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Abstract

We propose a non-asymptotic convergence analysis of a two-step approach
to learn a conditional value-at-risk (VaR) and expected shortfall (ES) in a non-
parametric setting using Rademacher and Vapnik-Chervonenkis bounds. Our ap-
proach for the VaR is extended to the problem of learning at once multiple VaRs
corresponding to different quantile levels. This results in efficient learning schemes
based on neural network quantile and least-squares regressions. An a posteriori
Monte Carlo (non-nested) procedure is introduced to estimate distances to the
ground-truth VaR and ES without access to the latter. This is illustrated using
numerical experiments in a Gaussian toy-model and a financial case-study where
the objective is to learn a dynamic initial margin.

Keywords: value-at-risk, expected shortfall, quantile regression, quantile cross-
ings, neural networks.

AMS Subject Classification: 62G32,621.20,62M45,91G60,91G70.

1 Introduction

Quantile regression is a classical statistical problem that has received attention since the
1750s. Koenker (2017) notes that the least absolute criterion (or pinball loss function)
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for the median even preceded the least squares for the mean (introduced by Legendre
in 1805).

Quantile regression is commonly done in the context of linear models, where the
ensuing minimization problem can be cast as a linear program and subsequently solved
by the simplex method. When several quantile levels are jointly considered, a flaw
inherent to linear quantile regression is the problem of crossing quantile curves. Alter-
native approaches include nonlinear quantile regression based on interior point methods
(Koenker and Park, 1996), or nonparametric quantile regression based on stochastic
gradient descent methods (Rodrigues and Pereira, 2020).

In harmony with the numerous financial applications, we also refer to quantile as
value-at-risk (VaR) and to superquantile, i.e. the expected loss given the loss exceeds
the VaR (Rockafellar and Royset, 2013), as expected shortfall (ES). Dimitriadis and
Bayer (2019) developed an asymptotic convergence analysis, establishing the consis-
tency and asymptotic normality, under somewhat strong semiparametric assumptions
and regularity conditions, of a joint linear regression estimator for the value-at-risk and
expected shortfall based on their joint elicitability properties (Fissler and Ziegel, 2016;
Fissler et al., 2016), implemented numerically using the Nelder-Mead optimization al-
gorithm. Closer to our proposals, Padilla et al. (2020) consider quantile regression
with ReLU networks, including a discussion on minimax rates for quantile functions
with Holder-related regularity conditions, and providing qualitative non-asymptotic es-
timates for such networks, of which our corresponding results can be considered quanti-
tative versions. Shen et al. (2021) consider a different approach to the non-asymptotic
analysis, assuming that the target quantile function has a compositional structure in
terms of Holder-continuous functions. The authors derive Vapnik-Chervonenkis (VC)-
based error bounds that only depend on the dimension of the composed functions,
as opposed to the one of the inputs usually in the literature, and are therefore less
impacted by the curse of dimensionality.

The contribution of the present paper is the non-asymptotic convergence analysis of
a learning algorithm for VaR and ES using a two-step approach, possibly for multiple
quantile levels at the same time, in a nonparametric setup. We also provide practical
learning schemes to learn the conditional VaR and ES using neural networks as the
function approximators. Our two-step methodology enables the reuse of the VaR neural
network’s hidden layers in the training of the neural network approximating the ES,
allowing for instance to learn the latter using a simple linear regression against a learned
regression basis, hence quickly deducing a conditional ES estimator from the estimator
of the conditional VaR. We also address the problem of learning multiple quantiles
at the same time and propose methods to deal with the well-known quantile crossing
issue (He, 1997; Koenker, 2004; Takeuchi et al., 2006). We provide an a posteriori
error estimation method in order to compute errors against ground-truth values of the
conditional VaR and ES without needing to approximate the latter with a slow nested
Monte Carlo procedure. For the purpose of assessing our proposed schemes, we provide
numerical experiments in a Gaussian toy model, and a financial case-study where the
goal is to learn a dynamic initial margin in a multi-factor model.

The paper is organized as follows. Section 2 presents our base learning algorithm.
Relying on the general results of the companion paper (Barrera, 2022, Section 3),



Section 3 performs the corresponding convergence analysis. Section 4 discusses special-
izations of this scheme and its errors to the case of inference via neural networks. We
introduce multi-quantile extensions of the above in Section 5. Sections 6 and 7 discuss
numerical experiments. Appendix A gathers classical elicitability results underlying
different possible VaR and ES learning algorithms (including the one in Section 2, but
also a joint representation a la (Fissler and Ziegel, 2016; Fissler et al., 2016), shown
less efficient numerically in the paper’s github). Appendix B discusses the role of data
transformations in the scheme proposed and their consequences on the respective error
bounds.

We denote by (2,4, P) a probability space, which admits all the random variables
appearing below (the existence of (€2, .4, P) can be verified a posteriori), with corre-
sponding expectation operator denoted by E[-], and we denote by R the Borel sigma
algebra on R.

2 A Learning Algorithm for VaR and ES

Let S be a Polish space with Borel sigma algebra S. From now on
(X,)Y): Q= SxR

is a fixed random vector in S x R!, with Y € Lllj. We will utilize the usual notation
Px, P(xy) for the laws of X and (X,Y): for every Borel sets A C S, A" C S xR

Px(A)=P[X € 4], Pxyd)=P[X,Y)ecA].

We fix a conditional distribution function p: .S x R — [0,1] of Y given X (Kallenberg,
2006, Theorem 5.3 p.84), and we assume that the function S x R — R defined by
(z,y) — p(z, (—00,y]) is (S®R)/R (i.e. Borel)-measurable.? With these conventions,
we will use implicitly the corresponding version

PIY € [X] = pn(X,)

of the conditional probability of Y given X. In particular, we will use the conditional
(cumulative) distribution (function) of Y given X,

Fyix(y) =PV <y|X] = p(X, (—00,9]). (2.1)

We will finally assume, without loss of generality, that Fy|x,)(:) is integrable for every
w € Q.3 In what follows, for a function F : R — R and yo € R

F(yo—) = lim F(y). (2:2)

Yie. an A/(S ® R) measurable function.
2This the case if for instance S = R? and (X,Y) admits a density with respect to Lebesgue measure.
3Since Y € L, we have that

oo > B[|Y[] = E[E[Y]|X] = E [ / |y|Fy.X<dy>} ,

thus Fy|x(.) is integrable for P-a.e. w: it suffices to change the version of X to guarantee integrability
for every w.



