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DEEP RELU NETWORK EXPRESSION RATES FOR OPTION PRICES
IN HIGH-DIMENSIONAL, EXPONENTIAL LEVY MODELS

LUKAS GONON AND CHRISTOPH SCHWAB

ABSTRACT. We study the expression rates of deep neural networks (DNNs for short) for option
prices written on baskets of d risky assets, whose log-returns are modelled by a multivariate Lévy
process with general correlation structure of jumps. We establish sufficient conditions on the charac-
teristic triplet of the Lévy process X that ensure € error of DNN expressed option prices with DNNs
of size that grows polynomially with respect to @(e™!), and with constants implied in O(-) which
grow polynomially with respect d, thereby overcoming the curse of dimensionality and justifying
the use of DNNs in financial modelling of large baskets in markets with jumps.

In addition, we exploit parabolic smoothing of Kolmogorov partial integrodifferential equations
for certain multivariate Lévy processes to present alternative architectures of ReLU DNNs that
provide e expression error in DNN size O(|log(¢)|*) with exponent a ~ d, however, with constants
implied in O(-) growing exponentially with respect to d. Under stronger, dimension-uniform non-
degeneracy conditions on the Lévy symbol, we obtain algebraic expression rates of option prices in
exponential Lévy models which are free from the curse of dimensionality. In this case the ReLU
DNN expression rates of prices depend on certain sparsity conditions on the characteristic Lévy
triplet. We indicate several consequences and possible extensions of the present results.
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1. INTRODUCTION

Recent years have seen a dynamic development in applications of deep neural networks (DNNs
for short) in expressing high-dimensional input-output relations. This development was driven
mainly by the need for quantitative modelling of input-output relationships subject to large sets
of observation data. Rather naturally, therefore, DNNs have found a large number of applications
in computational finance and in financial engineering. We refer to the survey [RW20] and to the
references there. Without going into details, we only state that the majority of activity addresses
techniques to employ DNNs in demanding tasks in computational finance. The often striking
efficient computational performance of DNN based algorithms raises naturally the question for
theoretical, in particular mathematical, underpinning of successful algorithms. Recent years have
seen progress, in particular in the context of option pricing for Black—Scholes type models, for DNN
based numerical approximation of diffusion models on possibly large baskets (see, e.g. [BGJI1S,
EGJS18] and [IRZ19, RZ19] for game-type options). These references prove that DNN based
approximations of option prices on possibly large baskets of risky assets can overcome the so-called
curse of dimensionality in the context of affine diffusion models for the dynamics of the (log-)prices
of the underlying risky assets. These results could be viewed also as particular instances of DNN
expression rates of certain PDEs on high-dimensional state spaces, and indeed corresponding DNN
expressive power results have been shown for their solution sets in [GHIJvWIS], |GGJ™19] and the
references there.

Since the turn of the century, models beyond the classical diffusion setting have been employed
increasingly in financial engineering. In particular, Lévy processes and their nonstationary gener-
alizations such as Feller-Lévy processes (see, e.g., [BSW13| and the references there) have received
wide attention. This can in part be explained by their ability to account for heavy tails of finan-
cial data and by Lévy—based models constituting hierarchies of models, comprising in particular
classical diffusion (“Black—Scholes”) models with constant volatility that are still widely used in
computational finance as a benchmark. Therefore, all results for geometric Lévy processes in the
present paper apply in particular to the Black—Scholes model.

The “Feynman Kac correspondence” which relates conditional expectations of sufficiently regular
functionals over diffusions to (viscosity) solutions of corresponding Kolmogorov PDEs, extends to
multivariate Lévy processes. We mention only [NSO01, [CT04, [CV05l [Glal6], [EK19, Chap. 5.4]
and the references there. The Kolmogorov PDE (“Black-Scholes equation”) in the diffusion case
is then replaced by a so-called Partial Integrodifferential Equation (PIDE) where the fractional
integrodifferential operator accounting for the jumps is related in a one-to-one fashion with the Lévy
measure v¢ of the LP X% ¢ R% In particular, Lévy type models for (log-)returns of risky assets
result in nonlocal partial integrodifferential equations for the option price, which generalize the linear
parabolic differential equations which arise in classical diffusion models. We refer to [Ber96, [Sat99]
for fundamentals on Lévy processes and to [BSW13] for extensions to certain nonstationary settings.
For the use of Lévy processes in financial modelling we refer to [CT04, [EK19] and to the references
there. We refer to [CVO05, [CV06, MvPS04, HRSW13] for a presentation and for numerical methods
for option pricing in Lévy models.

The results on DNNs in the context of option pricing mentioned above are exclusively concerned
with models with continuous price processes. This naturally raises the question whether DNN based
approximations are still capable of overcoming the curse of dimensionality in high-dimensional
financial models with jumps, which have a much richer mathematical structure. This question is
precisely the subject of this article. We study the expression rates of DNNs for prices of options
(and the associated PIDEs) written on possibly large baskets of risky assets, whose log-returns are
modelled by a multivariate Lévy process with general correlation structure of jumps. In particular,
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we establish sufficient conditions on the characteristic triplet of the Lévy process X? that ensure
¢ error of DNN expressed option prices with DNNs of size O(¢~2), and with constants implied in
O(+) which grow polynomially with respect d. This shows that DNNs are capable to overcome the
curse of dimensionality also for general exponential Lévy models.
Scope of results. The DNN expression rate results proved here give a theoretical justification for
neural network based non-parametric option pricing methods. These have become very popular
recently, see for instance the recent survey [RW20]. Our results show that if option prices result
from an exponential Lévy model, as described e.g. in [EK19, Chap.3.7], under mild conditions
on the Lévy-triplets these prices can be expressed efficiently by (ReLU) neural networks, also for
high dimensions. The result covers, in particular, rather general, multivariate correlation structure
in the jump part of the Lévy process, for example parametrized by a so-called Lévy copula, see
[KT06, FRS07] [EK19, Chap.8.1] and the references there. This extends, at least to some extent,
the theoretical foundation to the widely used neural network based non-parametric option pricing
methodologies to market models with jumps.
We prove two types of results on DNN expression rate bounds for European options in exponential
Lévy models, with one probabilistic and one “deterministic” proof. The former one is based on
concepts from statistical learning theory, and provides for relevant payoffs (baskets, call on max,
..) an expression error O(¢) with DNN sizes of O(¢72), whereas the latter is based on parabolic
smoothing of the Kolmogorov equation, and allows us to prove exponential expressivity of prices
for positive maturities.
For the latter approach certain non-degeneracy is required on the symbol of the underlying Lévy
process. The probabilistic proof of DNN approximation rate results, on the other hand, does not
require any such assumptions. It only relies on the additive structure of the semigroup associated to
the Lévy process and existence of moments. Thus, the results proved here are specifically tailored to
the class of option pricing functions (or more generally expectations of exponential Lévy processes)
under European style, plain vanilla payoffs.
The structure of this paper is as follows. In Section [2] we review terminology, basic results, and
financial modelling with exponential Lévy processes. In particular, we also recapitulate the corre-
sponding fractional, partial integrodifferential Kolmogorov equations which generalize the classical
Black—Scholes equations to Lévy models. Section [3] recapitulates notation and basic terminology
for deep neural networks to the extent required in the ensuing expression rate analysis. We focus
mainly on so-called ReLU DNNs, but add that corresponding definitions and also results do hold
for more general activation functions. In Section [4] we present a first set of DNN expression rate
results, still in the univariate case. This is, on the one hand, for presentation purposes, as this
setting allows for lighter notation, and to introduce mathematical concepts which will be used sub-
sequently also for contracts on possibly large basket of Lévy-driven risky assets. We also present an
application of the results to neural-network based call option pricing. Section [5| then has the main
results of the present paper: expression rate bounds for ReLU DNNs for multivariate, exponential
Lévy models. We identify sufficient conditions to obtain expression rates which are free from the
curse of dimensionality via mathematical tools from statistical learning theory. We also develop
a second argument based on parabolic Gevrey regularity with quantified derivative bounds, which
even yield exponential expressivity of ReLU DNNs, albeit with constants that generally depend on
the basket size in a possibly exponential way. Finally, we develop an argument based on quantified
sparsity in polynomial chaos expansions and corresponding ReLU expression rates from [SZ19] to
prove high algebraic expression rates for ReLU DNNs, with constants that are independent of the
basket size. We also provide a brief discussion of recent, related results. We conclude in Section [6]
and indicate several possible generalizations of the present results.
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2. EXPONENTIAL LEVY MODELS AND PIDES

2.1. Lévy processes. Fix a complete probability space (2, F,P) on which all random elements
are defined.

We start with the univariate case. We recall that an R-valued continuous-time process (X¢)i>0 is
called a Lévy process if it is stochastically continuous, it has almost surely RCLL sample paths,
it satisfies Xg = 0 almost surely, and it has stationary and independent increments. See, e.g.
[Ber96, [Sat99] for discussion and for detailed statements of definitions.

It is shown in these references that a Lévy process (LP for short) X C R is characterized by its
so-called Lévy triplet (02,v,v), where o > 0, v € R and where v is a measure on (R, B(R)) with
v({0}) = 0, the so-called jump-measure, or Lévy-measure of the LP X which satisfies [p(z* A
1) v(dx) < co. For more details on both, univariate LPs X C R, and for the multivariate situation
we refer to [Sat99).

As in the univariate case, multivariate LPs X¢ C R? are completely described by their characteristic
triplet (A%,7%, v%) where 4% € R? is a drift vector, A% € R9*? is a symmetric, nonnegative definite
matrix denoting the covariance matrix of the Brownian motion part of X%, and v? is the Lévy
measure describing the jump structure of X¢.

To characterize the dependence structure of a Lévy process the drift parameter 4¢ does not play
a role. The dependence structure of the diffusion part of X? is characterized by A?. Since the
continuous part and the jump part of X¢ are stochastically independent, the dependence structure
of the jump part of X9 is characterized by the Lévy measure v%.

In [KT06], a characterization of admissible jump measures v of the LP X4 C R? has been obtained
as superposition of marginal, univariate Lévy measures with a so-called Lévy copula function.

2.2. Exponential Lévy models. In a widely used class of financial models, log-returns of risky
assets are modelled by LPs. This leads to price processes which are exponential Lévy models,
generalizing geometric Brownian motion.

