feller constraint, coordi-
nate transforms are discussed in a large part of section three. The fourth
section discusses the general discretization of the model on non-uniform
grids. Special care must be given to the zero-flux boundary conditions when
evolving probability densities using the Fokker-Planck equation. Because of
the singular start values when evolving probability densitities we found it
helpful to use non-uniform and adaptive grids. For the former we had to
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extend the finite difference framework of the QuantLib, which was up to
now could handle only one concentrating point.

The fifth section contains a short discussion of the calibration of the SLV
model. The sixth section discusses the results of the newly introduced test
cases.

2 Stochastic Local Volatility

2.1 Local Volatility Model

In the Local Volatility Model the volatility oy (S, t) is function of spot level
S; and time t. The dynamics of the spot price is given by:

1
dln St = (T‘t —qt — 50'%‘/(5, t)> dt + O'LV(S, t)th (1)
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The model can be calibrated to yield prices consistent with option market
prices. It is is often criticized for its unrealistic volatility dynamics. The
Dupire formula is mathematically appealing but also unstable.

2.2 Heston Model

1
dlnS; = <’I”t — Q¢ — 2Vt> dt + detS
dvy = k(0 —uw)dt+ o/v dW/
pdt = dWYdw;

The Heston model allows for a semi-analytical solution for European call
option prices:

C(SQ,K,]/(],T) = SPl*KG_(rt_qt)TPQ
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0
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It volatility dynamics is more realistic, but can still be criticized when the
Feller constraint is violated. The volatility will then exhibit paths which
stay near zero for prolonged periods of time. Additionally it does often not
exhibit enough skew for short dated expiries.



2.3 Heston Stochastic Local Volatility

We now add a leverage function L(St,t) and mixing factor #:

1
dln St == (Tt —qt — iL(St’ t)QVt> dt + L(St, t)\/gtthS
dve = k(0 —uv)dt+no\/r dW/
pdt = dWYdw;
The leverage function L(zy,t) is given by probability density p(St, v, t) and

orv (St t) Jg+ (S, v, t)dv

Cowv(Sut)
VEWS=5] Jar vp(St, v, t)dv

The mixing factor n tunes between stochastic and local volatility.

L(S,t) = (St t) (3)

3 Link between SDE and PDE

The link between SDE and PDE is given by the Feynman-Kac formula.
Starting point is a multidimensional SDE of the form:
dXt = ,U,(Xt, t)dt + O'(Xt7 t)th

The Feynman-Kac formula is a PDE for the price of a derivative u(xy,t)
with boundary condition u(xz,T") at maturity T is given by:

n n
1
Opu + E (i O u + 3 E (cmT)kl Oz, Opu —Tu =0 (4)
k=1 k=1

The Fokker-Planck equation gives the time evolution of the probability den-
sity function p(x¢,t) with the initial condition p(x,t = 0) = §(x — xp) by:

n 1 n
p = — Zark [wip] + 2 Z O On, [(007) 1 7] (5)
k=1 k=1

3.1 Backward Equation: Feynman-Kac

The SLV model leads to following Feynman-Kac equation for a function
u:R xRsg xR>o — R, (z,v,t) — u(x,v,t):

1 1
0 = Ow+ §L21/0§u + 57]2021/83@& + novpLd,0,u

1
+(r—q—2L2V)8$u+/£(9—y)8l,u—ru

This PDE can be solved using either Implict scheme (slow) or more advanced
operator splitting schemes like modified Craig-Sneyd or Hundsdorfer-Verwer
in conjunction with damping steps (fast). The Implementation is mostly
harmless by extending FdmHestonOp. The PDE can be efficiently solved us-
ing operator splitting schemes, preferable the modified Craig-Sneyd scheme.



3.2 Forward Equation: Fokker-Planck

The corresponding Fokker-Planck equation for the probability density p :
R x RZO X RZO — RZO’ (l‘, v, t) — p(x, v, t) is:

Op = %02 [L2vp] + %7720285 [vp] + 1o pd.d, [Lup)
“0u|(r -0 32) 8] - Ak )

The numerical solution of the PDE is cumbersome due to difficult boundary

conditions and the Dirac delta distribution as the initial condition. Espe-
cially the square root process for the variance introduces difficult to handle
boundary conditions if the so called Feller constraint is violated.

