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The paper deals with weak approximations of stochastic differential equa-
tions of It6 type, where convergence rates of the approximate solutions are ob-
tained using Ej| - ||‘(’J[t0,T], P € [2,00). The rates can also be interpreted as rates
for the L? Wasserstein metrics, p € [1,00), between the distributions of exact and
approximate solutions. This metric is a minimal distance of two r.v.’s with fixed
distributions, and, thus, it is the optimal value of a marginal problem. The ap-
proximation scheme considered is a combination of the time discretization based
on the stochastic Euler method with a chance discretization based on the invari-
ance principle, and it works on a grid constructed to tune both discretizations.
The schemes are adapted to treat econometric ARCH/GARCH models.

1. Introduction. This paper is designed to approximate the solution of
a multi-dimensional stochastic differential equation (sde) of It6 type, following
the lines in Gelbrich (1995) and adapting the results in order to deal with
approximate solutions known in econometrical models. That means, drift and
diffusion may depend not only on the present, but also on past time points.
The methods investigated here are based on the evaluation of the drift and
diffusion coefficients at grid points, and they combine the time discretization
of the sde — as done for instance by the stochastic analogue of Euler’s method
— with the discretization of the stochastic input, the Wiener process. This
combination of time and chance discretization is necessary for a computer
simulation of the solution of the It6 sde.
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A broad survey of various approximations to solutions of sde’s is given
in the monograph by Kloeden and Platen (1992). Platen (1981) gives conver-
gence orders of time discrete approximations — constructed via the stochastic
Taylor expansion — with respect to the mean square of the supremum norm.
The method of order one considered there is the stochastic Euler method
(introduced by Maruyama (1955)) and will be the basis of the method con-
sidered in the present paper. Together with these time discretizations we will
discretize the Wiener process and estimate the distance between the distribu-
tion of the exact solution and the distributions of the approximate solutions
— all solutions being referred to as random variables with values in a space of
continuous functions.

Kanagawa (1986) uses a method derived from the stochastic Euler method
by replacing the increments of the Wiener process by other “simpler” i.i.d.
random variables: He uses LP Wasserstein metrics (p > 2) between the distri-
butions of exact and approximate solutions, thus achieving convergence rates.
(For a broad survey of probability metrics see Rachev (1991), of L? Wasser-
stein metrics see, e.g., Givens and Shortt (1984) and Gelbrich (1990). We use
the same metrics, but make the method of Kanagawa more flexible, so that it
will converge faster.

On an interval [to, T] let an equldlstant grid H with grid points to = fp <
iy < --- <t = T with step size h be given. H will be the minimal set of
time pomts at which values are available for the method, and & will be the
period between two neighbouring observations in the past which influence the
present drift and diffusion coefficients at any time. For any t € [to,T] we define
ig(t) := max{i : £; < t} as the number of time steps & one can go back into
the past from ¢.

We consider a stochastic differential equation in integral form where drift
and diffusion coefficients depend on the present state as well as on the states
at times reached by going from the present back into the past by multiples of
h:

z(t) — 2o = /t b(z,s)ds+ /ta(x, s)dw(s)
= /t b(z,s)ds + E crj(z,s)dwj(s), (1)

to
t € [to,T),z0 € JR ,

where w = (wy,...,w,)T is a g-dimensional standard Wiener process, and
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where we use the notations

b(z,s) := bH ) (2(s),a(s — h),z(s — 2h), ..., (s — ig(s)R)),
o(z,s) = (o1(z,$),...,04(,s))

:= o'#0) (2(s),2(s — h),z(s — 2h),...,z(s — ig(s)h))

with b € C(R™*+V)?; R?) and 0¥ € C(R¥tV% L(RI; R?Y)), v = 0,...,ig(T),
where 0% € C(R™*V4; R?), j = 1,...,q, denote the columns of the matrix
function ¢” = (07,...,0y). Here and in the sequel we denote by C spaces of
continuous functions, by £ spaces of linear mappings, and by ||-|| the Euclidean
norm on IR™ (n € IN) and the corresponding induced norm on a space L.

For any random variable ( mapping a probability space (Q2,.4, P) into
a separable metric space (X, d) with the Borel o-algebra B(X), the notation
D(¢) shall mean the distribution P o (! induced on X by . P(X) shall be
the set of all Borel probability measures on X.

The case in which b and o explicitly depend on the time ¢ can be written
in the form (I) by taking ¢ as another component of . A direct treatment of
this case — carried out in Gelbrich (1989) for equidistant grids and bounded b
and o depending only on the present state — follows the same lines as in this
paper, but permits relaxation of second order differentiability w.r.t. ¢, that
would be required for using the results in the present paper, to first order
differentiability w.r.t. ?.

For p € [1,0) we define a metric W), on the set M,(X) := {p € P(X):
Jx(d(z,0)"du(z) < 00,6 € X} by

1/p
Wyluo) = [inf [ (@aPanen] " u e M)

where the infimum is taken over all measures n € P(X x X) with marginal
distributions y and v. Thus, computing W, is equivalent to solving a marginal
problem. W, is called the LP Wasserstein metric or L? Kantorovich metric
(see Rachev (1991)) and has the properties of a metric on M,(X) (see Givens
and Shortt (1984)). With respect to these metrics Kanagawa (1986) states a
convergence result for a sequence of approximations to the solution z of (I)
which are constructed over equidistant grids using both the stochastic Euler
method and a substitution of the Wiener process increments between grid
points by other i.i.d. r.v.’s (which are for instance easier to generate on a
computer). This idea of joint discretization w.r.t. time and chance (earlier
considered also by Janssen (1984)) gave rise to a certain construction leading
to the definition of the approximate solution (E3); we shall describe them both
in the rest of this section.