Let the stochastic process (St);co,r7 C R model the price of one risky financial asset. Here T €
(0,00) is a fixed, finite time horizon. An exponential Lévy model assumes that S; = sge”t+X¢,
t € [0, 7], where r € R denotes the (constant) interest rate. The model could be specified either
under a real-world measure or directly under a risk-neutral measure (constructed using the general
change of measure result in [Sat99, Theorems 33.1 and 33.2] of which the Esscher transform [GS94]
is a particular case, or by minimizing certain functionals over the family of equivalent martingale
measures, see for instance [JKMOT],[ESO5] and the references therein). For the purposes of this
section we assume the latter situation, that is, we require that (Ste_”)te[o’;p] is a martingale. This

is equivalent to the following condition on the Lévy triplet of X (e.g. [HRSW13l Lem. 10.1.5])

(2.1) Y=—5 - /R(ey — 1 —ylyy<1y)v(dy).

Here, we assume the Lévy measure v satisfies the exponential integrability condition: for some
p=2

(2.2) /||>1 ePv(dy) < oo.
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For a d-dimensional Lévy process X¢, [Sat99, Theorems 25.17] shows that the multivariate geo-
d
metric Lévy process (engl, ce eXtvd)tZO is a martingale if and only if

/ eyiyd(dy) <oo, fori=1,...,d,
RO\ {ly||<1}

(2.3) Lo Y )
W= /Rd(ey" —1=wilgy<p)v(dy), fori=1,....d.

This condition ensures that the functions defined in and below represent option prices.
However, the condition is not needed for the proof of the results later, so we do not impose
or in any of the results proved in the article.

For more details on exponential Lévy models, with particular attention to their use in financial
modelling, we refer to [CT04], [LMOS|, and [EK19] and the references there.

2.3. PIDEs for option prices. Let us first discuss the case of a univariate exponential Lévy
model. For the multivariate case we refer to Section 5| (cf. and below).

Consider a European style option with payoff function ¢: (0,00) — [0, 00) and at most polynomial
(p-th order) growth at infinity.

The value of the option (under the chosen risk-neutral measure) at time ¢ € [0,7] is given as the
conditional expectation C; = E[e "T"Y(S7)|F] with F; = o(S, : v € [0,t]). By the Markov
property Cy = C(t,S¢) and so, switching to time-to-maturity 7 = T — ¢, u(r,s) = C(T — 7, s) we
can rewrite the option price as follows:

(2.4) u(r,s) =Ele”""p(S7)|S: = s] = Ele”""p(sexp(rt + X;))]

for 7 € [0,7], s € (0,00), where the second step uses that Xp — X; is independent of X; and
has the same distribution as X7_;. If the payoff function ¢ is Lipschitz-continuous on R and the
Lévy process fulfils either ¢ > 0 or a certain non-degeneracy condition on v, then wu is contin-
uous on [0,7) x (0,00), it is CY? on (0,T) x (0,00) and it satisfies the linear, parabolic partial
integrodifferential equation (PIDE for short)

ou ou 025 0%u

05) 5y (1,8) —rs P (1,5) 5 552 (1,8) —ru(r,s)

du

_/R [u(T, se¥) —u(r,s) — s(e? — 1)63 (7. 8)| v(dy) =0

on [0,7) x (0,00) with initial condition u(0,-) = ¢, see for instance Proposition 2 in [CV05]. If the
non-degeneracy condition on v is dropped, one can still characterize u (transformed to log-price
variables) as the unique viscosity solution to the PIDE above. This is established e.g. in [CV05]
(see also Proposition 3.3 in [CV06]). For our purposes the representation is more suitable.
However, by using this characterization (also called Feynman-Kac representation for viscosity-
solutions of PIDEs, see [BBP97]) the results formulated below also provide DNN approximations
for PIDEs. Finally, note that the interest rate » may also be directly modelled as a part of X
by modifying . To simplify the notation we set » = 0 in what follows. We also remark that all
expression rate results hold verbatim for assets with a constant dividend payment (see, e.g., [LMOS§|,
Eqn. (3.1)] for the functional form of the exponential Lévy model in that case).

3. DEEP NEURAL NETWORKS (DNNSs)

Roughly speaking, a deep neural network (DNN for short) is a function built by multiple concate-
nations of affine transformations with a (typically non-linear) activation function. This gives rise
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to a parametrized family of nonlinear maps, see for instance [PV18| or [BGTWI19, Section 4.1] and
the references there.

Here we follow current practice and refer to the collection of parameters ® as “the neural net-
work” and denote by R(®) its realization, that is, the function defined by these parameters. More
specifically, we use the following terminology (see for instance Section 2 in [OPS20]): firstly, we fix
a function p: R — R (referred to as the activation function) which is applied componentwise to
vector-valued inputs.

Definition 3.1. Let d,L € N. A neural network (with L layers and d-dimensional input) is a
collection

® = ((A1,b1),...,(AL,bL)),

where Ng :=d, N; € N, A; € RN>*Ni—1 b, ¢ RNi for § = 1,..., L and (4;,b;) are referred to as the
weights of the ¢-th layer of the NN.
The associated realization of ® is the mapping

R(®): R 5 RV, 2 = R(®)(x) = Arzp_1(z) + by
where xy_1(z) is given as
xo =z, z(z)=o0(Ax;_1(z)+b)forl=1,...,L—1.

We call M;(®) = ||Aj]lo + ||bjllo the number of (non-zero) weights in the j-th layer and M (®) =
Zjl-’zl M;(®) the number of weights of the neural network ®. We also refer to M (®) as the size of

the neural network, write L(®) = L for the number of layers of ® and refer to N,(®) = Ny, as the
output dimension.

We refer to Section 2 in [OPS20] for further details.

The following lemma shows that concatenating n affine transformations with distinct neural net-
works and taking their weighted average can itself be represented as a neural network. The number
of non-zero weights in the resulting neural network can be controlled by the number of non-zero
weights in the original neural networks. The proof of the lemma is based on a simple extension

of the full parallelization operation for neural networks (see [OPS20, Proposition 2.5]) and refines
[GHIvW18| Lemma 3.8].

Lemma 3.2. Letd, L,n € N and let ', ..., ®" be neural networks with L layers, d-dimensional in-
put and equal output dimensions. Let Dy, ..., D, be dxd-matrices, ci,...,cn € R* andwy, ..., w, €
R.

Then there exists a neural network i such that
(3.1) R(¢)(x) = Z wR(®)(Dsz 4+ ¢;)  for all z € RY
i=1

and M;() < S0 M;(®°) for j =2,...,L. If, in addition, D1, ..., D, are diagonal matrices and
c1=-=c, =0, then M(xp) <> % | M(®?).
Proof. Write fori=1,...,n

' = ((A1,b1), .- (AL, b))
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and define the block matrices

AlD, Alcy + b}
Al = : ’ bl = : :
A"D,, ATc,, + b7
40 )
ATl = , byt = | forj=2,...,L—1,
0 A7 b
Ag“ = (wlAlL e wnAZ) and bZH = wibl + - 4w, bl

Set ¢ = ((A?H, b’f“)7 ce (AZH, bzﬂ)). Then, forl =1,...,L—1and z € RY, it is straightforward
to verify that z;(z) has a block structure

with 2% (z) = o(AY(Diz + ¢;) + bY), zi(z) = o(Alz}_ | +b}) for [ =2,...,L —1 and
R(y)(x) = A wp () + 077 = sz Apal oy (z) + 0L ].

Hence, (3.1)) is satisfied and
M;(p) = Mj(®Y) + - + M;(®") for j =2,..., L — 1,
Mp () < Mp(®") 1y 20y + -+ MpL(®™) 11y, 20)-

If in addition Dj,..., D, are diagonal matrices and ¢; = -+ = ¢, = 0, then [|A{D;|lo = ||4%]lo
and therefore M;(¥) = My(®') + - + My (®"). Thus, in this situation, M(¢) = 320 M;(y) <
Z] L M(9Y) =30 M(@Y), as claimed. 0

4. DNN APPROXIMATIONS FOR UNIVARIATE LEVY MODELS

We study DNN expression rates for option prices under (geometric) Lévy models for asset prices,
initially here in one spatial dimension. We present two expression rate estimates for ReLLU DNNs;,
which are based on distinct mathematical arguments: the first, probabilistic argument builds on
ideas used in recent works |[GGJT19, [BGJ20] and the references there. However, for the key step of
the proof a different technique is used, which is based on the Ledoux-Talagrand contraction principle
(Theorem 4.12 in [LT13]) and statistical learning. This new approach is not only technically less
involved (in comparison to, e.g., the techniques used in [GGJT19]), but it also allows for weaker
assumptions on the activation function, see Proposition below. Alternatively, under slightly
different hypotheses on the activation function one can also rely on [GGJT19, Lemma 2.16], see
Proposition below. The probabilistic arguments result in, essentially, e-complexity of DNN
expression of order 2. The second argument draws on parabolic (analytic) regularity furnished
by the corresponding Kolmorov equations, and results in far stronger, exponential expression rates,
i.e., with an e-complexity of DNN expression scaling, essentially, polylogarithmic with respect to
0 < e < 1. As we shall see in the next section, however, the latter argument is in general subject
to the curse of dimensionality.
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4.1. DNN expression rates: probabilistic argument. We fix 0 < a < b < oo and measure
the approximation error in the uniform norm on [a,b]. Recall that M (®) denotes the number of
(non-zero) weights of a neural network ® and R(®) is the realization of ®.

Proposition 4.1. Suppose the moment condition (2.2) holds. Suppose the payoff ¢ can be approx-
imated well by neural networks, that is, given a payoff function s — ¢(s) there exists constants
¢ > 0,q >0 such that for any € € (0,1] there exists a neural network ¢. with

(4.1) |p(s) = R(P)(s)] < ec(l +[s]), s € (0,00),
(4.2) M(¢e) < ce™?,
(4.3) Lip(R(¢:)) < c.