Definition 2.1. The conditional value-at-risk (VaR) and expected shortfall (ES) of Y
given X at the confidence level a € (0,1) are (cf. (A.2))

VaR(Y|X) 1= VaR(Fy|x) = inf F}; '\ ([o, 1]) = inf{y € R; Fyx(y) > a},

YIX
1
ES(Y|X) .= /
¥IX) 1 — Fyx(VaR(Y[X) =) Jvar(y|x),00)

y Fy|x (dy).
(2.3)

Lemma 2.1. The functions w — VaR(Y|X(w)) and w — ES(Y|X(w)) are o(X)-

measurable.

Proof. Givent € R,
{VaR(Y|X) <t} = Upen{Fyx(t — 1/n) > a},

which is a countable union of (X )-measurable sets (Fy|x(y) is o(X)-measurable for
every fixed y). This shows the claim for VaR(Y|X). As for the o(X)-measurability of
ES(Y'|X), notice that the function es : S x R — R defined by
_ 1

1- :U‘(‘T’ (—OO, U))

/y]l[v,oo) (y) /J,(l’, dy)

es(v, x)

is Borel-measurable (on the set where p(z, (—00,v)) < 1) and that
ES(Y|X) = es(X,VaR(Y|X)). n
Then, from the Doob-Dynkin lemma:

Corollary 2.2. There exist Borel measurable functions q¢: S — R and s : S — R such
that

q(X) = VaR(Y|X), s(X) =ES(Y|X), P-a.s.. (2.4)

Assuming S = R?, the goal of the article is to present and analyze algorithms for
approximating (P x-versions of) the functions ¢(-) and/or s(-) in (2.4), efficient in high
dimension d, based on i.i.d. samples of (X,Y) € R? x R and on suitable hypothesis
spaces (including families of functions represented in terms of neural nets which are
used in the experimental part of the paper)

F={f:R'=R}, G={g:R* =R}, H={h=(fg): R = R?}
for ¢(-), s(+), and (q(-), s(+)), respectively.

2.1 VaR and ES as optimization problems

Let ¢ : R — R be an increasing, continuously differentiable function, and let p, : R? — R
be the tilted loss at level a (given ¢) defined by

pu(y,v) = (1= ) (e(y) — (v) ™ + o). (2.5)



Let ¢ : [0,00) — R be twice continuously differentiable with ¢” positive, and let

05(y,0,2) =¢'(2) (z = (1 =) "y —v)") —<(2) (2.6)
be the tilted loss for ES (given <), e.g.

02(y,v,2) =2 —=2(1—a) 'y —v)tz (2.7)
=(z—(1-a)Hy—v)")? = (1-a)y—v)")

Let ¢, ¢ be functions R — R where ¢/ is nonnegative (possibly zero) and continuous,
¢’ is negative, and ¢” does not vanish, and consider the function p, : R x R x R — R
defined by

pus(y,0,2) =(1 = @) 7 e(y) = (v) + 1(v)
+(2) (z v = (1 =)y —v)") —<(2). (2.8)

To provide suitable representations of the functions ¢(-) and s(-) of (2.4) in the
context of convex optimization, we will work under the following assumption.

Assumption 2.2. Fy|x (defined by (2.1) for a given o) satisfies Assumption A.4,
P-a.s., and if p,, oc, p.c, q(-) and s(-) are respectively as in (2.5), (2.6), (2.8), (2.4),
then p, (Y, ¢(X)), 0c(Y,q(X), s(X) — ¢(X)) and p,<(Y,q(X), s(X)) are P-integrable.

Our methods rely on the following elicitability (i.e. minimizing) properties of
VaR(Y|X) and ES(Y|X) of the functions ¢(-) and s(-) . We use implicitly in the
statement the convention E [h(X,Y)] = co whenever h(X,Y’) is not P-integrable. We
also use the notation £(S) [resp. L£4(S)] for the space of Borel measurable functions
S — R [resp. S — Ry].

Theorem 2.3. Under Assumption 2.2:

q() €arg frerg(ns) Elp. (Y, f(X))], (2.9)
s() —q() €arg gergir(lS)E los (Y, q(X), 9(X))], (2.10)
(q(-),s(-)) € arg (f,g)eg(lisr)lxﬁ(s)E [P, (Y, f(X), 9(X))] - (2.11)
FEven more
s(X)=q¢X)+(1—a)'E[(Y —¢(X))T|X], P-as. (2.12)

(this does not depend on the assumptions on p,, oc, p.c. For the P-integrability of q(X)
see the last paragraph in Appendiz B).

Proof. All these statements are a straightforward consequence of the fact that, if
h(X,Y) is P-integrable, then

E[h(X,Y)|X]:/Rh(X,y)Fy|X(dy), P-a.s.,



together with the characterizations of VaR and ES in Lemmas A.1, A.2 and A.3.
To illustrate for ¢(-): using Lemma A.1 and the above identity, we obtain that

E[p. (Y, q(X)X] <E[p.(Y, fF(X))X],  P-as,

for every f € L£(S). This implies (2.9) by integrating with respect to P. The other
statements can be proved in a similar fashion. i

Remark 2.3. If (Y —q(X))" € L}, then the representation (2.12) is also a consequence
of the characterization (2.10). To see this notice that, by the Pythagorean theorem and
the nonnegativity of (Y — q(X))*, any r € L, (S) satisfying®

() e arg min I (1 =a)7H Y —q(X)" = g(X))?] (2.13)

has the property that
r(X)=E [(1 —a)_l(Y—q(X))ﬂX] , P-a.s..

In view of (2.7), it follows that the minimization criteria (2.10) and (2.13) are exactly
the same, leading in particular to

s(X)—q(X)=r(X)=(1-a) 'E[(Y —¢(X)*|X], P-as,
as claimed by (2.12).

Remark 2.4. The minimizers in (2.9)-(2.11) do not need to be unique: notice for
instance that the proof of (2.9) (illustrated above) shows that any function ¢ : S — R
satisfying Fy x(q1(X)) = a is a minimizer of f — E[p,(Y, f(X))], and that there are
infinitely many such functions if F;|1X () is an interval of positive length on a set with
positive P x -measure.

2.2 The algorithm

The functional representations in (2.9)-(2.13) give immediately rise to equally many
approximation algorithms for conditional VaR and/or ES. In all cases, the numerical
recipe is simply that of replacing the minimization problems in (2.9)-(2.13) by empirical
versions: instead of £(S), L4 (S) and L(S) x L(.S) we use convenient hypotheses spaces
F CL(S), G C Ly(S),and H C L(S) x L(S); instead of integration with respect to P
we use a Monte Carlo approximation based on (properly truncated) i.i.d. samples of
(X,Y).