100 DISCRETIZATION FOR DIFFERENTIAL EQUATIONS

The approximate solution (E3) can be seen as a framework for deal-
ing, e.g., with certain models known in econometrics literature as Autoregres-
sive Conditional Heteroscedasticity (ARCH) or Generalized ARCH (GARCH)
models which use discrete time processes in order to model stock price changes.
We give a definition of these concepts:

Considering the equidistant grid ¢g = fy < f; < -+ < {3 = T with step
size h on the time interval [to, T, we follow Engle (1982) and Bollerslev, Chou,
and Kroner (1992) in defining a univariate ARCH model as a discrete time
stochastic process (e{i)izo,,,,,ﬁ of the form

€ = 000,

where c“rf‘, is a positive measurable function of the time points fo, fl, cee, t; and
the é;, arei.i.d. r.v.’s with zero mean and variance one. In a linear ARCH(%)
the variances o;, depend on the squares of the past 1 values of the process:

2 K
&f; =wt Y, or€
r=0
whereas in the more general linear GARCH(¢,1) they may also depend on the
¢ recent variances:

~2 = o
o; = w+ > are; + 25’Uf;_r' (1)
r=0 r=1
In these models it is assumed that w > 0, a, > 0, 8, > 0 for all r. Later we

will embed this model (slightly modified) into the constructed approximation
for the sde (I).

The corresponding multivariate model reflects price changes in portfolios
of d assets and is a process (6&){:0’.",7‘1 c R? with

—l/2
6fi+1 = Qfg 57;‘,
where the (); are positive definite d X d matrices and measurable functions
of 1y, ...,%;, and where the 6;, are i.i.d. r.v.’s with zero mean and have the d-

dimensional unit matrix as covariance matrix. For the the multivariate linear

GARCH(¢,3) one sets

Y-1 ¢
vech(Q, ) =W+ 3 A,vech(e;i_re;:’f )+ > Byvech(%; )
r=0 T T

r=1

where vech(-) puts the lower right triangle of a symmetric d X d matrix in the
form of a vector in JR1/24(@+1) and where W € IRY/24(d+1) and the A, and B,
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are (1/2-d(d+1)) x (1/2-d(d + 1)) matrices. The process (¢;,) is designed to
model stock price changes, and a model (S{‘_)l’m’ﬁ of a d-dimensional portfolio
price process is obtained by setting

€&, = In(5;,) —In(S;,_)),

the logarithms taken componentwise. Then the process
Af,- = ln(SL:‘_) = ln(St'o) + 2_:16{’_

has independent increments whose covariance matrices ;, depend on the
prices at the times #g,...,#;_;. The method (E3), defined in the sequel, will
also produce processes with independent increments and will provide conver-
gence rates w.r.t. the W, metrics towards the solution of (I). Compared with
(In(S;,))i=o,....4, the convergence result for (E3) will require a bounded diffu-
sion and allow for a drift, both as functions of the present state and of the
states reached by going any number of time intervals h back into the past.
Moreover, the discretization will go beyond the grid mentioned above and use
(possibly) a finer grid for a better time discretization, using the stochastic
Euler method (E1), and an even finer grid to construct invariance principle
approximations — with a rate fitted to the time discretization rate — of the
Wiener process between neighbouring grid points for the Euler method (E1).
The method (E3) is given — following the lines in Gelbrich (1995) — together
with the two “intermediate” methods (E1) and (E2) which will facilitate the
proof of the main convergence result by allowing us to divide it into three
steps.

In the sequel we shall use the following general assumptions concerning
(I):
(V1) There exists a constant M > 0 such that

forall j=1,...,¢; v =0,...,ig(T) and zo,...,z, € IR

16°(20,- s 2l < M1+ max llzgl)  and

lo¥(zo, ... zu)l| £ M.

(V2) There exists a constant L > 0 such that
forall j=1,...,q; v =0,...,ig(T) and zo,...,%0,%0,---,Y» € R?

16 (zo, . -y x) — 0" (Y05 - - > )| £ Lorgax |z, — yoll and
<Py
0420, ++.) = 4oy -, 1)l < I max = wl.

(V1) and (V2) assure the existence and uniqueness of the solution of (I),
both in the strong sense (see Gikhman and Skorokhod (1977)). The bounded-
ness of o; in (V1) seems to be essential for the proof of Theorem 2.3.
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As mentioned above, the approximate solutions in this paper are each
based on a “double grid” — a coarse grid for the time discretization and a
fine grid, being a refinement of the former, for the chance discretization via
the invariance principle which yields a lower convergence speed than the time
discretization. That is why we consider a grid class G(m,a,(3). Here let
m: (0,T — to] — [1,00) be a monotone decreasing function, and let o, > 0
be constants. Then each element G of G(m, a, ) is constructed in the following
way and has the following properties:

G consists of two kinds of grid points:

s the time discretization points tx,k =0...,n,withtg <t; <...<t, =T
and

s the chance discretization points uf,i =0,...,mk,k=0,...,n—1, with

th=uf <uf<...<uk, =trp1, k=0,...,n—1.