Then there ezists k € [c,00) (depending on the interval [a,b]) and neural networks ., € € (0,1],
such that for any target accuracy € € (0, 1] the number of weights is bounded by M (1) < ke 274
and the approrimation error between the neural network . and the option price is at most €, that
18,

sup [u(T, s) — R(ve)(s)] < e.

s€la,b]
Remark 4.2. In relevant examples such as, e.g., plain vanilla European options, the initial condition
can be represented ezxactly as a neural network ¢. Then one can choose ¢. = ¢ for all € € (0, 1] and
so (4.1)—(4.3)) is satisfied with ¢ = 0, ¢ = max(M (¢), Lip(R(¢))). Examples include call options,
straddles, and butterfly payoff functions (when p is the ReLU activation function z — max(z,0)).

Proof. Let ¢ € (0, 1] be the given target accuracy and fix £ € (0, 1] (to be specified later). Denote
¢ = ¢z Firstly, (4.1) and (4.3) show that for any s € (0, 00)

p(s)] < lp(s) = R(@)(s)] + [R(D)(s) — R(9)(0)] + [R(#)(0)]
<éc(1+|s]) + cls| + [R(¢)(0)].

Thus, ¢ is at most linearly growing at oo and so we obtain E[p(se*7)] < oo, since even the second
exponential moment is finite,

(4.4) E[e?X7T] < oo,

due to the assumed integrability (2.2)) of the Lévy measure and [Sat99, Theorem 25.17].
Now recall that

u(T, s) = Eljp(s¢*7)].
Combining this with assumption yields for all s € [a, ]
(4.5) [u(T, s) — E[R(¢)(se™7)]| < E[fp(se™T) = R(9)(se™7)[] < ec(1 + |s[E[e¥T]) < &1

with the constant ¢; = ¢(1 + bE[eX7]) being finite due to (4.4).

In the second step, let X!, ..., X™ denote n i.i.d. copies of X and introduce an independent collec-
tion of Rademacher random variables €1, ...,e,. Write f(s) = R(¢)(s) — R(¢)(0). Note that the
mapping R” x R" > (z,y) = supyeiqy 1> 5=y Urf(se™)| is Borel-measurable, because the supre-
mum over s € [a, b] equals the supremum over s € [a, b|NQ due to continuity of f and the pointwise
supremum of a countable collection of measurable functions is itself measurable. The same reason-
ing guarantees that the suprema over s € [a, ] in below are indeed random variables, because
they are equal to the respective suprema over s € [a,b] N Q.
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Using independence and symmetrization (see for instance [BLM13, Lemma 11.4]) in the first step,
elementary properties of conditional expectations in the second step, and Theorem 4.12 in [LT13]
(with Ty, o, = {t € R": ¢y = 5™, ..., t, = se” for some s € [a,b]}) in the third step shows that

|

E | sup

s€la,b]

EIR(6)(5¢"7)] ~ > R(6)(s¢™F)
k=1

r1=X1 zn:X%

> enf(te)

< 2E | sup
s€(a,b]

L ngf(seXéc“)
k=1

n_

2
=ZE |E
n

sup
t€Tn,

e Tn | =1 ml:X% ’’’’’ Tn=XD

On the other hand, one may apply Jensen’s inequality, independence and E[eie;] = dj; to estimate

n n 1/2
E [ ZekeXi = (ZE [62)(52])
k=1 k=1

97 1/2

<E

- k
Z EkeXT
k=1
= /nE [e2Xr]"?

Combining this with the previous estimate (4.6) and the hypothesis on the Lipschitz-constant of
the neural network (4.3]) we obtain that
C2
— ﬁ

with cg = 4bcE [eQXT] Y 2, which is finite again due to the existence of exponential moments (4.4)).
In a third step we can now apply Markov’s inequality for the first estimate and then insert (4.7) to
estimate

(4.7) E | sup

s€la,b]

EIR(6)(5¢¥7)] ~ S R(6)(s¢™%)
k=1

P sup |E[R seXT —l 3 R Sexi 302)
(Se[al?b] [R(@)(s¢™7)] n; (#)(se*0)) 2 5=
(4.8) <2V | up E[R<¢><seXT>]—1iR<¢><seXﬂ’%>]
3co s€la,b] n =1
L2

3
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This proves in particular that

(4.9) P ( sup |E[R(¢)(se*7)] —

s€a,b]

k=1
Therefore (as A € F with P(A) > 0 necessarily needs to satisfy A # () there exists w € Q with

<22

—_ ﬁ'

Lemma proves that s — 130 R(¢)(seXT)) is itself the realization of a neural network 1
with M (¢) < nM(¢) and hence we have proved the existence of a neural network ¢ with

(4.10) sup
s€la,b

BIR(9)(5*7)] — = D" R(8)(s™H))
k=1

~ 202
4.11 sup_[B[R(6)(s¢*7)] — R(D)(s)| < =2,
( ) s€la,b] \/ﬁ
The final step consists in selecting & = e(c; 4+ 1)1, choosing n = [(2c261)?], setting 1. = ¥,
noting (with x = ¢(1 + 4¢3)(c; + 1)2+9)

M(e) = M($) < nM(¢) < (1+ (2c28")*)ez™? < e(1 +4g)e >0 = ke 71

and combining (4.11]) with (4.5 to estimate
sup [u(T), s) — R(te)(s)]

s€la,b]

< sap, u(T, s) — E[R(¢)(se™T)]| + s [E[R()(se™7)] = R(¥)(s)]

<&l +1)=e.
O
Proposition 4.3. Consider the same situation as in Propositz’on but instead of assume
that R(¢e) is C and there is a constant ¢ > 0 such that for every s € (0,00) holds
(4.12) [R(¢e)(s)] < e(L+]s]), R(g:)'(s)| < c.
Then the assertion of Proposition [{.1] remains valid.
Proof. The same proof as for Proposition applies, only the second step needs to be adapted. In

other words, we prove the estimate with a different constant co by using a different technique.
To do this, again we let X',..., X™ denote n i.i.d. copies of X. Applying Lemma 2.16 in [GGJT19)
(with random fields &(s,w) = R(gb)(sexﬁw)), k = 1,...,n, which satisfy the hypotheses of
Lemma 2.16 in [GGJ™19| thanks to and ) in the first inequality and using for the

second inequality then proves that

E sup, E[R(¢)(se™")] - iZR(@(SeX%)]
s€la, k=1
(4.13) < BV gup [BIR()(seX) M2 + (b — @E[R($) (se¥)ex" [2)2]
\/ﬁ s€la,b]
32¢cy/e - T
< o [1—{—1)]]‘3[62)( ]1/2+ (b— a)E[e2X ]1/2],
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which is a bound as in (4.7) with constant
ca = 32cy/e [1 + bE[QQXT]lﬂ +(b— a)E[eQXT]l/Q] ‘
O

Remark 4.4. The architecture of the neural network approximations constructed using probabilistic
arguments in Proposition Proposition 4.3| and also Theorem [5.1| ahead differ from architectures
obtained by analytic arguments, see Proposition [4.6] and Theorem ahead. While the neural
networks in the latter results are deep in any situation, the architecture of the neural networks in the
former situation depends heavily on the architecture of the neural network ¢. used to approximate
the payoff function ¢. Therefore, in certain simple situations, the approximating neural network
1. may be a shallow neural network, that is, a neural network with only L = 2 layers. E.g., by
or the function ¢ is specified in the variable s > 0, and not in log-return variable zx.
This implies, e.g., for a plain-vanilla European call that ¢(s) = (s — K)T must be emulated by a
ReLLU NN, which can be done using a simple 2-layer neural network, see Proposition below.

4.2. DNN expression of European calls. In this section we illustrate how the results of Propo-
sition can be used to bound DNN expression rates of call options on exponential Lévy models.
Suppose we observe call option prices for a fixed maturity 7" and N different strikes K1,..., Ky > 0.
Denote these prices by C(T, K1),...,C(T,Ky). A task frequently encountered in practice is to
extrapolate from these prices to prices corresponding to unobserved maturities or to learn a non-
parametric option pricing function. A widely used approach is to solve

2

1K [T K

(4.14) min - ; o O(So/K)
Here H is a suitable collection of (realizations of) neural networks, for instance all networks with an
a-priori fixed architecture. In fact, many of the papers listed in the recent review [RW20] use this
approach or a variation of it, where for instance an absolute value is inserted instead of a square
or C(T, K;)/K; is replaced by C(T, K;) and S/K; by K.

In this section we assume that the observed call prices are generated from an (assumed unknown)
exponential Lévy model and H consists of ReLU networks. Then we show that the error in
can be controlled and we can give bounds on the number of non-zero parameters of the minimizing
neural network. The following result is a direct consequence of Proposition 1] It shows that
O(e™!) weights suffice to achieve an error of at most ¢ in ([{.14).

Proposition 4.5. Assume that
O(Tv K’L) = E[(ST - Ki)+]’ fO’I" 1= 1a R Na

with S = Spexp(Xr) and X an (unknown) Lévy process satisfying (2.2). For any k > 0, € € (0,1]
we let Hy. o denote the set of all (realizations of ) neural networks with at most ke~ non-zero weights
and choose p(x) = max(z,0) as activation function. Then there exists k € [3,00) such that for all

e € (0,1]

1 &[T, K) ’

. s £Ag

min *Z K P(So/Ki)| <e.

Proof. Firstly, choose a = min{Sy/Ky,...,S0/Kn} and b = max{So/K1,...,S5/Kn}. We note
that the function ¢(s) = (s—1)7 can be represented by the 2-layer neural network ¢o = ((1, —1), (1,0)),
that is, R(¢9) = ¢. Thus, Proposition [4.1] can be applied (with ¢. = ¢ for all € € (0,1] and g = 0,



12 LUKAS GONON AND CHRISTOPH SCHWAB

¢ = 3) and so there exists k € [3,00) and neural networks 15, § € (0, 1], such that for any § € (0, 1]
we have M (1ps) < k62 and

sup (T, s) = R(¢s)(s)| <0

s€a,

with u(T, s) = E[(seXT — 1)*]. Therefore,

N T A 2 N
1 C(T, K; 1
U AIED Rsyso/m| = xS TS0/ K) — RO (S0/ K0
i=1 v i=1
< 52
Setting ¢ = 62 and noting R(v)5) € H, - then finishes the proof. O

4.3. ReLU DNN exponential expressivity. We now develop a second argument for bounding
the expressivity of ReLU DNNs for the option price u(7, s) solution of , subject to the initial
condition u(0, s) = ¢(s). In particular, in this subsection we choose g(x) = max(z,0) as activation
function.