After some preliminary empirical investigations reported in the paper’s GitHub, the
best turned out to be the simplest, i.e. the two-step algorithm that first uses (2.9) to
obtain an approximation ¢(-) of the (conditional) VaR, and then uses (2.12) together
with the interpretation of the conditional expectation as a least-squares minimization
problem, i.e. (2.13), to learn ES, using the approximation §(-) obtained before. This
two-step algorithm will be our main focus in what follows. Its pseudo-code is provided
as Algorithm 1. The restrictions on F and ¢, the transformation hi, hs and the trun-
cations Tp defined by Ty = max{min{y, B}, —B}, (y,B) € R x [0,00), permit
a fitting of the algorithm within the framework of the bounds developed in Barrera
(2022). They may also have practical advantages, as discussed in Appendix B.

“The existence of such 7 follows again from Kallenberg (2006, Lemma 1.13 p.7).



1 Parameters:

e The loss p given by (2.5) with «(z) = z.

Constants (By, By, B3) € (0,00) with B < Bs.

A function hy : S x R — [— By, Bs| such that, for Px-a.e. z € S,
hi,z(-) := hi(z,-) is increasing in a set I, with P[Y € I|X =z] = 1.

e A conditionally affine function ho(z,y) = 7(x)y + v(z) with 7(x) > 0
for Px a.e. x € S.

e A set F of Borel measurable functions S — [—Bj, By].
o A set G of Borel measurable functions S — [0, Bs].
2 Input: An i.i.d. sample
D = {(Xk, Yi) izt
of (X,Y).

3 Compute

fearg ljf}gg; p(h1(Xk, Yi), f(Xg)).

i(z) =hy 5 0 f(2)

4 Compute

ge argrgneiélz (9(Xk) — T, (1 — @) (ha (X, Ya) — ha(Xk, 4(X2))T))?
k=1

() =(g(z) — v(z))/7(2)

Return((VaR(Y|-), ES(Y]")) = (4(-),d(-) + #())

Algorithm 1: Estimates of conditional VaR and ES by regression in two steps
with tilted loss (cf. (2.5)) for VaR and quadratic loss for ES.

3 Convergence Analysis of the Learning Algorithm
In what follows, we will be using the assumption hg(z,y) = y (k = 1,2) for the data

transformations in Algorithm 1. Our results, therefore, leave open the error induced
by the operations (hx(X,-))~! used for the final estimates.

We will use the notation
D ={(X;,Yj)}i— (3.1)

for an i.i.d. sample of (X,Y") (with n given).



Using also the notation (2.5), (2.6), (2.8), we will denote, for (f,g) € L(S) x L4+(5)

plF) = B (Y SO L () = 3 pulYe S(X0)
k=1

8.(/.9) = Eloy(Y. /(X). g(X))] . 25(f.0) iz (Yoo F(X4). (X))
Pus(f:9) = Elpo (Y, £(X), F(X) + 9(X))], B
puslF.9) = iém,cm, FX0), F(X) + 9(X0). (32)
Throughout this section, 7
FCLS), GCLu(S) H C L(S) x L.(S)

will be fixed hypothesis spaces. Associated to these and to the loss functions in (3.2)
there are the following quantities of interest,

qe inp,(f), ] € in p 3.3
gcargminp(f), 4 €argminp(f) (3.3)
and given f € L(95),
T € argmin oc(f, g), 7 € argmin oc(f, g). (3.4)
g€g 9€g

Thus (3.3) defines respectively the best mean and empirical hypothesis for VaR
within F, and (3.4) defines the best mean and empirical hypotheses for ES — VaR
within G conditioned to the hypothesis f for VaR (f may not belong to F). Similarly,
we define the best mean and empirical joint hypotheses for (VaR, ES—VaR) respectively
by

€ ar min v (f,9), ],7) € ar min we(fr9)-
(¢.7) carg min  puclfig),  (@F) €arg, min | puc(f,9)

3.1 The approximation error of the estimator of VaR
Algorithm 1 is based on the following assumption:

Assumption 3.1. The function « : R — R in (2.5) is the identity function. We
therefore omit v and write

p(y,v) =(1—a) (y—v)" +uv,

as well as p(-) and p(-) instead of p,(+,-), p.(+) and p,(-).

Assumption 3.1 implies the convexity of p(y, -) (for all y), which we exploit in several
manners. In a sense, Assumption 3.1 is only an apparent restriction: notice that for
any (y,v) € R?

Py, v) = p(e(y), L(v)),



which allows us to transport any conclusion under Assumption 3.1 to the respective
conclusion for generic ¢, by “transferring” the hypotheses related to (y, v) to hypotheses
related to (¢(y), t(v)).

The following assumption is a conditional version of Assumption A.4:

Assumption 3.2. There exist functions a,b: S — R such that
Fyx(a(X)) < a < Fyx(b(X)), (3.5)

on a set Qo of P-measure one and such that Fy|x(,)(-) is absolutely continuous in
[a(X (w)),b(X (w))] for every w € Q.

Notice that, under this assumption, a(X) < ¢(X) < b(X) except on a set of measure
Z€T0.

Assumption 3.3. (for a generic family F1 C L(S)) Assumption 3.2 holds, and F; C
L(S) is such that

1. For every f € F1, a(X) < f(X) < b(X), except on a set Qy of P-measure zero.
2. There exists cr, > 0 such that, for every f € Fi,

vix(f(X)) =2 er,  Poas.

Assumption 3.3 is needed to succeed in applying Taylor expansions towards the esti-
mation of errors in our analysis.

Lemma 3.1. Given F C L(S), and under Assumption 3.1, define q by (3.3), let
Fo C F, and consider

Fo={tf+ 1 —t)q: (¢t f) €1[0,1] x Fo}, Fr={tf+(1—-t)q: (¢ f) €0,1] x F},

If F1 = F* satisfies Assumption 3.8 and if

Cfg = fseu%{HF3//|X(f(X)>HP,oo}v (3.6)

then the inequalities

er117 = alfp 25201 = )(3(@) ~ la)
<@ =) Ellf ~dllex) A (Cry 0 [If —alff,)  (37)

hold.
Proof. For any f € F, consider the function [0, 1] — R defined by
t= Vi(t) := plg +t(f —q)),

which has a minimum at ¢ = 0.