Hence, G is a combination of a coarse subgrid consisting of all points ¢ relevant
for the pure time discretization and of a fine grid consisting of all points u*
needed for the discretization of the Wiener process. Now G is required to
satisfy the following assumptions:

(G1) tk — tg—y = T—;"Q::hg lforaﬂkzl,...,nandiz/helfv,
(G2) 1 < mg < m(h)* for all k=0,...,n-1,

(G3) wb —uk = -2 < ﬂﬁ(hh_) for all k=0,...,n—1,1=1,...,mg.

mg

Here (G1) means that the coarse grid is equidistant with step size h (required
to be bounded by 1 only for convenience, in order to write simpler upper
bounds later) and contains the master grid H. (G2) and (G3) say that each
interval of the coarse subgrid is subdivided in an equidistant way by the points
u¥, both the number of the subdivisions and the step size of the full grid being
bounded by functions of h. As an example, it is easy to see that all equidistant
grids which satisfy my = [m(h)], k=0,...,n—1, belong to G(m,1,2).

For a grid G of G(m, a, ) we define
[tle:=tx and ig(t):=k, if € [tk,tky1), k=0,...,n—1, and

[t :=uf i te[uf,ufy), i=0,...,my—1, k=0,...,n—1.

We construct the approximate solution in (E3) in three steps. The first step
is a pure time discretization using the stochastic Euler method (E1) (see
Maruyama (1955)). Here only the coarse subgrid is involved.

(E1) vE(t) = 2o +/t b(yZ, [s]G)ds + i:l fti o;(yZ, [slg)dw;(s), t € [to,T].
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In the second step, a continuous and piecewise linear interpolation of the
trajectories in (E1) between the points of the whole fine grid yields the method
(E2).

#F is continuous, and linear in the intervals [uf_l,uﬁ],

(E2) t=1,....,mg, k=0,...,n—1,
with §&(uf) = yF(uk), i=0,...,m4, k=0,...,n— 1.
In the third step, the Wiener process increments over the fine grid are

replaced by other i.i.d. r.v.’s: Let 1 € P(IR) be a measure with mean value 0
and variance 1, and let

{5;93: j=1,...,¢; s=1,...,mg; k=0,...,n—1}

be a family of i.i.d. r.v.’s with distribution D(£);) = p. Then we can define
the following method (E3) yielding continuous trajectories which are linear
between neighbouring grid points:
( 2P (ud)=z0, and
k=1 .

2P (uF)=z0 + X_:Ohb(zE,tr) +h- mLkb(zE,tk)
(E3) 4 g k=1 my i
+3 £ EeE 0 E 6+ Eo G w T e

j=1 Lr=0 s=1 s=1

L foralli=1,...,mg, k=0,...,n—1.

For this last step, the Wiener process w and the r.v.’s {ﬁ will have to
be defined anew on a common probability space. The following section inves-

tigates the convergence rates w.r.t. the norm E sup ||| for C([to, T]; R%)-
to<t<
valued r.v.’s in each of the three steps.

But first we will explain how (E3) looks for the univariate GARCH(%,¢)
model (1). For this we note that we can write the diffusion 6; , v =0,...,#,
as a function

v—1
&fu = &V(Afp’Af,,—B’ .. ”Afy—uﬁ) = (w,, + kz_:oou’k(AtA”_kiz — Afu—(k+1)h)2)1/2a

for some positive numbers w, and 6, x. This becomes clear by recursive sub-
stitution using (1). It is obvious that all 6" satisfy (V2). In order to fulfill
the boundedness condition (V1), instead of §”, we use a function bounded by
some number B > 0, namely

& = (6" AB)V (-B).
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This slight modification should not be significant in practical applications.
Now, for the univariate linear GARCH(%,¢), our model (E3) has the following
form which we will call refined bounded GARCH (RBGARCH):

AE(ug) = Ato’ and

AP (uF) = AB(t) + \/ ;n’i;&iH(tk)(AE(tk)aAE(tk_i‘)’
(RBGARCH) 4 o
o AP(—in(th) D

{ forall i=1,...,mg, k=0,...,n-1,

where we define the values of AF between the grid points by linear interpo-
lation. Here the increments of A¥ may depend on all the so far passed time
points in the coarse time discretization grid which is usually finer than the mas-
ter grid H (but contains it) on which the scheme (1) operates. That means,
with a finer time discretization more observations are needed for the whole
approximation, but at each time point the diffusion coefficient still needs a
restrictgd number of observations back in the past in time intervals with fixed
length h.

The matching sde (I) for the method (RBGARCH) is

A(t) = Agy + / 1O (As), A(s— B, .., A(s—in(s)R))duw(s),  (2)

to

for t € [to,T). Later we will see that A¥ converges towards A in W),-sense.
We call (2) continuous bounded GARCH. It is our hope that the L? estimates
of the closeness between the discrete model (RBGARCH) and the continu-
ous bounded GARCH will provide us with the necessary tools to construct a
contingency claim valuation theory and capital asset pricing models based on
(2) which is certainly a much more realistic model for asset pricing than the
log-Gaussian model (see Kariya (1993), Mittnik and Rachev (1993) for further
discussion).