As in the preceding, probabilistic argument, we consider the DNN expression error in a bounded
interval [a,b] with 0 < a < s < b < oo. The argument is based on parabolic smoothing of
the linear, parabolic PIDE (2.5). This, in turn, ensures smoothness of s — wu(7,s) at positive
times 7 > 0, i.e. smoothness in the “spatial” variables s € [a,b] resp. in the log-return variable
x = log(s) € [log(a),log(b)], even for nonsmooth payoff functions ¢ (so, in particular, binary
options with discontinuous payoffs ¢ are admissible, albeit at the cost of non-uniformity of derivative
bounds at 7 | 0). It is a classical result that this implies spectral, possibly exponential convergence
of polynomial approzimations of u(t,)|jqy in L>([a,b]). As we observed in [OSZ19, Section 3.2],
this exponential polynomial convergence rate implies also exponential expressivity of ReLU DNNs
of u(7,*)|ja,p in L>([a,b]) for any 7 > 0.

To ensure smoothing properties of the solution operator of the PIDE, we require additional as-
sumptions (see below) on the Lévy triplet. To formulate these, recall that the Lévy symbol
1 of the LP X is defined as

o? , ; :
(4.15) ¥(E) = 5 & — i~ /]R [e’gm —1- ng]l{lmlél}} v(dz), £€R.
Next, we provide a sufficient condition on the Lévy triplet which guarantees that (4.19) is satisfied.

Assumption 1. Let X be a Lévy process with characteristic triplet (o2, 7y, v) and Lévy density k(z)
where v(dz) = k(z)dz satisfies

(1) There are constants f— >0, B+ > 1 and C > 0 such that

=Bl _
e z < —1
4.16 k(z) <C ’ ’
(4.16) (=) < {€B+Z7 z>1.
(2) Furthermore, there exist constants 0 < a < 2 and Cy > 0 such that
1
(4.17) k(z) <Cy——, 0<|z| <L

|Z|1+O¢ 7
(3) If o0 = 0, we assume additionally that there is a C_ > 0 such that

(4.18) %(k:(z) +h(=2) > C 0<|zl < 1.

- ‘Z‘l—i-a’
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Proposition 4.6. Suppose that the symbol of the LP X is such that there exists p € (0,1] and
constants C; > 0, i = 1,2,3 such that for all £ € R holds

(4.19) Rep(€) > C1IEl*,  [W(€)] < Cal¢* + Cs .

Then, for every vo such that vg = @ o exp € L?(R), and for every 0 < 7 < T < oo, and for every
interval I = [a,b] with 0 < a < b < 00, and for every 0 < e < 1/2 exists neural networks ¥ which
express the solution u(T,-)|4 to accuracy e, i.e.,

(T, ) = RV | oo (ap)) < € -
Furthermore, there exists a constant C' > 0 such that with 6 :==1/min{1,2p} > 1 holds
M(Y) < C'log(e)|* . L(¥¥) < C'|log(e)|’ [ log(|log(e)])] -

Remark 4.7. If the Lévy triplet (02,7, v) is such that Assumption [1| holds, then ([4.19) is satisfied
(see [HRSW13|, Lemma 10.4.2]). Here, p := 1 if 0 > 0 and otherwise p := /2 with a € (0,2) in
Assumption [T}

Proof. We change coordinates to = = log(s) € (—o0, 00) so that v(7r,z) = u(7,exp(z)). Then, the
PIDE (2.5)) takes the form (e.g. [MvPS04, Section 3], [LMOS8| Section 3.1])

(420 ZE_ LY (v + r)—z Y ARl +ro=0 in(0,7) xR

where A denotes the following integrodifferential operator

Alf)(z) = — /R (Fa+y) - F@) — yf (@) Lgye ) v(dy)

together with the initial condition

(4.21) vlr=0 = p(€”) = (¢ o exp)(x).
Then C(t,s) :=v(T —t,In(s)) satisfies
(4.22) C(t,S) = Ele" (S| Fl.

Conversely, if C(t,s) in is sufficiently regular, then v(7,z) := C(T' — 7,€") is solution of
, . Recall that we assume r = 0 for notational simplicity.

The Lévy-Khintchine formula describes the LP X C R by the log-characteristic function v of the
RV X;. From the time-homogeneity of the LP X,

(4.23) VE>0:  E[eiXt] = e

The Lévy exponent ¢ of the LP X admits the explicit representation (4.15)).
The Lévy exponent 1 is the symbol of the pseudo-differential operator —L, where L is the infini-
tesimal generator of the semi-group of the LP X. A := —L is the spatial operator in (4.20]) given
by

o2 d*f df

(4.24) Alfl(@) == =5 o5 (@) =y (@) + Alf](2).

For f,g € C3°(R) we associate with operator A the bilinear form

(4.25) ()= [ Alf\@gla)de.
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The translation invariance of the operator A (implied by stationarity of the LP X) in (4.24) and
Parseval’s equality (see [HRSW13, Remark 10.4.1]) imply that v is the symbol of A, i.e.

VigeCER): alf.g) = /R B F©)aE)de

Fix 0 < 7 < T < 00, € R arbitrary. Then the variational solution v of (4.20] (whose existence
and uniqueness is ensured by (4.19)), see [EGI14]) satisfies

(T, x) = \/127_ /Rexp(ixf)ﬁ(ﬂf)df = \/127_ /Rexp(ixf) exp(—T19(€))p o exp(£)dE .
For every k € Ny, Parseval’s equality implies with the lower bound in
LIk opa = [ g es(-2ro©)l e P

i €% exp(—27C1[€]*)| g0 exp(€)[2dE .

IN

An elementary calculation shows that for any m, , x > 0 holds

m O\
(4.26) ma (1" exp(-w)y = ()
We employ with m = 2k, k = 27C1, p = 2p and n = |£| to obtain
L k/p
@.21) Dk < (55 ) MoolEoge-

Taking square roots and using the (rough) Stirling bound k* < kle* valid for all k € N, we obtain

po\vet o
( ) (K20 o 2

. k
(4.28) vr >0,k €N I(Dg0)(m e < || 576,

This implies, with the Sobolev embedding, that for any bounded interval I = [z_,z4] C R,
—00 < x_ < x4 < 00, and for every fixed 7 > 0, there exist constants C' = C(zy,z_) > 0 and
A(T, p) > 0 such that

(4.29) Yk eN:  [[(DEo)(7,)lise(ry < C(A(T, p))F (k)Y minth26)

Le., v(7,-)|r is Gevrey-0 regular with § = 1/ min{1, 2p}.

To construct the DNNs ¢¥ in the claim, we proceed in several steps: we first use a (analytic, in
the bounded interval I = [x_,x,] C R) change of variables s = exp(x) and the fact that Gevrey
regularity is preserved under analytic changes of variables to infer Gevrey regularity in [a,b] C Rsq
of s +— u(r,s), for every fixed 7 > 0.

This, in turn, implies the existence of a sequence {u,(s)},>1 of polynomials of degree p € N in [a, b]
converging in W1 ([a,b]) to u(r,-) at rate exp(—b'p'/®) for some constant b’ > 0 depending on a,
b and on § > 1, but independent of p.

The asserted DNNs will then be obtained by approximately expressing the u, through ReLU DNNs,
again at exponential rates, using results from [OPS20].

The interval s € [a,b] in the assertion corresponds to x € [log(a),log(b)] under the analytic (in
the bounded interval [a,b]) change of variables x = log(s). As Gevrey regularity is preserved
under analytic changes of variables (e.g. [Rod93, Proposition 1.4.6]), also u(7, 5)|sc[q,5 is Gevrey-d
regular, with the same index § = 1/min{1,2p} > 1 and with constants in the derivative bounds
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which depend on 0 < a < b < o0, p € (0,1], 7 > 0. In particular, for p > 1/2, u(7, s)|s¢[q,p) 18 Teal
analytic in [a, b].

Expression rates of deep ReLU NNs for Gevrey-regular (and in particular, analytic functions) of
one real variable have been obtained in [OPS20, Theorem 5.12]. It follows from the proof of that
result (which allows for functions with an endpoint singularity and introduces continuous, piecewise
polynomial functions on IV pieces; we require only polynomials on one piece) that for every N € N,
there exists a ReLU NN &% of depth O(N?log(N)) and of size (i.e., number of nonzero weights)
O(N?*1) such that the expression error in H'(I) (and, hence, also in L*(I)) is bounded, as
N — o0, by O(exp(—bN)) for some constant b > 0 independent of N (but possibly depending on
a,b,0 > 1,7 >0).

This implies that for every 0 < ¢ < 1/2, a pointwise error of O(¢) in [a,b] can be achieved by some
ReLU NN 9% of depth O(|log()|°|log(|log(e)|)|) and of size O(]log(e)|?®).

This completes the proof. ]

We remark that in the particular case when § = 1, the derivative bounds imply analyticity of
the map s — u(7,s) for s € [a,b] which implies the assertion also with the exponential expression
rate bound for analytic functions in [OSZ19].

We also remark that the smoothing of the solution operator in Proposition [4.6|accommodated payoff
functions which belong merely to L?, i.e. in particular binary contracts. This is a consequence of
the assumption (which holds, for instance, under Assumption [1)) which, on the other hand,
excludes one-sided Lévy processes. These are covered by Proposition 4.1

5. DNN APPROXIMATION RATES FOR MULTIVARIATE LEVY MODELS

We now turn to DNN expression rates for multivariate geometric Lévy models. This is a typical
situation when option prices on baskets of d risky assets are of interest, whose log-returns are
modelled by multivariate Lévy processes. We admit rather general jump measures with, in partic-
ular, fully correlated jumps in the marginals, as provided, for example, by so-called Lévy copula
constructions in [KT06].