3.3 Feller Constraint

The square root process
dvy = k(0 — vy)dt + o /v dW
has the following forward Fokker-Planck equation for the probability density
p:R>0 x R>p — Rx, (v, 1) = p(v, 1)
o?
O = 0, (vp) = Ou(k(0 — v)p) (7)
Alternatively this can be written as
o o 2
O = 5 vO,p+ (07 = K(0 = v))Oyp + wp (8)

so that the derivative operators act on the probability distribution p. A
general discussion of the properties of equations of this type can already be
found in in Feller’s paper [1]. For reflecting boundary conditions at v = 0
this equation has the stationary solution dyp = 0

p(v) = Byl exp(—ﬁy)F(Oz)*1

with o = iif,ﬁ = 7. Observe that

O2(vp) = dy(a — vB)p = —Bp + (a — vB) D,
with 5
a—vp = ﬁ(mﬁ — RV)

therefore )

%ag(yp) = —kp+ k(0 — V)P



Stationary Distribution with 6=0.25
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Figure 1: Stationary probability distribution.

and
Oy(k(0 — v)p) = —kp + k(0 — v)9P

which completes the proof that d;p = 0.

Note that p diverges as v — 0 when the Feller constraint o? < 26 is
violated, since then a — 1 = 07 2(2kf — 0?) < 0. The Feller constraint is
often violated when calibrating the Heston model to real market data. This
is usually not an issue for the backward equation because this equation de-
scribes the evolution of the derivative’s price backwards in time and these
prices usually stay regular on the boundary. For the calibration we have to
solve the forward equation and the probability distribtion in time. This dis-
tribution diverges at the lower boundary if the Feller constraint is violated,
therefore standard boundary conditions like Dirichlet and von Neumann do
not work.

In this case it reasonable to apply coordinate transformation to mitigate
the issues.



3.3.1 Transformed Square Root Process

The divergence as v — 0 suggests to look for an equation for ¢ = v!1=p.

Using

dy(vp) = B,(v¥q) = g+ 1%0uq
OZ(wvp) = ala— 1w 2q+ 2001 0,q + 102
o,(p) = 0, 1) = (a— 1> ¢+ v 1d,q
we find
o? -2 2 -1 o 2
Op = 7(1(& — 1w g+ o av* " 0,q + El/aﬁ,jq +
(ﬂowaflq + /wo‘ﬁyq) - (K@(Oé — D> %q+ mﬁyafl&,q)
2 2k20
= yo‘*l%yﬁfq + v Yoo+ kv — K0)Dyq + vt ﬁ2 q
o
o2 2k26
= 0 = ?V{?Eq + k(v +0)0,q + 2 4 (9)

This equation has the stationary solution

G(v) = B exp(—fv)I(a)~

1

which converges to f°T'(a)™" as v — 0.

3.3.2 Log Square Root Process

Now look at the stochastic process for z = logv, which by Itd’s lemma is

given by
o2

1 1

The forward Fokker-Planck equation for the probability distribution f :
R x R>p — R>g, (2,t) = f(z,t) of this process is given by

dz = ((k0 —

0_2

1 5 021
= — _— )= — _— 1
0uf(2.0) = —0:((w0 — 5) W) + 025 f) (10)
with v = exp(z). This can be rewritten as

2 2
0“1 o“. 1 1
of= 7;azf + ((—K0 — 7); +K)0:f + RO f (11)
for the use as a starting point for a finite difference implementation. This

equation has the stationary solution

N

f(z) = % exp(za) exp(—p exp(z))lj(a)*1 = vp(v)



In a similar fashion as above this can be checked by observing

(ef) = 0.(a- De™ - ) f )
= —(a=De"f+((a—-1)e™" = B)o.f

and
o? 5 o? o? 5
0. ((kO — ?)e_z —r)f = —(kf— ?)e_zf + (k8 — 7)6_2 — k)0, f
Since ) )
—(a—1) =k — 7
and )
Tien

we see that Oy f = 0. Normation of p and f can be easily checked via the
definition of the I' function.