2. Convergence results. According to the evolution of the method
(E3) via (E1) and (E2), each step will be represented by one convergence
theorem, yielding then immediately the main result given in two forms — one
using the W, metrics. The proofs of these three theorems can be found in
Section 3. The theorems in the sequel will be formulated for an arbitrary fixed
grid G of the grid class G(m,a,3). Therefore G fulfills (G1)—~(G3) with the

construction in the previous section.

For convenience, throughout the whole paper, we shall denote by K any
constant depending only on p, the considered grid class, and on the data of
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the original sde (I). This means, K does not depend on the particular grid.
Moreover, K may have different values at different occurrences.

The first theorem gives rates for the convergence of the approximate
solutions in (E1) to the solution of (I). For p = 2 and drift and diffusion
dependent only on the present state, it was proved by Platen (1981) — and it
was generalized to the case p € [2,00) in Gelbrich (1995), Theorem 2.6, using
quite similar techniques.

THEOREM 2.1. Let p € [2,00). Then, (V1) and (V2) imply

E sup ||x(t) - yE(t)”p < K -h?I?,
to<t<T

Whereas the solution in (E1) behaves like the Wiener process between
two neighbouring points ¢x_; and tx of the coarse subgrid of G, the method
(E2) provides a solution smoothened by linear interpolation with vertices in
all grid points of G, that means in all u¥. The next theorem gives estimates
for the LP-norm of the difference between the approximate solutions in (E1)
and (E2):

THEOREM 2.2. Let p € [2,00). Then (V1) and (V2) imply

e mp 150 -0 < K (sl (1410 (=82))"

In the last discretization step the Wiener process increments shall be re-
placed by i.i.d. r.v.’s with a given distribution x on IR. But the corresponding
results in Theorem 2.3 hold only in the weak sense, i.e. the Wiener process
(and its increments between the points of G) and i.i.d. r.v.’s £7; can be defined
on a common probability space such that the estimates hold.

THEOREM 2.3. Let p € [2,00) and p € P(IR) have the following properties:

/xdu(z) =0, /de,u(z) =1 and /et’”du(z) < o0 3)

for all t with ||t|| < T, 7 > 0.

Then we can define a q-dimensional standard Wiener process (w(t))m[t0 7]
and a set of i.i.d. r.v.’s {ffi tji=1,...,¢q; i=1,...,my; k=0,...,n—1}
with distribution D(£9;) = p on a common probability space, such that for
the solutions in (E2) and (E3) constructed with them we have, under the
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assumptions (V1) and (V2), that

p
E ”Et—Etp<K(M>.
tossgr_éTlly ) - 2E@)|° < NCTO)

The preceding three Theorems 2.1, 2.2, and 2.3 yield the following theo-
rem which gives bounds for the LP-norm of the differences between the exact
solution z of (I) and the approximate solution 2 defined in (E3). Again, as
in Theorem 2.3, this is a result in the weak sense.

THEOREM 2.4. Let p € [2,00) and p € P(IR) have the properties (3).

Then we can define a q-dimensional standard Wiener process (w(t))te[t0 7]

and a set of i.i.d. r.v.’s {{fz- 2j=1,...,¢; 1=1,...,my; k=0,...,n—1} with
distribution D(€9,) = p on a common probability space, such that for (I) and
the method (E3) constructed with them we have, under the assumptions (V1)
and (V2), that

P
E su x(t) — zE t P < K {hp/2 + (1+lnm!h!> }

Proor. show that the assertion follows from the Theorems 2.1, 2.2, and
2.3 it suffices to verify that

2
_h_ m(h) - [ 14lnm(h)
m(R) (1+1n( z )) s K ( J/m(h) ) '
But this follows easily from (26) for y = + > 1 (because of (G1)) and § =
m(h) > 1. 1
Since Theorem 2.4 provides a result in the weak sense, it is appropriate

to formulate it as an estimate for the LP Wasserstein metric between the
distributions of the exact solution and the approximate solution:

CoroLLARY 2.5. Let p € [1,00) and p € P(IR) have the properties (3).

Moreover, let (w(t))tE[t0 1) be a g-dimensional standard Wiener process and

{f;% ci=1..,¢;i=1,...,mg; k=0,...,n—1} a set of i.i.d. r.v.’s with
distribution D(£;) = p. Then for (I) and the method (E3) constructed with
them we have, under the assumptions (V1) and (V2), that

Wy(D(z), D(2F)) < K {hl/2 + lt}“—;%ﬁl} .

Proor. For p € [2,00) the assertion follows directly from Theorem 2.4
and after applying to the right-hand side the inequality @} + a} < (a1 + a2)?
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for ay,a2 > 0 and p € [2,00). (This inequality becomes obvious by dividing
a; and ay by a; + as in case this sum is positive.) The assertions are also true
for p € [1,2), since W,,, < W, for 1 < p; < p; < oo (see Givens and Shortt
(1984)). 1

The estimates in Theorem 2.4 and Corollary 2.5 give convergence rates
w.r.t. h for the method (E3) and for any grid sequence in G(m,a, ). These
rates consist of two summands, one depending on h and the other depending
on m(h), representing the rates of time and chance discretization, respectively.
Obviously it is not desirable that one of both summands converges faster than
the other for this would only increase the costs in relation to the effect. Namely,
if the second summand converges faster than the first, this would mean that
m(h) increases too fast and consequently — because of (G3) — the whole fine
grid has too small a step size, i.e. there are too many points uf in relation to
the tx in each grid and therefore a random number generator would be used
too often. If the first summand converged faster than the second, then m(h)
would increase too slowly, i.e. the intervals [tg,tx4+1] would not have enough
intermediate grid points ¥, so that the chance discretization would not keep
up with the time discretization. Therefore, it is desirable to tune the rates of
both summands, i.e. to equal the powers of h in both summands. This means
to choose m(h) to be increasing like 1/h. In this way we get the following two
corollaries immediately from Theorem 2.4 and Corollary 2.5.