As in the univariate case, we prove two results on ReLU DNN expression rates of option prices
for European style contracts. The first argument is developed in Section below and overcomes,
in particular, the curse of dimensionality. Its proof is again based on probabilistic arguments
from statistical learning theory. As exponential LPs X¢ generalize geometric Brownian motions,
Theorem generalizes several results from the classical Black—Scholes setting and we comment
on the relation of Theorem to these recent results in Section Owing to the method of
proof, the DNN expression rate in Theorem will deliver an e-complexity of O(¢72), achieved
with potentially shallow DNNs, see Remark

The second argument is based on parabolic regularity of the deterministic Kolmogorov PIDE as-
sociated to the LP X¢. We show in Theorem that polylogarithmic in € expression rate bounds
can be achieved by allowing DNN depth to increase essentially as O(|loge|). The result in Theorem
is, however, prone to the curse of dimensionality: constants implied in the O(-) bounds may
(and, generally, will) depend exponentially on d. We also show that under a hypothesis on suffi-
ciently large time t > 0, parabolic smoothing will allow to overcome the curse of dimension, with
dimension-independent expression rate bounds which are possibly larger than the rates furnished
by the probabilistic argument (which is, however, valid uniformly for all ¢ > 0).

5.1. DNN expression rate bounds via probabilistic argument. We start by remarking that
in this subsection, there is no need to assume ReLLU activation.
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The following result proves that neural networks are capable of approximating option prices in mul-
tivariate exponential Lévy models without the curse of dimensionality given that the corresponding
Lévy triplets (A%, ~¢, %) are bounded uniformly with respect to the dimension d.

For any dimension d € N we assume given a payoff pg: R? — R, a d-variate LP X% and we denote
the option price in time-to-maturity by

(5.1) uq(7, ) = Elpa(s: exp(Xf_lJ), ey Sd exp(Xf_l’d))], 7€ [0,T],s € (0,00)".

We refer to [Sat99] for more details on multivariate Lévy processes and to [CT04, [EK19] for more
details on multivariate geometric Lévy models in finance.

The next theorem is a main result of the present paper. It states that DNNs can efficiently express
prices on possibly large baskets of risky assets whose dynamics are driven by multivariate Lévy
processes with general jump correlation structure. The expression rate bounds are polynomial
in the number d of assets and, therefore, not prone to the curse of dimensionality. This result
generalizes earlier work on DNN expression rates for diffusion models in [EGJS18| [GHIvW18].

Theorem 5.1. Assume that for any d € N, the payoff pq: RY — R can be approximated well by
neural networks, that is, there exists constants ¢ > 0,p > 2,q > 0 and, for all € € (0, 1], there exists
a neural network ¢. g with

(5.2) a(s) = R(¢za)(s)| < ecd’(1+ ||s[|P),  for all s € (0,00)",
(5.3) M (¢e,q) < cdPe™,
(5.4) Lip(R(¢¢,a)) < cd”.

In addition, assume that the Lévy triplets (Ad, 74, Vd) of X are bounded in the dimension, that is,
there exists a constant B > 0 such that for each d € N, i, =1,...,d,

(55) Ab<poafsn [ emia)<s [ iy < B

RA{[|y[<1} {llyll<1}
Then there exist constants k,p,q € [0,00) and neural networks . 4, € € (0,1}, d € N such that for
any target accuracy € € (0,1] and for any d € N the number of weights grows only polynomially
M (veq) < kdPe™% and the approxzimation error between the neural network 1.4 and the option
price is at most ¢, that is,

sup |ug(T,s) — R(ved)(s)| <e.

s€[a,b]d
Remark 5.2. The statement of Theorem [5.1]is still valid, if we admit logarithmic growth of B with
d in (5.5)).

Remark 5.3. As in the univariate case (cf. Remark , in relevant examples of options written on
d > 1 underlyings (such as basket options, call on max/min options, put on max/min options, ...)
the payoff can be represented exactly as a ReLU DNN and so, we may choose ¢ = 0 in (5.3)) and

obtain q = 2 in Theorem (cf. (5.14).

Proof. Let ¢ € (0,1] be the given target accuracy and consider & € (0, 1] (to be selected later). To
simplify notation we write for s € [a, b]?

d
se*T = (s eXP(X(Ij“,l)a e 8d eXp(X%d))'

The proof consists in four steps:

e Step 1 bounds the error that arises when the payoff ¢4 is replaced by the neural network
approximation ¢¢ 4. As a part of Step 1 we also prove that the p-th exponential moments
of the components er,{ ; of the Lévy process are bounded uniformly in the dimension d.
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e Step 2 is a technical step that is required for Step 3; it bounds the error that arises when the
Lévy process is capped at a threshold D > 0. If we assumed in addition that the output of
the neural network ¢z 4 were bounded (this is for instance the case if the activation function
0 is bounded), then Step 2 could be omitted.

e Step 3 is the key step in the proof. We introduce n i.i.d. copies of (the capped version
of) X% and use statistical learning techniques (symmetrization, Gaussian and Rademacher
complexities) to estimate the expected maximum difference between the option price (with
neural network payoff) and its sample average. This is then used to construct the approxi-
mating neural networks.

e Step 4 combines the estimates from Steps 1-3 and concludes the proof.

Step 1: Assumption (5.2) and Holder’s inequality yield for all s € [a, b]?

ua(T, s) — E[R(¢z,4) (se*T)]| < El|pa(seXT) — R(¢e,4)(s¢XT)|] < cd? (1 + E||se X7 ||P])

d p/2
= ecd? (1 +E (Z S?GQX%Z‘ )
i=1

(5.6)
d
< gedP | 1 + PR, d(p_l)/Q(Z erX%ﬂ)l/Z] )
i=1
< ee1daPts
with the constant ¢; = cmax(1,bP)(1 + supd,i]E[er%i]) and we used || - || < |- |1 in the last step.
To see that c; is indeed finite, note that (5.5) and [Sat99, Theorem 25.17] (with the vector w € RY
in that result being pe;) imply that for any d € N, i = 1,...,d, the exponential moment can be
bounded as
(5.7)

d 2 .
E[e"*7] = exp <T [];Agi + /Rd(ep% -1 —Pyz‘ﬂ{||y||g1})Vd(dy) +P%d]>

2
<exp (T 2 p +/ (eP —1 — py;)v*(dy) +/ (P — 1)Vd(dy)]>
2 {Ilyl<1} RA{lyll<1}

5p2 2 p 2. d
<exp |T |5 B+p’e y; % (dy)
2 {lyl<1}

5 2
< exp <T [;’B 4 p2epBD ,

where in the second inequality we used that |e* — 1 — 2| < 22¢P for all 2z € [—p, p] which can be seen
e.g. from the (mean value form of the) Taylor remainder formula.

Step 2: Before proceeding with the key step of the proof, we need to introduce a cut-off in order
to ensure that the neural network output is bounded. Let D > 0 and consider the random vari-
able er,liD = min(X4, D), where the minimum is understood componentwise. Then the Lipschitz

property ([5.4) implies
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xd.D

E[R(¢za)(s¢XT)] — E[R(¢z,4) (s¢*7 ]| < cdPE[|seXT — X7 |]

d d d,D
Z ’eXT,i — €XT:i ’

i=1

< bedPE

d
<bed 3B [26M0 1y
(5.8) i=1 ’

d
< 2bed” Y E[e*¥Ti]2P(X 4, > D)V/?
=1

d
d
< 2 Phed? Z E[e**T.i]
i=1
< 51€_de+1,

where ¢; = 2bcexp(5TpB + 2TePpB) and we used || - || < || - |1, Holder’s inequality, Chernoff’s
bound and finally again Holder’s inequality and .

Step 3: Let X1,..., X, denote n i.i.d. copies of the random vector X%D and let Z1, ..., Z, denote
i.i.d. standard normal variables, independent of X1,...,X,,. For any separable class of functions
H C C(R?, R) define the random variable (the so-called empirical Gaussian complexity)

. 2
Gn(H) =E |sup *szf(Xk) ’le"- ; Xn | -
fer o
Consider now for ¢ = 1,...,d the function classes

Hi = {(—00,D]? 3 x — sexp(x;): s € [a, b]}
and, with the notation sexp(z) = (s1exp(x1),...,ssexp(xq)), the class
H = {(~00, D]* 3 2+ R(¢s,0) (s exp(z)) — R(¢2a)(0): s € [a,0]7}.
Denoting by H C C((—o0, D]% R%) the direct sum of Hi, ..., H4, we have that
H =o(H)
where ¢ = R(¢z4)(-) — R(¢z,4)(0) is a Lipschitz-function with Lipschitz-constant cd” (due to hy-
pothesis on the Lipschitz-constant of the neural network ), #(0) = 0 and ¢ is bounded on the

range of H (which is contained in [0, bexp(D)]%).
Consequently, Theorem 14 in [BMO03] implies that

d
(5.9) Gn(H) < 2cd”> " Gn(Hs).
=1
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Therefore, denoting by €1,...,&, an independent collection of Rademacher random variables, we
estimate

IE[ sup

s€[a,b]d

EIR(62.0) (¢ )] ~ S R(62)(56™)
k=1

|
|

> erp(se™)

k=
2
n

1
<2E| sup |—
s€la,b]d | T

S =

Zpd(se™k)
k=1

Zi f (Xk)
=1

< &GE | sup
s€la,b]d

(5.10)

S

= &RE !sup
feH

d

< 265ed” Y E[Gn(Hy)]

i=1
4020dpb X ]
E Zpe ki |

; Z ‘

where the first inequality follows by symmetrization (see for instance [BLM13, Lemma 11.4]), the
second inequality follows from the comparison results on Gaussian and Rademacher complexities
(see for instance [BMO03, Lemma 4]) with some absolute constant ¢ and the third inequality uses
(6-9)-

In fact, it is possible to prove that ¢ may be chosen as é = 1/E[|Z1]] = /7/2. Indeed, setting
g= 0(51, evyEny X1,...,X,) and using independence yields

|
sup | = > | Zglerd(se™*)

g
sefabld | T 5

1 — x
= Zig(se™*)

To further simplify ((5.10) we now apply Jensen’s inequality and use independence and E[Z}, Z;] = 6y,

to derive for i =1,...,d

+ L ElZGlaolse™)

E[|Z:1[|E

Z£k¢> seX’“

sup
s€la,b]d

]—E sup

| s€[a,b]4

n

> | Zklexg(se™)
k=1

n

—

=E| sup |E
| s€[a,b]?