Because of the extra factor of v f converges to 0 as z — —oo (corre-
sponding to v — 0) if a > 0, even if the Feller constraint is violated. The
same applies for general (non-stationary) solutions of both equations.

f(z) = vp(v) is actually a more general result, when considering the
cumulative distribution functions and changing variables z = logv,dz =
v ldy:

F(x) = /9; f(z)dz = /Oez f(ogv)v tdy = /Oe“ p(v)dv = P(e")

4 Discretization of the Fokker-Planck Equation

It is a standard technique to use non-uniform grids to improve convergence
at critical points without having to introduce to many grid points.

The class ConcentratingldMesher had already offered constructing meshes
with one concentrating point. This class was extended to allow multiple con-
cenctrating points according to [3].

On a non-uniform grid {z1,..., z,} the two-sided approximation of 9, f
is done by

h2_fiv1 + (A2 — b2 ) fi — h3fia

az 7 ~
f(z) hi—1hi(hi—1 + h;)
_ hicv fiy1 — fi . hi  fi— fi—1
hii+h; Dy hicv+h;  hi1

where h; := z;11 — z; and f; := f(z;). This can be interpreted as passing
a parabola through fi_1, fi, fix1 or alternatively as a weighted average of



the forward and backward derivative at z;. The formula collapses to the
usual two-sided difference on a uniform grid, but has a lower error on the
non-uniform grid.

The second derivative is approximated by

hi—ifiv1 — (hic1 + hi) fi + hifia
shi—1hi(hi—1 + hi)

8§f(zz-)

We finally sort by factors of f;, which is typically needed within a finite
difference implementation. Setting

G = hihi
¢ = hi(hi—1 + hy)
G" o= hi—i(hi—1 + hy)
we find
hi— hi — hi— hi
0f(z) ~ g R By
2 2 2
Bf(z) =~ C?fiﬂ — afi + ?fiq

4.1 General Fokker-Planck Equation in 1D

The general Fokker-Planck equation (5) in one dimension has the form
Of =02A(2)f +0:B(2)f (12)

When solving the equation on a grid, it is generally more convenient to have
the derivative operator act on the function f. The equation now takes the
form

Ouf = A(2)02f + B(2)0:.f + C(2)f (13)

with B(z) = 20.A(z) + B(z) and C(z) = 8.B(z) + 92A(z). Equation (13)
has the spacial discretization

2A; + Bihi_; —2A; + B;(h; — h;—
Of(z) = Tfiﬂ + ( é 1) + Ci> fi
2A; — Bjh;
+Tfi—1

= vifix1 + Bifi +aific1



This is interpreted as a tridiagonal transfer matrix 7" with diagonal 3;, upper
diagonal ~;, and lower diagonal «;:

fr 7 O
as P2 Yo 0
0 a3 B3 73 0
. 0 .. - 0
Qp—1 57171 Yn—1
an B’n

Then the time evolution of the discretized probability distribution func-
tion

b1
pi=1:
Pn
on the lattice {z;} is given by
op=Tp

The Fokker-Planck equations for the square root process (7), the trans-
formed square root process (9), and the square root process in log coordi-
nates (10) are of the general form (13).

4.2 Boundary Condition in one Dimension

The discretization at the boundary cannot use either fy or f,4+1, because it
is not an element of the discretization. Therefore some boundary condition
needs to be applied. While often open boundary conditions are used by
setting 92 f = 0 at the boundary and using a one sided first order derivative
for 0, f, the zero flux condition at the boundary is a natural choice for this
sort of problem. These conditions avoid leaking of probability mass via the
boundaries.

Zero Flux Condition Heuristically these boundary conditions can be
derived as follows. No probability weight shall flow from the boundaries of
our discretization, i.e. we want the weight within our our boundaries to be
constant. We add an artificial zg below the lower boundary and 2,41 above
the upper boundary to the grid. Then

Zn+1 |
(9,5/ f(z)dz=0.

0

From equation (12) we have

) / T e)ds = / o (2AG)f +0.B(2)f) dz

0




The zero flux condition therefore takes the general form
[A(z>azf + B/(Z)f] ‘

with B’ = B+, A. For a more rigorous derivation of the zero flux boundary
condition see [2].