CoROLLARY 2.6. Let p € [2,00) and pu € P(IR) have the properties (3).
Then we can construct the solutions in (I) and (E3) on a common probability
space (as in Theorem 2.4) so that under the assumptions (V1), (V2), and

max {sup0<s§ sm($), SUPocs<1 -sﬁ} < K we have that

E sup [lo(t) - 2(1)||" < K - hP/2(1 = In h)P.
to<t<T

COROLLARY 2.7. Under the assumptions in Corollary 2.5 and with

max {sup0<ss1 sm($),8UPogs<1 mlw} < K we have:

W,(D(z), D(zF)) < K - h**(1 — In h).

Thus, given a grid sequence in G(m,,3) with h — 0 and using the
metric W, we have, under the assumptions of Corollary 2.7, for the method
(E3) the convergence rate O(h!/%(1 —Inh)) w.r.t. the maximal step sizes h of
the coarse subgrids and the convergence rate 0((#}5)1/4(1 —In ;(hh—))) w.r.t.

the maximal step sizes E%IT) of the whole fine grids and the convergence rate
O(N~'4(14In N)) w.r.t. the number N of all gridpoints of the whole fine grids.
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Kanagawa (1986) deals with the method (E3) in the case of m(h) = 1 and gets
at most — assuming the existence of the third moment of £9; — the convergence
rate O(N~Y/¢(In N)), (¢ > 1/2). Kanagawa’s result does not follow from
the results proved here and was proved using different tools and different
assumptions. Our method (E3) yields a better order (essentially N~1/4) than
Kanagawa’s method — we call it (K) — (essentially N~1/6). Moreover, (E3)
needs to compute the coefficients b and o only in a small part of the N grid
points, namely the points ¢ of the coarse subgrids, whereas (K) requires the
computation of the coefficients in all N grid points. This shows that (E3) has
also lower costs than (K) for the same N. If we take in the grids for (E3) and
(K) the same numbers n of ”expensive” grid points (i.e. points where b and o
have to be computed) or the same corresponding step sizes h, then the orders
of (E3) and (K) are essentially n~1/2 and n~=1/6 = N=1/6 (or A1/2 and hl/6),
which makes the difference between both methods more significant.

Under the assumptions of Corollary 2.7 we get for the discrete model
(RBGARCH) and the solution of (2) (the continuous bounded GARCH) the
convergence result

Wy(D(A), D(AF)) = O(h'/*(1 - In k),

i.e., the distribution of the process A¥ — obtained by (RBGARCH) - and the
solution A of the sde (2) are closely related, where A can be referred to as
the ideal, continuous model and AF as its discrete approximation, and for the
model (RBGARCH) we can estimate the approximation error by means of
the W, metrics. The link of this model to the sde (2) and its solution, the
continuous martingale A, immediately allows the use of stochastic calculus and

martingale theory to investigate (2) and A and draw conclusions for the time
discrete process AF defined by the method (RBGARCH).

3. Proofs. The proof of Theorem 2.1 shall use three lemmas which
are stated below and proved in Gelbrich (1995). The first one provides the
multi-dimensional Hélder inequality in both continuous and discrete form:

LEMMA 3.1 (HOLDER’S INEQUALITY). a) Let p € [1,00), s < t, and let
g:[s,t] = R% g(u) = (g1(u),...,94(u))T (u € [s,t]), be a Borel measurable
function such that |g;|P is Lebesgue integrable over [s,t] fori=1,...,d. Then

/s t 9(u)du

b) Let p € [1,00) and a; € IR? for all i=1,...,r. Then

< (t— syt / lg(w)[Pdu.

r

> a

i=1

p r
< Py el fP

=1
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The main tools for the proof of Theorem 2.1 are the multi-dimensional
martingale inequalities which the following lemma contains in both continuous
and discrete form. It is a consequence of a generalization of results in Ikeda and
Watanabe (1981) and Shiryaev (1984) to the multi-dimensional case, combined
with Lemma 3.1.