<E|E

3|

—

=E | sup
| s€[a,b]?

n
k=1

97 1/2

Xk,i Xk,i

n 1/2
<E = (Z E[ezxk»i]) < V/nE[e?¥1i]1/2
k=1

< /B[P 1P,



20 LUKAS GONON AND CHRISTOPH SCHWAB

Combining this with the previous estimate ([5.10) and with the exponential moment estimate (5.7))
we obtain that

co dp+1
sup

sela,b)¢ Vn

with co = 44/7/2cbexp (5BTp/2 + BTpeP). By applying Markov’s inequality (see (4.8])-(4.10))) this
proves that there exists w € ) with

(5.11) E <

BIR(624) (5% )] = 3" R(620)(5¢™)
k=1

(5.12) sup
s€[a,b]?

==/
Using that s — 1 >0, R(¢z.q)(5eX%)) is the realization of a neural network vz 4 with M (i 4) <
nM (¢zq) (see Lemma ) we have therefore proved that there exists a neural network 1z 4 with
QCde +1
vnoo
Step 4: In the final step we now provide appropriate choices of the hyperparameters. We select
3 1 ~

£ = e(c1d2PT2 + 2)71 choose n = [(2c2dPT1e71)?], D = log(e~1dPT™1¢)) and set Yoq = V=g
Then the total number of parameters of the approximating neural network can be estimated using

assumption (5.3 as
M (the ) = M (Ye.q)

d,D n 1
EIR(6:,0)(50 )] = 13 R(gea) (50| < 2207
k=1

(5.13) sup
s€[a,b]d

E[R(¢2,4)(s¢™1" )] = R(za) ()| <

IN

”M(¢§,d)
(1+ (2codPTa=1)2)cdPe1
(1+ 4c3)edPT2z7274

< (Lt 4cd)eler +2)7 0|darF 2 Grosore2e=2a,

IN

(5.14)

IN

which shows the number of weights to be bounded polynomially in d and ', as claimed.
Finally, we combine (j5.6)), (5.8) and (5.13]) to estimate the approximation error as

sup |ug(T, s) — R(ve,q)(s)]

s€la,b]d

< sup {jug(T.5) ~ EIR(9:.0) (s + [EIR(92.0) (se™1)] — EIR(82.0) (5T

+ [BR(62.4) (557 )] — R(dea) (5)]}

as claimed. OJ

5.2. Discussion of related results. As recently there have been several results on DNN expres-
sion rates in high dimensional diffusion models, a discussion on the relation of the multivariate
DNN expression rate result, Thm/5.1} to other recent mathematical results on DNN expression
rate bounds is in order. Given that geometric diffusion models are particular cases of the presently
considered models (corresponding to ¢ = 0 in the Lévy triplet), it is of interest to consider to
which extent the DNN expression error bound Thm/5.1] relates to these results.
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Firstly, we note that with the exception of [GGJ™19] and [EGJSIS], previous results in the liter-
ature which are concerned with DNN approximation rates for Kolmogorov equations for diffusion
processes (see, e.g., |GGJT19, [GHIJZ19, BGJI8, [EGISIR, [GHIvWIR, [RZ19] and the references
therein) study approximation with respect to the LP-norm (p < 00), whereas in T hm we study
approximation with respect to the L®-norm, which requires entirely different techniques. While
the results in [EGJSI§| rely on specific structure of the payoff, the proof of the expression rates in
IGGJT19] has some similarities with the proof of Thm However, the novelty in the proof of
Thm is the use of statistical learning techniques (symmetrization, Gaussian and Rademacher
complexities) which allow for weaker assumptions on the activation function than in [GGJ™19]. In
addition, the class of PDEs considered in |[GGJ'19] (heat equation and related) is different than
the one considered in Thm (Black—Scholes PDE and Lévy PIDE).

Secondly, Thm[5.1] is the first result on ReLU DNN expression rates for option prices in models
with jumps or, equivalently, for partial-integrodifferential equations in non-divergence form

dva(r,z) = $Trace(A’D2vy(r, z)) + Dyva(r, 2)7?
(5.15) + f]Rd [Ud(T, x4+ y) —vq(1,z) — Dyvg(T, x)yﬂ{”y”g}] Vd(dy),
va(0,z) = (g0 exp)(z)

for z € R% 7 > 0 or, when transformed from log-price variables z; to actual price variables s; via
($1,-..,8q) = (exp(z1),...,exp(zq)),
(5.16)
Opug(T,s) = % E?’j:l Ag{jsisj@iasjud(ﬂ s) + Zle 57305, uq(T, 8)
+ Jga |ualT, s1€¥", ..., sqe¥0) — ug(T, s) — Zle si(e¥i —1)0s,uq(r, s)| v¥(dy),
ug(0,s) = pa(s)

for s € (0,00)%, 7 > 0 (see for instance [HRSW09, Theorem 4.1]). As in our assumptions also
A? = 0 is admissible under suitable conditions on v, the present ReLU DNN expression rates are
not mere generalizations of the diffusion case, but cover indeed the case of pure jump models, of
finite and of infinite activity Lévy processes.

In the case v¢ = 0, however, the Lévy PIDE reduces to a Black-Scholes PDE. In this particular case,
we can therefore compare the result in Thm to the results that have been proved in [GHIvWTIS].
The results in the latter article are specialized to the Black—Scholes case in Section 4 [GHIvWI§],
where Setting 4.1 specifies the coefficients (A%); ; (in our notation) as Bfﬂj@(Bd(Bd)T)i,j for some
B e R4, B¢ € R4 satisfying (BY(BY) "), = 1 forall d € N, 4,5,k = 1,...,d and sup,; |87 <
co. The coefficient 7% is chosen as a satisfying supy; |of| < oo. Using that ¥ = (BY(B?)") is
symmetric, positive definite we obtain ¥;; < /¥;;X;; = 1 and hence these assumptions imply
that is satisfied. Therefore, the DNN expression rate results from Section 4 in [GHIvWIS]
can also be deduced from Thm/5.1] here in the case when the probability measure used to quantify

the LP-error in [GHJvWI1S] is compactly supported, as in that case the L*°-bounds proved here
imply the LP-bounds proved in [GHIvWIS].

5.3. Exponential ReLU DNN expression rates via PIDE. We now extend the univariate
case discussed in Section [£.3], and prove an exponential expression rate bound similar to Proposition
for baskets of d > 2 Lévy-driven assets. In this subsection we assume ReLU activation func-
tion p(x) = max(z,0). As in Section we admit general correlation structure of the marginal
processes’ jumps. To prove DNN expression rate bounds, we exploit once more the fact that the
stationarity and homogeneity of the LP X% c R imply that the Kolmogorov equation has
constant coefficients. Under the provision that in holds v4(0, ) € L2(RY), this allows to write
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) = 04(7,€) as
(5.17) 0a(r,€) = exp(—1(€))0a(0,€) , € €RY.

Here, for £ € R? the symbol 9(&) = exp(—iz ' £)A ( )exp(z:ch) w1th A(0,) denoting the constant
coefficient spatial integrodifferential operator in , and ) becomes

(5.18) EWMEXM=wMJMm,€GW-

In fact, 1) can be expressed in terms of the characteristic triplet (A%, v%, v%) of the LP X? as

for every 7 > 0 the Fourier transform F,_,cvq(T, -

(5.19) waz;EA%—QVW—Aiﬁw—l—fwwwgﬂﬂmw,5eR%

We impose again the strong ellipticity assumption (4.19), however now with || understood as
|€]2 = ¢7¢ for ¢ € RY. Then reasoning exactly as in the proof of Proposition we obtain with
C1 > 0 as in (4.19)) for every 7 > 0 for the variational solution vy of (5.15)) the bound

k k/p
. k 2
(5.20) VkeNo: [[(Dgva)(r, ')||L2(Rd) < <2T01pe> [[0a (0, )”L2 (R9) -
Here, D¥ denotes any weak derivative of total order k € Ny with respect to = € R?.
With the Sobolev embedding we again obtain for any bounded cube I := [z_,2,]? C R? with
—00 < z_ < x4 < 00, and for every fixed 7 > 0, that there exist constants C'(d) > 0 and A(7,p) > 0
such that

(5:21) VheN:  [(Dhua)(r, ) oy < CLA)(A(T, o)) (k) minl120)

The constant C'(d) is independent of z_, x, but depends in general exponentially on the basket size
(resp. the dimension) d > 2, and the constant A(7, p) = (27C1p)~"/ () denotes the constant from
and Stirling’s bound. If p = 1 (which corresponds to the case of non-degenerate diffusion)
and if 7 > 0 is sufficiently large (so that (27C1)Y/(2?) > 1) then the constant is bounded uniformly
w.r. to the dimension d .

More generally, vg(7,-)|a is Gevrey-0 regular with § = 1/min{1,2p}. In particular, for § = 1,
i.e. when p > 1/2, for every fixed 7 > 0, 2 + vg(7, x) is real analytic in I, which is the case we
consider first.

In this case, x — vg4(7, x) admits, with respect to each co-ordinate x; € [x_, z4] of z, a holomorphic
extension to an open neighborhood of [z_,z] in C. By Hartogs’ theorem (see, e.g., [H66]), for
every fixed 7 > 0, x — vy(7, z) admits a holomorphic extension to a polyellipse in C? with foci at
x_, x4 or, in normalized coordinates

(5.22) T = (T 2))i = 20w — (2 +24)/2)/(xy —2_), i=1,..d,

the map [~1,1]? > & ~ vy(r,T(#)) =: ve(r,#) admits a holomorphic extension to a Bernstein
polyellipse £, C C? with foci at 4; = +1, and semiaxis sums 1 < ¢ = O(A(7,p)"1). As 7
A(7,p)~! is increasing for every fixed value of p, for p > 1/2 parabolic smoothing increases the
domain of holomorphy with 7.

In the general case § = 1/min{1,2p} with p > 0 as in (4.19), ReLU DNN expression rates of
multivariate holomorphic (if p > 1/2) and Gevrey-regular (if 0 < p < 1/2) functions such as
Z + v(, &) have been studied in [OSZ19].