R=Z0,2n+1

Lower Boundary Let us now look into the discretization of the zero flux
boundary conditions. The partial derivative is discretized by a second order
forward differentiation, so that all terms are given by grid points

—hg fa + (h1 + ho)? f1 — ((h1 + ho)* — h§) fo

0:f(20) =~ hohi(h1 + ho)
_ _h (ho +h1) . (2ho + 1)
e Ja+ o h (m Jo

The general zero-flux boundary condition is therefore discretized at the lower
boundary as

h ho+ h 2hg + h
0 = *%Aon + MAOfl + ((Oml)AO +B(/)) Jo
C1 Cl C1
= cfo+bifi +aifo
Now
C1 b1
fo = —fo——h
al al
h0< (2ho + hy) B(’))_l h0+h1< (2ho + hy) B(’)>_1
= S |-————+F - - + 2
& o Ta) PTa o Ta)

and this enables us to remove fjy from the discretization. Note that the result
has a nicely concentrated form of the specifics of the boundary condition in
the form of %, the rest is generic. This might not be the best way to
compute the result, whenever Ag is small.

The transfer matrix is modified by

Ohfi = mfe+Bifi+tafo (14)
c b
= m-a—)fa+(f—a1—)fi (15)
ay ax
= (1 +Ay)fo+ (BL+ AP f1 (16)
with
Ay = 041@ 1 _ @2141 — Bih 1
(F@hoth) B = f otk B
AB, = —a1h0+h1 1 7_h0+h12A1—B1h1 1
G Ghei) 4 Jo G G —Phothi) 20

This corrects the factors of fi; and fo, i.e. the diagonal and the upper
off diagonal.

10



Upper Boundary The second order backward differentiation at the up-
per boundary reads

_ _h%fn—l + (hn + hn—l)an - ((hn + hn—l)2 - h%)fn—}—l

0:f(2nt1) = hphn—1(hn + hn—1)
hn hnfl + hn th + hnfl
= 7fnf - fn + fn
TRk @

The general zero-flux boundary condition is therefore discretized at the up-
per boundary z,11 as

ho, hy, + By 2hy, + hp—
0 = CimAn—&-lfn—l - (Cl)An-f—lfn + ((C—pl)ATH‘l + B;L+1) fn+1
=: cpfn-1+bnfn+anfnil
Now
Cn, bn
fn+1 = _7fn—1 - 7fn
an Gnp,
ho [ (2hn +ho1) B\
= —— <( D 1) + +1> fn—l +
¢ (n A1
b + hp—1 <(2hn + hn—1) n BZH)l f
Cn C?'ZZ An+1

and this again enables us to remove f,41.

Otfn = Ynfosr + Bufu +anfa
n by
= (Bn_')’n%)fn‘i'(an_’)/nai)fnfl
= (Bn + A/Bn)fn + (an + AO‘n)fn—l

with

hn, 1
™ (2hnthn-1) , Bn

it Bheguat) e
hy, 24, + Brhn—1 1

(m p (2hn+hn_1) , Bh
Cn Cn & 1 + An:i

Aoy, = —Tn

hp—1 + hp, 1

A =
B n Cn @Chnthn—1) B, 1

ch Ant1
hp—1 + hy, 24, + Bohy—1 1

o Cn C:L” (2hnthn-1) B4
Cﬁ A7L+1

This corrects the factors of f,, and f,_1, i.e. the diagonal and the lower off
diagonal.

11



Boundary Factors We define the common factors of the boundary cor-
rection as the upper and the lower bondary factors

bfl = 140ﬂ
a1
bfu = An_t,_lryfn
Qn,
then
AB = _bel
G
h
A’yl = %bfl
1
Aoy, = —h—:Lbfu
ABy = h”? AN

4.2.1 Square Root Process

From the Fokker-Planck equation (8) we read
2

Alv) = %I/
B(v) = o> —k(0—v)
Clv) = &k
Therefore
My = B(Vz) = (72 — K}(Q — I/Z')
24; — Bih;  0%v; — wihi
ai = =
G G"
—2A; 4+ Bi(hi — hi— —0°v;i + pi(hi — hi_
o (B | () (<t )
Gi Gi
24; + Bihi—i _ 0°vi + pihi—i
= G - P

The zero-flux boundary condition for the square root process - using equation

(7) - is 2
[Zau(vp) + r(v — 9)1?]

=0

V=V0,Vn+1

i.e.
=0

[U;y&,p + (ﬁ(y —0)+ J;) p]

12

V=10,Vn+1



ie.