We use the definition of Fy|x(-) and differentiation under the integral sign to obtain,
for every t € [0,1]

2
10 =3B | [ p00(X) + ¢70X) ~ O Pty

= B 00) — a0 (1~ @) By (a(X) + 17 (X) — (X)) ~ 1) +1)]
= E[(/(X) = a(X))*F 1 (a(X) + L(F(X) = a(X)))/(1 = )]
> LB [(f(X) - q(X))?] (3-8)

This shows in particular that V7 is twice continuously differentiable (from the right at
t = 0) and convex. Applying Taylor’s theorem and the fact that V;(O) = 0 we arrive at

syl — a2 ) - o) (3.9)

Since this is valid for any f € F, it is valid for f = ¢. This gives

C]—"* ~ 2 - ~
—|lq — < — . .
50 —a) g —allp, 2= (@) — pla) (3.10)
The upper bound
Crx
~ o~ < _"To 2 .
p(q) — plg) < 50 —a) flg]f_ollf qllp 2 (3.11)

follows from the inequality 5(q) — p(q) < p(f) — p(q) (valid for any f € Fy) and an
obvious modification of the previous argument starting from (3.8).
Finally, the upper bound

2—-«a
0(q) — plq) < inf ||f — 12
5@ i) < (322 ) tllf = dles (3.12)
follows via an elementary estimation using
lat —bT|< |a — b] (3.13)

and the triangle inequality, together (again) with the inequality 5(q)—p(q) < p(f)—p(q),

valid for every f € F. The conclusion follows from (3.10), (3.11) and (3.12). B

Remark 3.4. Notice that as Fo gets larger, Cxy in (3.6) increases and inf ez, ||f —
qllpx 2 decreases: by making the bound (3.7) depend of Fo C F we leave open the room
for a trade-off between these quantities.

Remark 3.5. If we strengthen Assumption 3.3 by requiring that for some (¢,C) €
(0,00) x (0,00), and except on a set of P-measure zero

¢ < Fyx(y) < C, for every y € [a(X),b(X)], (3.14)

10



then the conclusion of Lemma 3.1 holds with (cr+,Crz) replaced by (c,C) under the
sole assumption that, for every f € F,5

[f(X),q(X)]U[q(X), fF(X)] C [a(X),b(X)], except on a set of P-measure zero.
(3.15)

As will be illustrated in Examples 3.6 and 3.7, these observations allow weakening the
dependence on F in the estimate (3.7).

Example 3.6. Assume (3.14) and, given 6 > 0, assume that F is such that (3.15)
holds and

inf || f — < 4.
}Ielfl\f qllpy 2

Denoting by gs the solution to the left-hand side of (3.3), an application of Remark 3.5
gives that

ol|@s — qllp, 2< 8(2(2 — a) A C8) < C8?,

leading to the estimate

~ C 1/2
1ds — allpy 2< (C) d. (3.16)

Example 3.7. To give a concrete instance of the previous example, assume that, for
some A < B,

q(X) € [A4,B], Px-a.s.

(see also Remark A.3), assume that (3.5) and (3.14) hold with a(X) = A and b(X) = B,
and assume that there exists a finite or countable partition {S;}; C S of S such that,
for all 7,

lallrv, = sup la(x) — gla’)|< o
(I,I/)ESJ' ><Sj

(for instance if q is continous, as S is a Polish space). Then (3.16) holds with

F={x— Y ajlg (z):a; € [A,B],Vj}.
J

Partitions {S;}; as above can be available with only partial information on q on
cases of interests: consider for example the case in which S is compact and q is uni-
formly Lipschitz with a known Lipschitz constant.

®[u, v]U[v,u] is just the closed segment of the real line determined by (u,v) € R?. Notice that (3.15)
is exactly the same as 1. in Assumption 3.3 for F; = F~.

11



3.2 A confidence interval for the estimator of VaR

Let us now give an upper bound for the error in probability associated to the empirical
estimator ¢ of ¢. For this, we need to introduce the following measures of complexity
applicable to the families of hypotheses used along our schemes:

Definition 3.8. If S is a Polish space, H C L(S), and Xi.,, is a random sequence in S,

the empirical Rademacher complezity Remp(H, X1.n) and the Rademacher complexity
Rave(H, X1:n) of H at X1, are defined as

Remp(H> Xl:n) =E

Zuft Z Ukh(Xk:> ’Xlzn] s Rave(Ha Xl:n) =E [Remp(%a Xl:n)]
€ =1

where Uy, is an i.i.d. Rademacher sequence P [Uy = 1] = P [Uy, = —1] = 1/2 indepen-
dent of X1.n.

The Rademacher complexities have the following property, which we will use later
and whose proof is an easy exercise: if

co(H) = J {itkhk thigm € H™ tim € [0,1]™)) i = 1} (3.17)

m k=1 k

is the convex hull of H, and if
cobal(H) = co(H U —H) (3.18)
is the balanced convex hull of H, then
Remp(co(H), X1:n) = Remp(H, X1m),  Remp(cobal(H), X1.n) < 2Remp(H, X1:n).

Definition 3.9. If S,H and X1., are as in Definition 3.8, and if r > 0, the covering
number of H with respect to the empirical L'-norm at X1.,, N1(H, X1.n,7), is defined
as

M (H, X1, 7) := min {m e N:3g1.m € L7(S) : sup rnlinZ]h(Xk) —a(Xk)|< nr} ;
he Ui

(3.19)

with the convention inf () = co. A sequence gi.,, satisfying the condition in (3.19) is
called an r-covering of H with respect to the empirical L' —norm at X1.,.

In what follows, (X,Y)1., is the sample (3.1) used to compute ¢ and

p(F) = A{(z,y) = ply, f(x)) : [ € F},

is the family of instantaneous losses associated to F.
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Lemma 3.2. Under the hypotheses of Lemma 3.1, and given § € (0,1), the bound

crlli=all < (22 ) utllf = alless ) A (Co g 11 alfha)

w0y (2) (supnp(Y, 70 (108 (2)) " (2) " Rt Y)m))

feFr

(3.20)

holds with probability at least 1 — 6. The right-hand side of (3.20) can be further upper
bounded via the inequalities, valid for every r > 0

Rave(p(F), D) <((2 — )/(1 — a))Rave(F, X1:n)
<((2 = 0)/(1 = @)+ v SuplLf (X) .o [y 20BN, Ko 7))

Raue(p(F), D) <1+ v supllo(Y, )l [ 2108(Ns (o), D, /)

<r + ﬁiggy|p(y, F(X))||p.ooE [\/2 log (N1 (F, X1, (1 — a)r/(2 — a)n))] .

(3.21)
Remark 3.10. If max{||Y|[p oo, supse£|[f(X)|[p.cc} < B then, clearly,

2 -«
sV F(X)lp < (12 ) 8.