The holomorphy or Gevrey-regularity [depending on ¢] of the map & +— wv.(7,&) implies, with
[OSZ19, Theorem 3.6, Proposition 4.1] that there exist constants 5’ = '(p,d) > 0 and C =
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C(ug, 0,d) > 0, and for every N’ € N there exists a ReLU DNN iy : [-1,1]? — R such that

(5.23) M(ay) <N, Liay) < ON™™M5 7575 10g(A)
and such that the error bound
(5.24) [0e(7, ) = @inr () oo ((-1,170) < Cexp (—5’Nmin{2%ﬂﬁ}>

holds. Reverting the affine change of variables (5.22)) in the input layer, we obtain the following
result on the e-complexity of the ReLU DNN expression error for x — vg(7,z) at fixed 0 <7 < T.

Theorem 5.4. Assume that the symbol 1 of the LP X% C R? satisfies with |€)> = €€ and
with some p € (0, 1].

Then, for every pq with vg(0,-) = pgoexp € L*(RY), for every 7 > 0 and with § = 1/ min{1,2p} > 1,
on every closed, bounded cube I¢ = [z_ 2] C RY and, resp., J% = [s_,5,]% C (0,00)? with s+ =
exp(x4) the variational solutions vg of the Kolmogorov PIDE at 7 and ugq(T, s) = vq(T,log(s))
can be expressed on I?, J% by ReLU DNNs Ude, Ude at exponential rate.

Specifically, there exists a constant C = C(x_,x4,0,d,7) > 0 such that for every 0 < e < 1/2 exist
ReLU DNNs ¥g¢, tqe for which there holds

[va(7, ) = R(Va.e) ()l oo rays Mua(T, <) = R(tae) (Yl ooy < €
and,
M (84,2) + M(iig,z) < C|log(e)[™24H1} - L5y ) + L(iiae) < C|log(e)|’|log(| log(e)])] -

Here, the constants C = C(d,d,7) > 0 depend on I and J and, generally, exponentially on the
basket size d.

Proof. The asserted bounds for R(?4,.) follow by elementary manipulations from insisting that the
expression error bound equal € € (0,1/2] and subsequently inserting the resulting expression
N ~ |log(e)|max{200d+1} into the bounds for the DNN size and depth.

The bounds for R(%,) are then deduced from those for R(74.) and the fact that the transformation
log(:) : J¢ — I? (understood component-wise) is real analytic. Hence, it admits a holomorphic
extension to an open neighbourhood of J? in C?. Then [OSZ19, Thm. 3.6], combined with the
affine transformation 7' : [—1,1]¢ — J? implies that there are constants C, /3’ > 0 such that for

every N € N exists a ReLU DNN log,, such that

(5.25) M(logy(-)) <N, L(logy(-)) < CNTH logy(N)
and the error bound

(5.26) |GogoT)() ~ Rilogy) o 7| < Cexp (—pINTT) .

Whee([=1,1]9)
Due to (5.26]), for every N’ € N the set 14 = R(@X/)(Jd) Ulog(J?) C (—o0,00)? is compact. For
: 1 1 1
given ¢ € (0,1/2], we choose N € N as before. Using that N™™55:5a71} < A@7 | this choice
1 —~
guarantees in (5.26) that Cexp (—B’NTH> < . Then we define uq(7,-) = R(0q.)(-) o R(logy)(+)
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and estimate

[wa(T; ) = ta(Ts Mpegey = lvalT, ) olog() = (7, )| Loy

[va(T, -) o log(-) — va(T,- )OR(IOgN)(')||Li(id)

+va(r, ) o R(logy)(-) - R(0a,e)(-) o R1ogn) ()l oe (4
[va(7s 100 7y 1 108 () = R(10gxr) ()| oo (4
Hloar, ) = R{) Oll e 7,

< Ce.

IN

IN

Since the DNN size and DNN depth are additive under composition of ReLU DNNs, the assertion
for @4, follows (possibly adjusting the value of the constant C). O

5.4. Remarks on the Curse of Dimensionality. The result Theorem demonstrated DNN
expression rates that are polynomial in ¢! for European style options in multivariate, exponential
Lévy models, with constants that depend polynomially on the number d of assets. In particular,
in Theorem the curse of dimensionality was proved to be overcome for a market model with
jumps: a DNN expression rate was shown that is algebraic in terms of the target accuracy € > 0
with constants that depend polynomially on the dimension d.

Theorem on the other hand, stated exponential expressivity of deep ReLU NNs, i.e. maximum
expression error at time 7 > 0 with accuracy € > 0 can be attained by a deep ReLU NN of size
and depth which grow polylogarithmically with respect to |log(e)|. This exponential expression
rate bound was, however, still prone to the curse of dimensionality. We show in the present section
that parabolic smoothing of the Kolmogorov PDE allows, for sufficiently large times for polynomial
with respect to d bounds on the constants. We start by discussing more precisely the dependence
of the constants in the proof of Theorem on the dimension d.

Remark 5.5. The constant C(d) in the derivative bound (5.21]) need not be exponential in d. To
see it, we bound (5.21]) by the inverse Fourier transform and the Cauchy-Schwarz inequality. For
a € N¢ with |a| = Z?:l a; = k, we find with the Cauchy-Schwarz inequality and with the lower

bound (4.19))
1(Dzva) (T; )| poe (1a)

(271_1)(1/2 /Rd (&)~ exp(ing) eXp(—ﬁ/J({))@d(O, f)dﬁ’

= sup
xeld

< G |l exa(=ri(eliaato. 1o

< s ([ ewt2rcuiginac) (| i espi-2rciieant.orPac)

(5.27)

1/2

The last factor can be bounded precisely by the square-root of the right hand side of ([5.20]) (by
using (4.26))) and so, using k* < kle¥ we obtain the bound (5.21) as

(5.28) 1(Dgva) (7. )| oo 10y < C(dT)(A(T, ) (R)Y 2 [0g (0, )| 2y
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with constant A(7,p) = (27C1p)~"/(?7) and the explicit constant

1 1/2
C(d,7) = )i </Rd exp(—2701|g\2p)d§>

1 1/2

)
R e a1 B 2p
= an)ie <2dwd/0 % exp(—27Cyr )dr>
 (2m)

(5.29) .

1/2
1 1 wdf(i)
(27)d/2 \ pd (27C4)?/(2p) 2p
1

- /2T (L) 2
T en2 \pd@ren¥@ T(d+1) )

where wy denotes the volume of the unit ball in R?. Inspecting the constant C(d,7) in (5.29), we
observe that e.g. for p = 1 and 79 = 79(C1) = 1/(87C1), 7 > 19 > 0 sufficiently large implies that
the constant C(d, ) is bounded independent of 7 and d.

Remark 5.6. In certain cases, the parabolic smoothing implied by the ellipticity assumption
on the generator A entails that the constant C' in the regularity estimates grows only polyno-
mially with respect to d. This allows to derive an explicit and dimension-independent bound on the
series of Taylor coefficients. This, in turn, allows to obtain bounds on the constant in which
scale polynomially with respect to d. Consider, for example, p = 1 (i.e. non-degenerate diffusion)
and assume that 7 > 0 is sufficiently large: specifically, (2rC1)/ (%) > 1 and dA(r, p) < 1, where
A(T,p) = (2p7C1)~Y(2P) denotes the constant in the [] parentheses of (4.28). This holds if

d*
2pCy
. . B\ ok . . . .
With (5.30) and using ZaeNg la|=k ( ) = d", we may estimate with the multinomial theorem

07

(5.30) >

5 102 Maman oy ) 5 Al

al al
aeNg a€eNg
> 1
) S ) = )

By Remark (5.30) implies that C'(d, ) in ((5.29) is bounded uniformly with respect to d.

The constant C' > 0 in the exponential expression rate bounds established in Theorem depends
in general exponentially on the basket size d, resp. on the dimension of the solution space of the
PIDE , due to the reliance on the ReLU DNN expression rate analysis in [OSZ19]. Further-
more, the DNN size grows polylogarithmically with respect to the dimension d, in terms of | log(e)|.
Considering exponential expression rate bounds, this degeneracy with respect to the dimension
d seems, in general, not avoidable, as can be seen from [OSZ19, Theorem 3.5]. Nevertheless, in
Remark we already hinted at parabolic smoothing implying sufficient regularity for polynomial
w.r. to d constants in DNN expression rate bounds.

In the following paragraphs, we settle for algebraic DNN expression rates and overcome exponential
dependence on d in ReLU DNN expression error bounds under certain sparsity assumptions on
polynomial chaos expansions, as shown in [SZ19], [CDSI0] and the references there. We develop a
variation of the results in [SZ19] in the present context.

We impose the following hypothesis, which takes the place of .
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Assumption 2. There exists a constant C1 > 0 and (pj)jen with % < pj <1, such that for each
d € N, the symbol ya of the LP X¢ satisfies that

d
(5.31) VEERY: Ryya(€) = Cr Y |47
j=1
Furthermore,
1
5.32 = inf p; > .
(5.32) pi=nfp; >3

The payoff function g in (5.15)) is such that v4(0,-) = @40 exp € L?(RY).

Remark 5.7. Consider the pure diffusion case, i.e., when the characteristic triplet is (A%, 0,0) with
a symmetric, positive definite diffusion matrix A% and Lévy-symbol ¢y : RT — R : £ s €T A%¢,
A sufficient condition for assumption ([5.31) to hold is that the eigenvalues ()\g)i:17,,,7d of A% be
lower bounded away from zero,
(5.33) C1 = inf 2> 0.

Z7
To see this, write QT A%Q = D for a diagonal matrix D containing the eigenvalues of A% and an
orthogonal matrix Q. Then we obtain for arbitrary ¢ € R?

d
xo(€) = €7 A% = (€)QDQTE = S N(QT € > min ] 107€P = min ] i
=1

Therefore condition (5.31) is satisfied with C; as in (5.33]) and p; =1 for all j € N.
This condition imposes, in applications, that different assets (modelled by different components of
the LP X9) should not become asymptotically (perfectly) dependent as the dimension grows.

Remark 5.8. Consider characteristic triplets (A%, v%, v%) and the more general case of non-degenerate
diffusion, i.e. with A9 satisfying the condition ([5.33)) formulated in Remark Then the real part
of the Lévy symbol 1)ya of X9 satisfies for all £ € R?