2

B'(v) = k(v—0)+ %
Therefore
pr — Bi+AB
N = mt+An
o, — ap+ Ao,
Brn — Bn+ABn
with
A h() 2A1 — Bihy 1
Y1 = P py (2h1 +ho) B/
G C1 o + Tg
- hg 0'2V1 — thl 1
G " @hothy) n K(0—0)+%
m 0_2
1 TVO
ho + hl 2A]_ — Blhl ]_
ABy = — o C{n _ (2ho+-h1) + By
ar Ao
. ho + hy 02V1 — u1hy 1
Cl C{n 7(2h0+h1) + “(VO*Q)JF%
¢ =
5 Yo
Since v is small it is better to calculate this as:
ho 0?1 — piihy 0
Am Cip ¢ (2ho+h1)vo | 2k(vo—0)+02
1 1 — % + =2
ho + hy (721/1 — p1hy 20
Ap = - m 2ho+h 2r(v—0)+0?
Cl Cl _( Oglml)yo + R V00.2 z

13



For the upper boundary

A hp 24, + Bphp-1 1
Oy = —— -
" Ch h (thz_;r?n_l) + i:ﬁ
o _@ U2Vn + pinhn—1 1
Cﬁ C’ﬁ (2hn+hn—l) H(V’ﬂ+179)+§
ot 2
5 Vnt1
B _E o2v, + tnhn—1 1
- Cﬁ Cﬁ (2hn2—hn,1) + 2}4(1/,14{1—0)—{-02
n 0% Vn+1
AB, = hp—1+ hp 24, + Bpohp—1 1
" Cn Cﬁ (thz-hn—ﬂ _ i?li+1
77{7' n+1
_ hn—1 4+ hy UQVn + pnhn—1 1
Cn C,g (thzr;lnfl) + 25(”3;;;-'—61)4_02
4.2.2 Transformed Square Root Process
From equation (9) we take
2
Alv) = %I/
B(v) = k(v+86)
2k20
C i
v = 5
Therefore
wi = B(v)=r(v;+0)
24; — Bihi _ 0°v; — pihy
oG — e
' ¢ G"
B' _ <—2Ai + Bz(hz — hz’—l) " C) - <_U2Vi + ,ui(hi — hi_1> n 2,‘@29>
(3 - 1 -
Gi Gi o?
24; + Bihi—i 0% + pihi—
Yi = D = D

The zero-flux boundary condition for the transformed density is derived from
the one for p

2 2
[(;u&,uo‘_lq + (ﬁ(u —0)+ 02> ya_lq]

=0

V=V0,Vn+1

v, g = (a— 1) g4+ 2 19,4

2 2 2 2
g g g g
?llayq + ?(Oé — 1)(] + (K,(U — 0) + 2> q = ?Vayq + Krvq

14



ie.

B'(v) = kv

4.2.3 Log Square Root Process
From the Fokker-Planck equation (11) we read

o2
Alz) = o exp(—z)
o2
B(z) = (—? —Kk0))exp(—z) + K

C(z) = rkbexp(—=2)

Therefore
o2
i = B(z)= (—7 — kb)) exp(—z;) + Kk
0 - 2A; — Bih; o?exp(—z;) — pih;
' ¢ "
—2A; + B;(h; — h;—
B; = < ( 1) + Ci)
Gi
52 . (h. — B
2A; + Bihi_; o? exp(—zi) + pihi—;
o= P - P

Zero Flux Condition As discussed above we impose
Zn+1 |
Oy / f(z)dz=0
20

Now

20
o2 1 21

_ (_((,ig _ ?); —R)f + (9z(%;f)

which implies

2=20,Zn+1

Since

1 21
0-( ) =~ ok

Zn41 Zn+1 0-2
[ asta = [T (<o - G - nr

)