Proof. (of Lemma 3.2) According to (3.9), for every f € F
crellf = allpy 2< 201 = ) (3(f) = pla)),
implying in particular that
crelld = allp 2< 201 = ) ((3(d) — p(@)) + (5(@) — #(a)))

The term 2(1 — «)(p(q) — p(q)) is upper bounded in (3.7). To upper bound p(¢) — p(q)
in probability we apply the Rademacher bound Barrera (2022, (3.38)) taking Z; =
(Xk, Vi) ~ (X1,Y7) i.i.d. and the diagonal family

P(F)in = {(@rs i Drern = (00 @k y)/MWhkern ] € F)
to obtain the inequality (see also Barrera (2022, eqns. (2.25), (2.26))

p(G) — p(@) <2((1/v/n) supl|p(¥: F(X))llp oo /2108(2/3) + (2/m)Rave (p(F). D))
=(2%/n)'/? (;ggupm FEOIP oo (log(2/0)? + (2/0)*Rave (p(F), D))

(3.22)
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with probability at least 1 — d. We deduce (3.20) combining (3.22) with the above.
To prove the first inequality in (3.21), note that by Talagrand contraction lemma
(Mohri et al. (2018, Lemma 4.2 p.78)), since

u— (1 —a) tut
is (1 — o)~ !-Lipschitz, then for any (z,y)1., C (S x R)"

Remp(p(]:)a (xvy)lln) SRGMP({(l - a)_l(y - f)+ : f € F}, (ﬁyy)lsn) + Remp(]:a $1:n)

<(1- O‘)_lnemp({(y =) feFh(z,y)n) + Remp(-Rxl:n)

S(l - a)_lRemp({y}a yl:n) + (2 —@

1— Oé) Remp(F’xlzn)
2 _
= ( a) Remp(faxlzn)a

l—«o

which implies the first inequality in (3.21) by integration with respect to the law of D.

The second and third inequalities in (3.21) are a direct consequence of Barrera
(2022, eqn. (3.47)) and the argument in Barrera (2022, eqn. (3.53)). The fourth
follows easily from the fact that if 7/ C L£(S) is a (1 — a)r/(2 — «) covering of F
with respect to the empirical L'-norm at x1.,, then {(z,y) — y — f(z)|f € F'} is
an r-covering of p(F) with respect to the empirical L'-norm at (z,y)1., (this can be
proved using (3.13)).

Let us now introduce the following hypothesis, which covers the estimation error of
f in Algorithm 1.

Assumption 3.11. For given 0 < By < Ba,
[Y][poos Bo.
In addition, VaR(Y'|X) takes values in (—B1, B1] and y = Fy|x(,)[(—00,y]] is P-a.e.
differentiable, with derivative uniformly bounded away from 0 and oo in [—Bi, Bi].
That is,
Fyx(=B1) <a < Fyx(B1), P-as,
and there exist 0 < cp, < Cp, < oo such that
cp, < F{/|X(y) < Cg, P-a.s.,
for every y € [—By, B1].
Using Assumption 3.11, the following result follows easily from Lemma 3.2:

Theorem 3.3. Under Assumption 3.11, let

F' C F Ceo(F) C L(S) (3.23)
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where F is a family of functions uniformly bounded by By (see also (3.17)). Then the
mequality

e lla = all .= (22 a) WIS ~alleya ) A (Co utlf - gl

) o 30 57T

(3.24)

holds for every § € (0,1) with probability at least 1 — 4.

Proof. As discussed in Remark 3.5, it is easy to see that the hypotheses of Lemma
3.1 hold for cr+ = ¢p, and Cr+ = Cp, in this case.
The inequalities in (3.21) and Barrera (2022, Remark 3.4) for

( ,lsanlin) = (diag(f/)lznadiag(f)lzn)
(see Barrera (2022, eqn. (2.3))) give that for every § > 0

R(we(p(f)? (X7 Y)lin)

<((2-a)/(L-a)) (5 Vsl Ol o [2T08 (N (7 X, r/n))D )

Taking
d = Biv/n

and using (3.25) we obtain

Rave(p(F), (X, Y )1:n) < (2 = ) /(1 = a))Biv/n(l + E [\/2 log(N1(F", X1:n, B1/v/n))|)-

This inequality, when used to estimate the right-hand side of (3.20), gives the right
hand side of (3.24). n

Remark 3.12. As the proof shows, we obtain the same conclusion if F and F' are
simply assumed to satisfy

Rave<]:a Xl:n) S Rave(flaxlzn)a

in particular for F C (co(F'))T by a novel application of Talagrand’s contraction
lemma. Notice also that a slightly bigger upper bound is obtained in place of (3.24)
(some terms are multiplied by 2) if we replace (3.23) by the less restrictive condition

F' C F C cobal(F")

(cobal(F) is defined in (3.18)).
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3.3 A Rademacher confidence interval for the estimator of ES — VaR

In what follows, we will focus on the estimator 75 of 7 = s — ¢ obtained under the
following assumption corresponding to the scheme for approximating r in Algorithm 1.

Assumption 3.13. Assume that o, = 0P in (3.4) (see below) is given by the square
loss with truncation on the response

0P (y,v,2) =(z = Tp((1 — ) (y —v)7))? (3.26)
for B >0, and that G is a family of functions S — [0, B].

As seen in Remark 2.3, the choice (3.26) corresponds to an approximation scheme

(with an additional truncation) for the case ¢(z) = z2. We will also consider the family

Q}B)(g) defined (for f fixed) by

o(G) == {(@. ) = &P (9)(w,9) == 0Py, £ (), 9(a))]g € G}.
Let us denote by ¢ (f € £4(S5)) any function satisfying
r(X)=E[(1-a) (Y - f(X))T|X], P-a.s.,

and let T}B) : S — [0, B] be one of its truncated companions, defined by

r(X) =E[Tp((1—a) ' (Y = f(X))N)IX],  P-as.
For every (f,g) € L(S) x L1(S), we will define
hipg)(X,Y) = 0PV, F(X), 9(X)) = o DY, F(X), {7 (X)),

which is the same as the function in Barrera (2022, Section 4 eqn.(4.5)) for the case in
consideration.

Lemma 3.4. For every (f,f',B) € L1(S) x L4(S) x (0,00] and every p > 1, the
inequalities

[Iry =7 llpx o<1 = @)y = ) = B) oy
177 =757 Pk p<(L =) THIf = e
hold (with r}“’) =ry)
Proof. The first inequality is a direct consequence of Jensen’s inequality:
E[E[(W - TpW)|X]P] <E[W - TpW ] = E [((IW]|-B)")"],

valid for p > 1 and any integrable random variable W. As for the second, notice first
that for every (a,b, B) € R x R x [0, o0],

|Tpa — Tpb|< |a — b|. (3.27)
Combining (3.27) with (3.13) and with Jensen’s inequality we get, for every p > 1:

177 =21 = E B [TB((1 = )Y = f(X))F) = Te((1 — )1 (Y = /(X)) X] ]

E[E([|T5((1 —a) (Y = f(X))") = Tp((1 — ) (Y — f/(X))") P X]]

<
<S@=a)Pf = Fllp, -
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Theorem 3.5. Under Assumption 3.13, given f € L(S) and given
G cGceo(G)cLi(S)
where G is a family of functions uniformly bounded by B, the inequality
L < infllg —
17y = rllex 2< infllg = rllpy.2
+2((1 =) Hf = dllpx 2+ (L =)y — @) = B)Fllpyy 2)

v (/v (vooaerm + 5 (148 [y 2@ o mv] )

(3.28)

holds for every § € (0, 1), with probability at least 1 — 6 (and Remark 3.12 also applies).