LEMMA 3.2. Let p € [2,00). Then there exist constants Cp, A, > 0 such
that the following assertions hold:

a) Let (w(t), F(t)):e[y,6) be a one-dimensional standard Wiener process
over the probability space (2, A, P). Then for every function g = (g1,...,94) :
[v,6] x @ — IR* with

(i) g(-,w) is square-integrable over [v, é] for almost all w € Q, and
(ii) g(u) = g(u,-) is F(u)-measurable for all u € [y, §], we have

E sup
v<s<t

L}Mwm

< (4= PG, [ Blgipan

for all t € [, 4].

b) Let (M,, Fs)s=o,...r be an IR*-valued martingale (i.e. each component
is a martingale), and let p € [2,00). Then with AM, := M; — M;_; we have

r
E max || M| < Ap(dr)P/*T'EY | AM,|P.
0<s<r s=1

Also for Gronwall’s lemma we need — besides its original form — a discrete
analogue:

LEMMA 3.3 (GRONWALL’S LEMMA). a) Let f : [to,T] — [0,00) be a contin-
uous function and ¢y, ¢ be positive constants. If for all t € [to, T

t
f@@)<ertea | f(s)ds
to

then
sup f(t) < cpe2(T—%),
to<t<T
b) Let ag,...,an, and c1, c2 be non-negative real numbers. If for all

k=0,...,n

1k=1

ap <e1+e2— Y a

T i=0

then

max a; < ¢1e.
0<i<n
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Now we prove Theorem 2.1, following the lines of the proof of Theorem
2.6 in Gelbrich (1995):

Proor oF THEOREM 2.1. First, we observe the boundedness of the pth
moment of the solution in (I): From Lemma 3.2a) and Lemma 3.1a), b) and
(V1) we get for all ¢ € [to, T

E sup ||a:(.s)||” < K(||z0||”+E sup (T to)P~ 1 ||b(a: u)||Pdu

tp<s<
p)

< K( / Eflb(z, w)[Pdu + 3 Euaj(m,u)u"du)

J=1Jto

¢
<K (1+/ E sup ||z(s)||pdu)
to toSsSu

and from Lemma 3.3a)

g
+ Y E sup

j=1 tp<s<t

st )

E sup [e(®)]” < K. (4)

to<t<

Using the definitions (I) and (E1), we split the following difference for
t € [to,T]Z

2(t) - yE (1) = / [b(z,5) - b(z, [s)a))ds + / b [sle) — b4, [s)c)lds
+ 2_:{ [ To3(2,9) - o3(2. [la)lduy(s)

IR (5)

4 / (032, [sl) — o547, [s]a)]dwj(s)}

g
=1 1(1) + J2(t) + 20 {J5(2) + Jaj(1)} -
J=1
Now for all ¢ € [to,T] Lemma 3.1a) and (V2) imply

E sup ||J1(r)lI” < (T —t0)"” IL”/t E sup [lz(u) - 2([ule)lds,  (6)

to<r<t to<u<ls

i
E sup ||J2(7‘)“”S(T—t0)p"lf3p/ E sup |lz([u]e) - y*([ule)||Pds
to<r<t to to<u<s

: T (7)
<K [ E sup [z(u) - y"(u)|Pds,

to tolu<ls
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while Lemma 3.2a) and (V2) imply

EtOSSuTI;tIIJsj(T)II” <K ® sup [|z(u) — z([ule)|"ds, (8)

to to<u<s

E sup HJ4](7‘)H”<I&/t E sup [le([u]e) - y*([ul6)[Pds

to<r< to<u<s

;o 9)

51{/ E sup ||lz(u)— yZ(w)|Pds.
to

to<u<ls

Here, by Lemma 3.1b), a), Lemma 3,2a), (V1) and (4), it holds for all s € [to, T']

that
p }

E sup l|lz(u) —2([u]6)|IP
< K-E sup {
u q u
<K-E sup {h [ e oyipan+ et | ||aj<x,v)||f’dv}
[ula J=1 [ule

to<u<s

P q
+2
i=1

JR
[“]G

to<u<s
/ b(z,v)dv
(vl
to<u<ls

<K {h”/2 (1 +E sup ||a:(t)||p> } < K -hPl2,

to<t<T
(10)
Summarizing (5)-(10), we get for all ¢ € [to,T] that

E sup llz(r) = y® (NP < K [E sup ||J1(7‘)H”+E sup. HJz(T)II”

to <'I‘ to 7'

to<r<

g
+ ZI{E sup {5 ()" + B sup ||J4J(T)||”}]
J=
t
<k {[ B sup ot~ s wit},
to to<u<s
and the assertion follows from Lemma 3.3a). |

For the proof of Theorem 2.2 we need the following lemma which is proved
in Gelbrich (1995) (Lemma 3.3).

LEMMA 3.4. Let agp < a; < ... < a, be a partition of [ag,a,| with max-
imal step size A := 0<rn<abx (a,+1 —a;) and (W(t))ie[ag,a,] @ One-dimensional
K3

standard Wiener process. Then

E max sup |o(t)—w(a)|” < K -AP/?(1 4+ 1nr)P/2,
0<i<r—1 a;<t<aiq1
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The proof of Theorem 2.2 again follows the lines of the proof of Theorem
3.4 in Gelbrich (1995):

ProOF oF THEOREM 2.2. First we consider the process 77 with g(ty) =

zo, §P(uf) = g8 (uf), §5(t) = §F(uly) for t € [uf 1, uf)(k=0,...,n-L;i=
1,...,mg). Then, by Lemma 3.1b), (V1), Lemma 3.4, (G2) and (G3) we have

E sup ||yE(t) - 55|
toStST
p}

b(y [ta)ds
[

+ZE sup

SK{E sup 3
=1 o<t

toStST

oi(yF, tdw]-s
i ma)/m ()