021
zyﬂ>“

Zn+1

20

!
=0



We find for the log process

14
A ho 2A1 — B1hy 1
no=w m (2hot+h1) , Bi
O
_ho o?exp(—z1) — p1hy 1
= C—f cm _(2h2{+nh1) + 25(ex1;(2zo)—9)
AB ho + h1 2A1 — B1hy 1
1 = - m (2h0+h1) B!
C1 C1 — = + A—g
_ _hotho®exp(—z1) — ph 1
= Cl C{n _(2h27+nh1) + QH(GX};-(QZ())—Q)
1
A hn 2An + Bnhn—l 1
ap = —p D (2hn+h ) B’
X X S v
 ha o exp(—z) + finfns xp(—2ns1)
= (ﬁ Cg (2hn+hn_1<)n7§xp(fzn+1) + 2/{(179(9);;;(7,2”_;1))
Ag, _ moithe24nt Buby 1
L P (2hn+hn-1) _ B
o o S v
N hpn—1+ hp o? eXp(*Zn) + pnhn—1 eXp(*Zn+1)
= a Cg (2hn+hn_1c)w?xp(—zn+1) + 2k(1—6 e);p2(—zn+1))

4.3 Fokker-Planck Equation of the Heston-Process
The square root process will now play the role of the variance of a stock
process x; = log S¢/So

dee = (re—q — %)dt + Ve dWy

dvy = k(0 — v)dt + o\/ue dWY

pdt = dWFdWy
It combined process has the following forward Fokker-Planck equation for
the probability density p: R X R>o x R>g = Rxq, (z,v,t) — p(z,v,t)

2

1
O = 50;(vp) + (g — 7+ q1)0up + %83@19) — 0, (K(0 — v)p) + 0,0, (povp)

16



Alternatively this can be written as

2

14 14 g
O =1 §p+(§—Tt+qt+pa)8xp+7va3p+(02—%(9—V))8up+/€p+pw8z8up

which is more suited as a starting point for the implementation of a finite
difference scheme.

4.3.1 Transformed Probability Density
Take again ¢ = v'~%p in aboves Fokker-Planck equation. The derivatives
with respect to = do not change, since 9,0 tq = v*~19,q. Therefore most
of the work is done in the preceding section, we only need to look at the

term with the mixed derivative:

020, (vp) = 0,0, (vq) = av* 1d,q + v*0,0,q

v v
O = §8§q+(§—7’t+%)8ﬂ1+

o? 220
?yagq + /{(l/ + 9)8,,q + 761 +

apo0zq + povdy0,q
v v 216
= §8§q + (5 —re+q+ PU?)&U(] +
2 2
o 2k°0

pov0,0yq

The zero flux condition takes the form Vaz :1

=0

2
%w?uq + Kkrg + pw@zq}

2=20,2n+1

4.3.2 Heston Process in z = logv

The spot process is the same as above, x; = log S;/Sp, instead of the v
process we use the square root process for z = log v

d.fCt = (T‘t —qt — %)dt + \/Ede

b = (60— D)L it o Law
2 = ((k 5, Tk O'ﬁ ;

pdt = dWFdWY

!See again [2] for a rigorous derivation

17



The forward Fokker-Planck equation for the probability distribution f :
R x R x R>p — R>o, (x,2z = logv,t) — f(x,z,t) of this process is given by

0f(t) = GO+ (5~ rit a)ded

2

0.0 - D) w02 L)

+0,0:(po f)
with v = exp(z). This can be rewritten as

1

of = 7u82f+(g — 1+ G) 0o f

o2
1

+—782f+((— 9—7) + k)0, f+f<50 f
+paazazf

The zero-flux boundary condition is

(Ulaf—m(l—)f+pa(9f> Lo

2=20,2n+1

4.4 Discretization of the Heston PDE

The new dimension is discretized in the same way as in the one-dimensional
case. Again we do assume a regular discretization. The formulee from (4)
still apply and we end up with a transfer matrix.

Oif(xj, zi,t) = ifizrj+ Bifij +ifia
Cifijr1 +bifij+aifij1+
9-point operator for the mixed derivative

Note that the coefficients only have labels corresponding to the v directions,
since they have no dependency on z.
The zero flux condition takes the form Vz :

o? o?
{yazp + </<a(1/ —0)+ ) p+ pl/a@mp} =0
2 2 2=20,2n+1
which we generalize to
v [A(Z)aZf + B,(Z)f + C/azf] ’Z:ZO,Zn+1 =0

Using the same three-point approximation for the derivative 0, and using the
value on the neighboring grid point for the derivative d,, i.e. C'0,f(z, 21,1)
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instead of C'0, f(z, 20,t) and C'9, f(x, z,, t) instead of C'0, f(x, z,41,t) the
argument of how to integrate the boundary condition into the discretized
equation stays the same as for the square root process, we only get the last
term as an extra term. Equation (14) is thus modified to

hfi = mfet+bfitaifo+...

b C’
= (n—a Dot (B — a1tV — a1 fi+ ...
al al al

Because the boundary factors comprise a factor of Ay, A,11, resp., we
have for the last term

' /
= —pf =
“ aj AO
and o o
n— = bf"
“ an An+1

You will find the implementation of the zero flux boundary condition in
FdmSquareRootOp.