Proof. 1In this proof, |||| denotes either the L seminorm on £ (S) or the L%X’Y

seminorm on £(S x R), the appropriate choice will be always clear (any other norm
will be made explicit).
For f € F, the triangle inequality gives

1y = rlI<lfy = o2 1+ = | =i
<y = 1= @) = g+ = ) =9 = B, (329)

by Lemma 3.4.
Now, if (X’,Y”) is an independent copy of (X,Y), then by the argument leading to
Barrera (2022, Section 4, eqn. (4.15))°

N (B)12__ s (B) |12
Te—r —infl|lg — 7
Iy = {7 P int g = 74|

=E |0V, f(X'), 7 (X)) = o8PV, F(X), 75 (X)) D)

<sup {i S (8 [o Py, £(X),9(X))] = (¥ f(Xk>,g<Xk>>>}

9€9 " k=1

=+ sup {1 Z(Q(B)(Yka f(Xk)vg(Xk)) —E [Q(B)(Ya f(X)7g(X))])} :

96 (ko
We conclude as in the argument for Barrera (2022, eqn. (3.38)) that the inequality
e B2 it g — B2
|7y =74l ;gg\lg il
B B
<2/ (suplle)” (9)(X. ) lp.oov/2108(2/3) + 2/ Vi) Ravele” (@): (X. Y1)
g€
(3.30)

holds for every ¢ € (0,1) with probability at least 1 —§. In virtue again of the triangle
inequality and the inequality

Va2 + b2 <lal+|b|,

STaking Z1.,, = (X, Y)1.n ~ (X,Y) iid., independent of (X,Y)1., and X = 1.
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(3.30) and Lemma 3.4 imply that

A (B) .
Tr—r < infllg —7r
I = lI< inllg =7

+ (1= a)HIf = g+ (1 =)~ (Y — ¢(X))* = B)7||
(VR sler” (9) (XYl oo v2108(2/0) + 21V Raele)” (@), (X, Y1),
g€
(3.31)
A combination of (3.29) and (3.31) leads to
175 = rll< infllg -]

+2((1=a) [ =g+ (1 =)y = )" = B)Y))
B B
(VR sler” (9) (XYl oo vV2108(2/0) + (/v Ranele)” (@), (X, 1)),
g€
(3.32)
Let us now upper bound the Rademacher complexity in (3.32). Since the function
u > u?, u € [0,2B]
is Lipschitz with Lipschitz constant 4B, Talagrand’s contraction lemma gives
B)

Rave(@} (Q), (X, Y)l:n) S 4BR(we(ga Xl:n) = 4BR(we(g/7 Xl:n)- (333)

An application of Barrera (2022, (3.47)) together with (3.33) gives the inequality

Rave(0(G), (X,Y)1:0) < AB(r + By/nE [ /21og(Ni (G, X1, /1))

for every r > 0, which in turns implies that (taking r = By/n)

Rave(Q;B) (g)7 (Xa Y)l:n) < 4B2\/ﬁ <1 +E |:\/2 10g(N1 (g/, Xl:na B/\/ﬁ)):| > (334)
(3.28) follows by a combination of (3.32), (3.34), and the bound

B
sup| [0 (9) (X, Y)|[p o< B2 ®
geG

3.4 A Vapnik-Chervonenkis confidence interval for the estimator of
ES — VaR

We will proceed now to prove the following error bound for ||7f — 7||py 2 (see (2.13)
and (3.4)):
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Theorem 3.6. Under Assumption 3.13, given f € L4(S) and G C L1 (S), the inequal-
ity

[|Ff —r|lpy2< V(6A—5) iang —7llpy.2

+ (1 VEX=5)) (1 =) f = dllex2 (L =)y =) = B)Fllpxy2)
+(27-3)2B((1/((A = 1)n)) (log(42) + log (1/8) + log (E [N} (G, X1.0, B/(24))])))'/?

(3.35)
holds for every § € (0,1) with probability at least 1 — 6, provided that

1< A<13/12. (3.36)

Proof. In this case we depart from the estimate (3.29) and we then estimate || f—r}m I
via Barrera (2022, Theorem 4.2) , which depends on the functions

A:S" x (1,00) x (1,00) x (0,00) — (0, 0]
a:(1,00) x (1,00) x (0,00) — (0, 0]

€n :(1,00) X (1,00) — (0, 00)

b:(1,00) x (1,00) — (0,00)

given by

11 1 1
A(T1m, 0, N €) :=2(c+ 1)(2¢ + 3)M; <TBg7x1:n7 ﬁﬁm(l - C)€>7

a(c, )\, 6) =B [A(Xlzna G, )‘a 6)] )

en(c, ) :=8B%(— (A — 1) + /(A — 1)2 + c(c + 1)A\2/n)
1 1 1 1
b(c,\) :== 2532(%( %)(1_%)_'_(2)\_1))2(1—;)3(1—}).

Indeed we arrive, by an argument as the one leading to (3.32), at the estimate
175 = rll<V(6A =5) infllg — 7]
HAL+V(O6A=5)((1 =) [f —al[+[(1 - )"y —a)" = B)FI])
1 1/2
+ (6 (6,1(07 A)V (nb(c, N (loga(c, A, en(c, N)) + 10g(2/5)))>> (3.37)
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with probability at least 1 —J. Restricting A to the range (3.36) and using the analysis
leading to Barrera (2022, (4.41)), we deduce from (3.37) that

175 = rl[<V(6A =5) infllg —r]]

+(1+(6A=5)((1—a) M f —aqll+I((1—a) y— )" = B)T|))
(27 3)2B((1/((A — 1)n)) (log(42) + log (1/6) + log (B[N (G, X1, B/(241))])) )/

holds with probability at least 1 — §. &

Rademacher vs VC: from “small” to “big” data To give a crude comparison
between Theorems 3.5 and 3.6, first note that, since v/6\ — 5 ~ 1 (under (3.36)), it is
reasonable to limit the discussion to a comparison between the terms in the third line
of the inequalities (3.28) and (3.35).