SK{E st [(t—[t]*G)”M”(l+ts<usP<t||yE([8]G)||p)]

to<t<T

— 0<k<n—-1 k
] =1 0<:<mk—1 u <t<u

<x{ gz (&) (14E s, Wl
b3 o (4)" 0+ mn meny ))W}

=1 0<k<n—1

+ MPEE max sup |wj(t)—wj(uf)|p}

J=
su E P — 7y nn nm /2
<K {HEMP ly* 0l }( t5)" (1 +nn 4 Inm(h)P
(11)

Since we have by Minkowski’s inequality that

1/p 1/p 1/p
(E sup IIyE(t)II”) S<Ets<ggT|!m(t)—yE(t)ll”) +<Ets<gnglw(t)l!”>
0l oSt

to<t<T

where the right-hand side is bounded because of Theorem 2.1 and (4), it holds
that

E sup ||y%(1)|° < K. (12)
to<t<T

Hence, by (11) and (G1),
E(p\ _ =E(p\||P _h_ r/2 p/2
EtosgligT lv™(t) -3 O <K (m(h)) (14 1Inn+ lnm(h))

(13)
<1 st (1 n ()

On the other hand,
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E sup gE(t)_gE(t) P_g max sup ng ) — 7E HIIP
to<t<T | | oSy ub<t<ub, =@ = 7"l

=F max ||37E(’uf+1) - ﬂE(uf)”p

0<k<n—1
0<i<my —1

<E max  sup |[ly"(t) - y"(uf)|P
SESn— k
0<i<my —1 Uy StSudy

=E sup |lvF(t) - 75 (0)|"-
to<t<T

(14)

Now, by (13) and (14) we have

E sup ||yE(t) - 75()|
<I<T

to

SK{E sup |lv(0) - PO + E sup ||gE<t>—gE<t>||”}
to<t<T to<t<T

<K-p g "0 =701 <5 (st (10 (24)) "

As the main tool in the proof of Theorem 2.3 we shall use the following
lemma. The proof of the lemma can be found in Gelbrich (1995) (Theorem
4.1, Lemmas 4.2 and 4.3 and the beginning of Theorem 4.4 up to the formulas
(32)—(34)) and essentially uses results by Komlés, Major, and Tusniddy (1975,
1976).

LEmMA 3.5. Let p € P(IR) have the following properties:

(o0} (o0} (oo}

/xd,u(:c) =0, /zzdu(x) =1 and /et””d,u(a:) < 00

— 00 — 00 — 00

for all ¢ with ||t]| < 7, 7 > 0.

Then there exist a q-dimensional standard Wiener process (w(t)):e[,,7] and a
set {{;‘i :j=1,...,¢;k=0,...,n—1;i=1,...,mg} of i.i.d. random variables
with distribution D(£9;) = p, both on the same probability space, such that
with the notation Afw; := w;(uf) — w;(uk ), j=1,...,¢ i=1,...,my; k=
0,...,m—1, the following three assertions hold:

a) For k=0,...,n—1,j=1,...,q, and p € [2,0),

i i p
E max lgfs—glw/ﬂhw’;wj < K(1+ Inm(h))P.

1<i<my | 5=
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b) For j=1,...,q and p € [2,00),

3 i p
ko TEARy;| < K(1+1 Inm(h))P.
Fodifity B2, | K0 - BV am| S Kt tiin(®)

¢c) Fork=1,...,n-1,

is and Afwj, j=1,...,¢; s=1,...,m,; 7=k,...,n—1,
are independent of the o-algebra A generated by
{€fs, Ajw;: j=1,...,¢; s=1,...,my; 7=0,...,k— 1}.

The estimate for the chance discretization step is proved along the lines
of the proof of Theorem 4.4 in Gelbrich (1995):

ProoF oF THEOREM 2.3. We consider those w and £ that were asserted
to exist in Lemma 3.5, as well as the approximation methods (E2) and (E3)
defined on the basis of w and £. According to the definitions, for the estimate
only the values of the approximate solutions in the grid points of G have to

be taken into account:

First we consider the approximate solutions (E2) and (E3) only in the
grid points t; of the coarse subgrid of G. Then, with the notation

Agwj := wj(tet1) — w;(tx), 7=1,...,¢; k=0,...,n-1,
the definitions of (E2) and (E3) yield, with Lemma 3.1b), for k=0,...,n

E max [|5°(t) - 2(¢)|?

0<f<k
f=1 P
< K}{ E max || 3 A[b(57,t,) - b(zF,t,)]
= 152k || 2 Y b
q E f=1 -E A E h mr 7‘ P (15)
* BE o) 5 [0 8 - oE 0 [

— K {DiE(k) + épfj(k)}.



M. GELBRICH and S. T. RACHEV 115

Now, from Lemma 3.1b), (V2), and (G1), it follows that for £=0,...,n

f-1
k) < kP7ULPE h? 7B (t. — ph) — 2B (1. — oh)||P
DY (k) lrgggkgo . Sgg;(tr)lly (tr — ph) — 2%(tr — ph)||

< K(nh)P=E t, — ph) — 2B(t, — ph)||P
(n)n ,5_:00<p<mtr 155 (t, — ph) — 22 (t, — ph)|| (16)

< KI5 max 15500 - P,

and, for j=1,...,q,

j-1 P

E ~F E
Dy;(k) < K{Elrgggk EO [0i(5%, ;) = 03(27 1) Ayw;

f-1 E A mr . P (17)
* B ot [ VEE S

=: K{D§iy(k) + D3;p(k)}.
Because of Lemma 3.5¢),

f-1
Mjl(f) = Z [aj(gE’tT) - Uj(zE7tT)]Aij and

Ma(f)i= S o) [y - JES ], r=om

r=0

are d-dimensional martingales w.r.t. (Ay) =, ...n, and that is why, using Lemma
3.2b), they can be estimated in the following way for all j = 1,...,¢ and
k=0,.