4.5 Stochastic Local Volatility

As a last extension we add a local leverage function L to the process by
replacing v; — 14 L?(x,t) in the z; process. If the v, process is constant, this
reduces to the well-known local volatility model and the leverage function
can be identified with the local volatility surface. A constant v can be
achieved by setting the vol-of-vol ¢ = 0 and the start volatility equal to the
long-term volatility 8. Without loss of generality we can assume v = 1 in
this case. If on the other hand L = 1, the model is again the standard Heston
model. To make the tuning between the models easier, we will introduce a
mixing parameter n, by replacing ¢ — no later.

doe = (re—qr— %)dt + Vi L(z, ) dWE
dvy = k(0 —v)dt + o/v dW/}
pdt = dWEAWY

It has the following forward Fokker-Planck equation for the probability den-
sity p: R x Rzo X RZO — Rzo, (ZL‘, I/,t) — p(iE, v, t)

1 v
Op = §6§(vL2p) + 33;(5112 —re+q)p

0.2
+-0,(vp) = O (5(0 = v)p)
+0;0,(povLp)
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Now we have an additional choice to make during the implementation. The
first is to keep L and p together:
v v
Op = §8§L2p + (=r¢ 4+ q1)0zp + §8xL2p + pod.Lp
o o 2
+?V8l,p + (06— k(0 —v)0yp+ kp
+povd, 0, Lp (17)

The zero flux condition takes the form Vz :

=0

o? o?
[V@Zp + </€(V —0)+ > p+ puJOpr]
2 2 2=20,2n+1

The extension of the zero flux boundary condition to the two dimensional
case can be found in FdmHestonFwdOp.

4.5.1 Local Volatility Model

As a side-remark and because the local volatility model is a limiting case
of the SLV model, we note the equations for this model here. The leverage
function L is identified with the local volatility surface L(z,t) = o(x,t):

dry = (ri—q — %)dt + o(x,t)dWy

It has the following forward Fokker-Planck equation for the probability den-
sity p : R x RZO X RZO — Rzo, (.’IJ, l/,t) — p($, v, t)

1 1
op = S0(0(2,)%p) + Ou(Go(w,t)* =11+ ar)p

1 1
= SO0 tPp) + (—ru+ a)0ap + 50u(o (1))

An implementation of the Fokker-Planck operator can be found in the new
class FdmLocalVolFwdOp.

4.5.2 Transformed Density Function

v v 2K0
oq = 583L2q + (=71t + q1)0q + 8x(§L2 + pU?L)q +

2 2

o 2k°0

§w£q+qu+m@q+7§@+

pov0,0, Lq

The zero flux condition takes the form Vz :

o2
Eu&,q + kvq + pua@qu] =0

2=20,2n+1
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4.5.3 Fokker-Planck Equation in logv

0f(t) = SRWLA) + 0,512 i+ a)f
21 21
~0.((R0 = )5 = R)f + 32T f)
+0,0.(poLf)

with v = exp(z). This can be rewritten as

1
of = §V8§L2f + (=7t +qt)0z f + gaxL2f
0?1 o2 1 1
+7;82f + ((—rb — ?); + k)0, f + /@G;f
+p00,0,Lf

The zero-flux boundary condition is

21 0 !
<G2V3zf w1y +poafo> Lo

2=20,Zn+1

4.6 Non-uniform Meshes

Adaptive grids are useful, especially to improve the calibration. The start
condition for the Fokker-Planck equation is a highly singular - and concen-
trated - Greens function. Therefore one might expect, that a grid concen-
trated at the origin will improve the calculation. Also special care has to be
taken for the lower bound if the Feller constraint is violated.