The ratio between these two terms is lower bounded (crudely) by

(2> 3)712((A = 1)v/n) /2 (log (42E [N1 (G, X1n, B/ (241))] /8)) 112,

which shows that (3.28) is worse (bigger) than (3.35) provided that

N Zig_'?i log (42E [N7 (G, X1:m, B/(241))] /)

>2° . 3%(log(42) + log(1/6)), (3.38)

where in the last inequality we used the upper bound for A in (3.36).

The first inequality in (3.38) is an exact (but crude) criterion on the sample size
indicating an interval where (3.35) is preferable to (3.28). The inequality between the
first and the third terms in (3.38) can be understood as an “heuristic” criterion for this
preference, indicating in particular the heuristic boundary

n > (2°-3% - log(42))?

between “small-medium” and “big” data, where we pass from the Rademacher to the
VC regimes.

4 Learning Using Neural Networks

4.1 Error bound of the single-a learning algorithm with one-layer
neural networks

We apply the previous developments to the estimation of errors from Algorithm 1
when one-hidden-layer neural networks with bounded weights are used to define the
hypothesis spaces. We consider the following families of functions:

Definition 4.1. Let 0 : R — [0,1] be a nondecreasing measurable function that is
applied element-wise when supplied with a vector as input and let (d,M,B) € Nx N x
(0,00). Denote by F(d,B,m,c) C Lga the family of neural networks on S = R with m
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(or less) units, one hidden layer, activation function o and Lasso regularization bound

B, defined as follows

m
F(d,B,m,0) = {R? 52 — ¢y + cha(ak x4+ bp)E R
k=1

(@1:m, b1m) € (RN™ X R™, e € R™ with Y "|ex|< B}.
k=0

It is clear that F(d,B,m,0o) is totally bounded by B. Notice also that for all
m € N*

F(d,B,1,0) C F(d,B,m,o) C co(F(d,B,1,0)) = cobal(F(d,B,1,0)),

where co(-) and cobal(-) are defined in (3.17) and (3.18).
We have from Barrera (2022, Example 3.2) for all 0 < r < £:

log(N1(F(d, B,m,0), X1.n,7)) < ((2d +5)m + 1)(1 + log(12) + log(B/r) + log(m + 1))

This estimate can be combined with Theorem 3.3 to give an error estimate for Algo-
rithm 1. In the context of this algorithm, we simplify the notation by writing

Vi, (W) = hg(X (W), Y (w)),  qn,(z) = hi(z,q(x)) (k=1,2),
Thy () = ha(z, (7)) (4.1)

where ¢ and r = s — ¢ are defined as in (2.4).

Theorem 4.1. With the notation of Algorithm 1 and in (4.1), and for F = F(d, By, m, ),
if Yn, satisfies Assumption 3.11, then the inequality

e ||f — thlliX,QS <2(2 — ) }E;Hf - quPx,l) A (CBI }Q;Hf - Qh1||%x,2>

) (5, o ()

2B, <1 + \/2((2d +5)m + 1)(1 + log(12(m + 1)@))))

holds for every § € (0,1) with probability at least 1 — 4.

Remark 4.2. The discussion in Padilla et al. (2020) implies that the rates following
from these bounds cannot be improved in general, but as proved in (Chen, 2007, Example
3.2.2), the dimension of the feature space can play a role in a variety of examples.

Analogous reasoning, using this time Theorems 3.5 and 3.6 and the observations in
Remark 3.12, lead to the following bound on the error of ¢ in Algorithm 1:
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Theorem 4.2. With the notation of Algorithm 1 and in (4.1), for’ G = (F(d, B,m,0))™,
the inequality

15 = rhallex 2< VO =5) infllg = rhallp2
+ (VX5 =) IS = gnallps 2+ (L= )7 s = an) ™ = B)Fllpsy 2)

B <\/2/\/ﬁ> X
(24\/(10g(2 :3-7/8) + ((2d + 5)m + 1)(1 + log(25 - 32(m + 1)n)) /(A — 1)v/n)
A \/\/210g(2/5) +23 <1 + \/2(d+ 3)(1 + log(23 - 3ﬁ))> )

holds with probability at least 1 — 6, for every 1 < X\ < 13/12 and every f € F.

More generally, we consider feed-forward neural networks with more than one layer
1n what follows. We define F%®™" to be the set of functions of the form R? 5 z —
Cn+1(x W, b) € R°, where:

C(()Lo(x’ W, b) =T
¢ (2, W,b) = o (Wit (@, W, b) 4+ b;),Vi € {1,...,n}
22 (2, W, b) = W1 C2(2, W, b) + byt

and Wp € R™%4 W, ..., W, € R™*™ W, .1 € RO™ by,...,b, € R" b, € R°. The
function o is called an activation function. We also choose the Softplus activation
function, i.e. o(x) = log(1 + exp(z)).

In what follows, we assume a finite i.i.d sample of (X,Y") given by Dy = {(X;, Yi) hi<i<n-

4.2 Learning the VaR

In this part, the goal is to find an approximation of VaR(Y'|X), at the confidence level
a, as a function of X, represented by a neural network from F&:
n. More precisely, we aim to solve the following optimization problem (cf. (2.9) and

(2.5)):

mn - for given m and

Go €arg _min B[ —¢(X))" + (1 - a)g(X)

or, equivalently, find weights

(W, 57) € argmin BI(Y = Gy (X, W,0) "+ (1= )Gy (X, Wb (42)

Problem (4.2) is then solved numerically by applying a stochastic gradient descent,
or an accelerated version of it, to a finite-sample formulation of the problem (cf. step
3 in Algorithm 1):

N

o~ 1
(W, 5°) GargnvggNz;[(ﬁCzi1(X¢,Wb))++(1 ) (X, Wb)). (4.3)

"with (H)* = {(h)" : h € H} for any set of functions H.
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Once (4.3) has been solved numericallly (a procedure to which we will refer to as
training in what follows), we obtain an approximation of VaR(Y|X), at the confidence
level a, given by ¢*(X), where

oY (x) = ;‘fil(x,/v?a,ﬁa), z € R%

Given that the training is done for a single fixed confidence level «, we refer to
this approach as the single-a learning (or single-a for brevity in the numerics). Under
this approach, if one is interested in finding the conditional VaR for another confidence
level, one has to repeat the training procedure using the new confidence level in the
learning problem (4.3).

4.3 Learning the ES using a two-step approach

Our next aim is to find an approximation of the ES(Y'|X), at the confidence level «,
as a function of X that is represented by a neural network from F&1™"_ for given m,
n. Assuming a representation, or approximation, ¢, of the VaR of Y given X at the
confidence level o, which we will call VaR candidate, the goal is to solve the following
problem (cf. (2.12)):

facarg min E[(— (Y - ga(X)* + ga(X) — s(X))?