D5 (k) < K (dk)P/*~ 1ZE{IIOU 1) = (2%, )71 Arw; [P}

Since both factors in the braces are independent (because of Lemma 3.5c)),
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from (V2) and (G1) it follows that

k-1
DE (k)< K -nP/?71 E {Ello;(77, 1) — 0;(2%, 4,)|IPE|Arw; [P }

< K -nP/?" 1E{h”/?E (\/—IA wjl)p

r=0

E G7E (t, — ph) — 2B (1, — ph)||P (18)
X 0<rr<1g;<(tr)lly (tr—ph) — 27 (t— ph))| }

<K - nP/2- 1hz"/2 E  max EtT-— h) — 2E t, — ph)||?
2 0<p<m(tr)lly( ph) (tr — ph)l|

< K E ts) — 22 (t,)||P.
< TZ_DO @ax 1§7(ts) = 25 ()l

Here we used that, since all \/LEA,.wj are standard-normally distributed, all
E | \/—A wJ| are equal to the same constant only depending on p.

For the other summand Lemma 3.2b), (V1), Lemma 3.5a), (G1), and

(G3) yield
A ’LU] \/_Zé.;s }
<K- np/ﬂz(,/ ) ’\/_A wj — E€§s
=1

DE(k) < K - (dk)P/- IEE{na](z P

/2 (19)
-1 (b Y’ k(1 4 1n m(h))?
<K -nP -
<K-n m(h)
nh \?/? P
< V4 < e 1+].nm h ) .
<K <m(h)) (14 Inm(h))? < K (——(—l\/ﬂm
Now, considering (15) to (19), we get for all k=1,...,n that
~FE _E P
E max 157(ts) = 27 ()l
-E E +nm(h) "
<K - Py m
< K {TT P max 17() - )P + (2p20)'
and by Lemma 3.3b) we have
P
“E, \_ E p < [ 1nm(h)
B s [7°(ts) - (1)l < K (H222)". (20)

In the next step we extend this estimate to the intermediate grid points
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k

u;, and we use the notation Af’owj = wi(uf) —wi(uf), j=1,...,¢:k =

0,...,n=1;2=1,...,my:

~E/ k kyip ~E _E P
B, max | max [§5(ub) - LA < K{Bmax 17(0) - ()
)}

+ E max max
0<k<n—1 0<i<my

he 2 (b(F7, ) - b(25, 1)) H

q
+ Y E max max
j=1 0<k<n-—1 1<e<my

q
= K{E 7B () — 2E()|IP + DE E|
{ 0 IEX 177 (tx) — 2% (tk)|IP + D3 +]§1D4J}

~E k E :
o (77, ) Afow; — a;(27,tk) /- 3 €5,
s=1

(21)
Here, (V2) and (G1) imply

E < K -hP ~F _ E P
Dy <K -h B Jnax | g™ (k) — 27 ()P (22)
On the other hand, we have for all 7=1,..., g that

E - ~FE E
< — p
'D4] K {E0<II£1?X 1 linax ||[0'J(y tk) UJ(Z tk)] OwJII

+ E max max
0<k<n—1 1<i<my

=: K{Df, + DY)}

} (23)

Further, using (V2), the Cauchy-Schwarz inequality, (20), Lemma 3.4, and
(G1), we get

(1) | Ak - R ]

E ~F E
D41‘1§E{0 gmax los0%,6) - oy )P - max | max |kl

1/2
o Jnax. IIy (te) — 22 ()N - B Jpax = max. |A; owgl2”)

1/2
<K 1+Inm(h) ) (1) — w.(t 2p
Bl ( 0<II£1?7§—1 tkj‘i{’w |w;(t) — wj(te)]
<k (220) (o
<K +lnm!h!) :
- ( Vm(h)

(24)
since h(1+1nn) = A(1+1n ZZ—tQ) < K for h € (0,T — tp]. This estimate was
done so roughly since, for the final result, here a better estimate than in (20)
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does not pay. This consideration applies also to the following estimate: By

(V1), (G3), Lemma 3.5b), and (G1) it follows that
k d k ?
VIEA pw; - ;fjs }

) P
<K (#)p/ (1+lnn+Ilnm(h))P <K (H'ln—n%ﬂ) (25)

p/2
.D4E‘;‘2 <K-E{ max max (L)
0<k<n—1 1<i<my \k

Y4
<K 1+1nm(h)) ‘
( v m(h)

The last step is implied by

14lny+lné o 1+lny+lnétlnying _ (1+1n1) (lj:ln&)

NZT NZT IR Vs (26)
< —\}—g <1—t\/%‘—5) for all real «v,6 > 1.
Now it follows from (21) — (25) that
“E (. kY _ E( k\|P
B Jpox | jmax 177 (ui) — 27 (ui)]
P
< ~ B _ E p 1+Inm(h
< {8, max 17w - ol + (2},
and by (20) we get the assertion. 1
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