Implementation follows [Tavella & Randall 2000] [3] utilising Peter Caspers
Runge-Kutta solver for the ordinary differential equation

NI

dY (e - _
di ) kzle(€) 2]
Jiu(e) = B2+ (Y(e) — Bp)?
Y(0) = Yin
Y1) = Y

= A

based on the coordinate transformation Y = Y'(¢) for n critical points By,
with density factors 5 and A chosen such that Y (1) = Y4s-

4.7 Adaptive Grid Sizes

The probability density is highly concentrated at the beginning and blurs
out over a much larger scale later on. The evaluation of the probability
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Figure 2: Example for a non-uniform mesh: 2y = In(100), 9 = 0.05, Feller con-
straint is fulfilled

density function is therefore a multi scale problem and best dealt with using
an adaptive grid size. The grid should only be defined on areas where the
probability density function is not negligibly small or zero. Defining this
area is a sort of an chicken and egg problem because the density is what
we want to calculate and we do not know in advance where is significant
contributions are. Therefore we solve the problem separately for In .S and v
direction. The v direction is simple because the Fokker-Planck equation for
the square root process has the known closed form solution

o2 (1 — e_“t) 19 4reht 40k
n= T () = 09

The high quality implementation of the non-central y-square distribution in
the boost library allows to calculate prober quantiles for the distribution
density.

It would be difficult to extract the same information for In.S out of the
stochastic local volatility equation (17) without solving the equation. But
the same information is already encoded in the implied or local volatility
surface of the market. If e.g. the local volatility surface is given then the
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one dimensional Fokker-Planck equation can be solved quite easily and the
boundaries for the grid size in In S can be derived from there.

Adaptive Time Steps Adpative Time Step Size
N
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_ 8
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° T T T T T T T T T T
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Figure 3: Example for adaptive time and grid meshes used for a relastic Heston
local volatility calibration. z¢ = In(100),r = 0.01,q = 0.02,x = 2.0,0 = 0.074,p =
—0.51,0 = 0.8, 9 = 0.1974. The market implied volatility surface is shown in figure

(4)

The figures (3) show the adaptive time and grid meshes used in a realistic
calibration of the Heston stochasic local volatilty model.

4.8 Adaptive Time Steps

Clearly the first steps sizes should be small compared with later steps when
the density in v direction is closed to the stationary probability density. The
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Figure 4: Implied volatility surface for Heston local volatility calibration.

following parametrization of the time steps turned out to be useful

At; = (1 . e*M) At + e M AL, (19)

5 Calibration

The calibration procedure follows Tian et al [4]. A short summary of the
calibration procedure is the following. The key to the calibration is equation
(3). First we calibrate the Heston model and the Local Volatility model
independently. The local volatility model can in principle calibrate exactly
to vanilla options, while the Heston model might not produce enough skew
at the short end.
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Now start with the short dated end of the leverage function by evolving
the probability density using the Fokker-Planck equation and integrating the
density as in equation (3). The implementation of the calibration can be
found in HestonSLVModel in method performCalculation. This method
is called by the LazyObject mechanism, if leverageFunction is called and
a recalculation is necessary. Additionally we have introduced a new lo-
cal volatility object to store the information of the leverage function in an
efficient way, when the grids are non-uniform and adaptive in size. The
implementation is found in FixedLocalVolSurface.

The mixing parameter could additionally be calibrated by using prices
of liquid exotics like barrier options. This is not implemented.

6 Results and Outlook

We have implemented several test cases in the QuantLib test framework.
They can be found in the class HestonSLVModelTest. The most important
one takes a flat local vol surface of 30% and a Heston Model with parameters
So = 100, \/vo = 24.5%,k = 1,0 = 1, 02 =0.2,p = —75%. The correspond-
ing implied vol surface is shown in figure 5. It then calibrates the leverage
function, which has to flatten the implied vol surface given by the Heston
model. The resulting leverage function is shown in figure 6. Afterwards
we price a set of vanilla option using this calibrated SLV model to test for
the round trip error. We found that using suitable parameters the error in
implied volatilities is less than 5 bp.

The mixing parameter is not used during calibration at the moment.
Calibrating to exotics is left to futuer extensions of the SLV model.
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Figure 6: Leverage function after round trip calibration
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