Ria() = 56 A% = [ [eosteTy) — 1] i) = 367 4% = e

with C; as in (5.33]). Hence, Assumption [2| is satisfied also in this more general situation. Fur-
ther examples of LP satisfying Assumption [2| are based on stable-like processes and copula-based
constructions as e.g. in [FRS0T].

In comparison to the conditions in Section the anisotropic lower bound in Assumption 2 is a
different type of condition.

As we shall see below, Assumption [2] ensures good “separation” and “anisotropy” properties of the
symbol of the corresponding Lévy process X¢.

For 7 > 0 satisfying , we analyze the regularity of the map x +— vg(7, ). From Assumption
we find that for every 7 > 0, z + vg(7,z) € L?(R?) and that its Fourier transform has the explicit
form

(5.34) 0a(7,§) = Freva(T, ) = exp(—T¢xa(£))04(0,€) -

For a multi-index v = (v1,...,v4) € N&, denote by 0% the mixed partial derivative of total order
lv| = v1 + ... + vg with respect to # € R?. Formula (5.34) and Assumption [2| can be used to show
that for every 7 > 0, z + vg(7,2) is analytic at any x € R? This is of course the well-known
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smoothing property of the generator of certain non-degenerate Lévy processes. To address the
curse of dimensionality, we quantify the smoothing effect in a d-explicit fashion.

To this end, with Assumption [2| we calculate for any v € Ng at x = 0 (by stationarity, the same
bounds hold for the Taylor coefficients at any 2 € R?)

d
(2m)*2 |0 va(,0)] = ‘ /£ (8 bl 5>d5] < /5 . [0 ONTT 11 exp(=rCilg;*)de
j=1

We use (4.26) with m < v;, k <~ Ci7, p = 2p; to bound the product as
d

) v;/(2p5)
H €177 exp(—7C1|€5]77) < H (2/3 TC1€> :
7

j=1

We arrive at the following bound for the Taylor coefficient of order v € Ng of vg(t,-) at z = 0:

d vi/(2p;)
1 1 U J J
< — — [ —L— )
< Gyl 00l s Hyj! (Wcﬁe)

1
(5.35) It | = ‘V,az”vd(ﬂ ) |z=0
. 1

Stirling’s inequality

(5.36) VneN: nl>n"e "V2rn >n"e ™"
implies in (5.35)) the bound

1 . _ ’
(537) Vv € Ng . ’tu‘ < WHUd(Q ')HLl(]Rd) ((V') 1bl/)P
Here, p/ = 1—2% > 0 and the positive weight sequence b = (b;);>1 is given by b; := (2pjTC1)*1/(2”J'p/),
j = 1,2,... and multi-index notation is employed: v~™¥ = (v]'v5?. ..)_1, b¥ = b'by?... and
v! = 11!yl ., with the convention 0! := 1 and 0° := 1.

We raise (5.37) to a power ¢ > 0, with ¢ < 1/p’ and sum the resulting inequality over all v € N¢
to estimate (generously)

Z 1]1 < 1040, -)H%I(Rd) Z ibu qp’ _ [|0a(0, ')Hqu(Rd) Z Mb'/ ap’
o= (2m)da/2 v! - (2m)da/2 v! '
veNg veNg veNd

To obtain the estimate (5.37)), one could also use the L?-bound with explicit constant derived in

£29. 629)

Under hypothesis (5.31]) and for 7 > 0 satisfying (5.30), we can now prove g-summability of the
Taylor coefficients as follows.

. Hqu(Rd) |I/|' qp’
- 27r)da/2 Z ( vl b >

) Hqu(Rd NN
)Z —qk/(2 Z v
 (2m)da/2 (2prC1)™" e (V') ’
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Using that |v|! > v! and that 1 > ¢p’ > 0 we obtain with the multinomial theorem

> Gz e

veNg:|lv|=k veNd:|v|=k
and so, provided that
d2e/a
(5.38) T > 10(d) with 79(d) := 2,0,
it follows that
13a(0, )11 (e 1
(5.39) H{t”}HZ‘](Ng) - u%\;g ol < (27r)qu/2(]R : 1 —d(2p7Cy)~9/(2p)°

Therefore, we have proved g-summability of the Taylor coefficients of x — vy(7, ) at = 0 for any
7 > 19(d). The g-norm H{tv}Heq(Ng) is bounded independently of d, provided that 7 > 79(d) and
184(0, )| 11 (ay (2)~%/? is bounded independently of d.

The g-summability (5.39) of the Taylor coefficients of = — vg(7,z) at x = 0 with ¢ = 1 implies for
7 > 79(d) unconditional, pointwise convergence in the cube [—1,1]¢ of

(5.40) va(T,2) = Z tya”, ¥ i=axtan?.

VGNg
Furthermore, as was shown in [SZ19, Lemma 2.8], the fact that the sequence {¢,} is g-summable
for some 0 < ¢ < 1 and the coefficient bound (5.37) imply that for 7 > 79(d) exists a sequence

{Ap}n>1 C Ng of nested, downward closed multi-index sets' A, C Ng with #(A,) < n such that
general polynomial chaos (gpc for short) approximations given by the partial sums

(5.41) vs"(T,w) = Z tyz”
veA,

converge at dimension-independent rate r = 1/q — 1 (see, e.g., [CDS10, Lemma 5.5])

(5.42) lva(rs ) = o™ (7 Mzeeryny < D ol <m0 g -
The summability ([5.39)) of the coefficients in the Taylor gpc expansion ([5.40|) also implies quantita-
tive bounds on the expression rates of ReLU DNNs. With [SZ19, Thm.2.7, (ii)], we find that there
exists a constant C' > 0 independent of d such that

sup |v]; < C(1 +log(n)) .

veEA,
We now refer to [SZ19, Thm. 3.9] (with ¢ in place of p in the statement of that result) and, observing
that in the proof of that theorem, only the p-summability of the Taylor coefficient sequence {t, } was
used, we conclude that for 7 > 0 satisfying there exists a constant C' > 0 that is independent
of d and, for every n € N exists a ReLU DNN 97} with input dimension d, such that

M(v7) < C(1+ nlog(n)log(log(n))), L(vy) < C(1+ log(n)log(log(n))) ,
(5.43)
[oa(m, ) = R oo (o1 10y < Cn~ /a1,

He. ife; € A, then e; € A, for all 0 < i < j.
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6. CONCLUSION AND GENERALIZATIONS

We proved that prices of European style derivative contracts on baskets of d > 1 asset in exponential
Lévy models can be expressed by ReLU DNNs to accuracy € > 0 with DNN size polynomially
growing in e~ and d, thereby overcoming the curse of dimensionality. The technique of proof was
based on probabilistic arguments and provides expression rate bounds that scale algebraically in
terms of the DNN size. We then also provided an alternative, analytic argument, that allows to
prove ezxponential expressivity of ReLU DNNs of the option price, i.e. of the map s — u(t,s) at
any fixed time 0 < t < T, with DNN size growing polynomially w.r. to log(e) to achieve accuracy
€ > 0. For sufficiently large ¢ > 0, based on analytic arguments involving parabolic smoothing and
sparsity of generalized polynomial chaos expansions, we established in (5.43)) a second, algebraic
expression rate bound for ReLU DNNs that is free from the curse of dimensionality. The main
result, Thm. [5.1] could be extended in various directions.

First, the expression rates are, almost certainly, not optimal in general; for high-dimensional dif-
fusions, which are a particular case with A? = I and v? = 0, in [EGJSI8] we established for
particular payoff functions a spectral expression rate in terms of the DNN size, free from the curse
of dimensionality.

Solving Hamilton-Jacobi partial integrodifferential equations (HJPIDEs for short) by DNNs: it
is classical that the Kolmogorov equation for the exponential LP X% in Section is, in fact, a
HJPIDE (e.g. [BBP97, BIOS]). The expression rate bounds obtained in Section [5| therefore imply
corresponding expression rate bounds for ReLU DNNs which are free from the curse of dimension-
ality for viscosity solutions of the HJPIDEs of the LP X% and for its exponential counterparts.
The present results constitute to our knowledge the first ReLU DNN expression rate bounds which
scale polynomially w.r. to d for HJPIDEs.

Barriers: We considered payoff functions corresponding to European style contracts. Here, the
stationarity of the LP X% and exponential Lévy modelling allowed to reduce our analysis to Cauchy
problems of the Kolmogorov equations of X¢ in R?. In Lévy models in the presence of barriers,
option prices generally exhibit singularities at the barriers. More involved versions of the Fourier
transform based representations are available (involving a so-called Wiener-Hopf factorization of
the Fourier symbol, see, e.g., [BL0O2]). For LPs X¢ with bounded exponential moments, the present
regularity analysis may be localized to compact subsets, well separated from the barriers, subject
to an exponentially small localization error term; see [HRSW13, Chap. 10.5]. Here, the semiheavy
tails of the LPs X? enter crucially in the analysis. We therefore expect the present DNN expression
rate bounds to remain valid also for barrier contracts, at least far from the barriers, for the LPs
X4 considered here.

Dividends: We assumed throughout that contracts do not pay dividends; however, including a
dividend stream (with constant over (0, 7] rate) on the underlying does not change the mathematical
arguments; we refer to [LMOS], Section 3.1] for a complete statement of exponential Lévy models
with constant dividend payment rate § > 0, and for the corresponding pricing of European and
American style contracts for such models.

American style contracts: Deep learning based algorithms for the numerical solution of optimal
stopping problems for Markovian models have been recently proposed in [BCJ19]. For the particular
case of American style contracts in exponential Lévy models, [LMOS8] provide an analysis in the
univariate case, and establish qualitative properties of the exercise boundary {(b(¢),t) : 0 <t < T'}.
Here, for geometric Lévy models, in certain situations (d = 1, i.e. single risky asset, monotonic,
piecewise analytic payoff function) the option price, as a function of x € R at fixed 0 < ¢t < T,
is shown in [LMOS] to be a piecewise analytic function which is, globally, Holder continuous with
a possibly algebraic singularity at the exercise boundary b(¢). This holds, likewise, for the price
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expressed in the logarithmic coordinate x = log(s). The ReLU DNN expression rate of such
functions has been analyzed in [OPS20), Section 5.4]. In higher dimensions d > 1, recently also
higher Holder regularity of the price in symmetric, stable Lévy models has been obtained for
smooth payoffs in [BFRO1S].
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