Sefd,l,m,n 1 —
for which we can write a finite-sample version in parameter space as follows (cf. step 4
in Algorithm 1):

L 1N 1
(Wa, ba) € arg Hml/llf)l N ;[(H(Yz - Qa(Xi))+ + Qa(Xi) - Czil(X’ia w, b))Q]- (4-4)

Alternatively, using a transfer learning trick, one can deduce an ES approximation
very quickly using a VaR candidate that is in neural network form. Namely, one can
look for an ES approximator using a neural network with the same architecture as the
one used for the VaR, set the weights of all hidden layers to those of the VaR network
and then freeze them. The training of the ES approximator then falls down to a linear
regression to determine the weights of the output layer. We show in Section 6 that
such a scheme is enough to obtain good approximations, while also being very fast (a
fraction of a second in our experiments) if one uses highly optimized linear algebra
routines such as the ones implemented by cuBLAS for Nvidia GPUs.

4.4 Validating VaR and ES learners without groundtruth values

Assuming one has access to the generative process of the data, as it is the case in most
quantitative finance problems, one can estimate distances to the groundtruth VaR and
ES without directly computing those, using a simple twin-simulation trick.

Proposition 4.3. Let ¢ and § be two Borel functions of x (underlying tentative ap-
prozimations ¢(X) and §(X) of VaR(Y|X) and ES(Y|X) at the confidence level ).
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Introducing two conditionally independent copies® YV and Y@ of Y given X and
denoting Y AY @) = min{Y W Y} we have

I5(X) ~ ES(Y1X) o= 18(X) — d(X) — Els=— (¥ — G(X))*|X][pate, (45)
where
I50) — G(X) ~ Bl (¥ — (X)) X[ o= [15(X) — a(X) .
+ Bl = a0) () — () (16)
2RI — G(O)Y (X))

and, assuming F}’,|X(Y) > ¢, P-a.s, for some ¢ > 0,

1 1
e < —(I+ =Py 2 ¢(X)[X] -1+ aflpe, (4.7)

where

IP[Y > ¢(X)|X]-1+allp o= \/(1 —a)(1—a—=2P(Y > ¢(X))) + P[YW AYE) > g(X)].
(4.8)

Proof. We have

IP[Y > ¢(X)|X]—1+allp2= VE[PY > ¢(X)|X]?| + (1 — a)? — 2(1 — a)P[Y > ¢(X)],
where
E[P[Y > ¢(X)|X]’] = E[P[Y™) > ¢(X)|X]P[Y® > ¢(X)|X]] = Py AY®) > g(X)].

Thus (4.8) follows. For the ES, if we assume F}’,|X(Y) > ¢, P-a.s, for some ¢ > 0, then

we get (4.5), where ¢ satisfies (4.7). This follows from an application of the triangular
inequality yielding (with A(y,v) = 2= (y —v)* +v) :

15(X) = A(Y, VaR(Y'| X)) |[p 2<
15(X) = A(Y, ¢(X))[[p 2+ A(Y, VaR(Y]X)) — A(Y, ¢(X))[[p 2.

One then uses the (1 + ﬁ)—Lipschitz regularity of A with respect to the second argu-

ment and the 1-Lipschitz regularity of Fy, L

o X to get the result. Using the twin-simulation

trick again, we get (4.6). B

The expectations in (4.8) and (4.6) can then be estimated via a simply dedoubled
Monte Carlo simulation, as opposed to a nested Monte Carlo that would be required
to explicitly attempt to approximate conditional expectations. Moreover the accuracy

Si.e. for any bounded Borel functions ¢ and ¢, we have E[p(Y)y(Y?)X] =
Elp(Y M) XIE[ (Y ®)|X] and E[p(Y V)| X] = E[p(Y®)|X] = Elp(Y)|X].

24



of the dedoubled Monte-Carlo estimates can be controlled by computing confidence
intervals. The distance in (4.8) can be interpreted as a distance in p-values between
the quantile estimate §(X) and the true quantile ¢(X ), as opposed to a distance directly
between values of conditional quantile estimators. If the approximation ¢ is sufficiently
good, i.e. if this distance is sufficiently small (as compared to 1 — «), then (4.6) can
be used as a proxy for ||5(X) — ES(Y|X)||123’2. Note however that, because of the 1
factor in (4.7), the inequality in (4.7) becomes crude when « gets close to 1.

In the case where the dedoubled Monte Carlo estimates for the right-hand-sides in
(4.8) and (4.6), after having been confirmed to be accurate by drawing enough samples,
are not good enough, one can improve the stochastic gradient descent by changing the
optimizer and/or its hyperparameters, in first attempt, and then act on the hypothesis
spaces, e.g., in the case of neural networks, try to train with more layers/units or better
architectures.

5 Multi-a learning for VaR

In this part we are interested in learning VaR(Y|X) for multiple confidence levels
a € (0,1) using a single empirical error minimization. This can help give insights
into the sensitivity of VaR(Y'|X) woth respect to the confidence level, or into the full
distribution of the law of Y given X (e.g. approximated by a histogram representation).

Although one could likewise formulate multi-« learning versions for ES as in Section
5.3, we have found numerically that it significantly degrades the learning and thus we
stick to the VaR in what follows. However, for multi-a ES, the transfer learning trick
of Section 4.3 is still a valuable alternative, whether it is done a by «, as each run of
it is very fast, or globally across «’s based on either of the multi-a VaR approaches
below.

5.1 Related literature

The simultaneous learning of conditional quantiles for multiple confidence levels and
the problem of quantile crossing, i.e. the violation of the monotonicity with respect
to the confidence level, are early addressed in He (1997); Koenker (2004); Takeuchi
et al. (2006). We refer the reader to Moon et al. (2021) for a review of more recent
references. To deal with the quantile crossing problem, two strategies for constraints
can be considered.

The first strategy is to use hypothesis spaces of functions nondecreasing with re-
spect to the confidence level. Meinshausen and Ridgeway (2006) introduce quantile
regression forests. In this model the predicted quantile of a new point is based on the
empirical percentile of the group (i.e. the terminal leaf of each tree) where this point
belongs, hence, the monotonicity of the quantile estimates is satisfied by construction.
Regarding neural networks, Hatalis et al. (2017) propose a specific initialization scheme
for the weights of the output layer, which does not prevent quantile crossings, but ap-
pears to reduce them significantly in their experiments. Cannon (2018) considers the
confidence level as an additional explanatory variable and then explores a network such
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that the estimate is monotone with a defined covariate (confidence level), imposing the
non-crossing. Gasthaus et al. (2019) and Padilla et al. (2020) use a (deep) network with
multiple outputs, constrained by design to be positive, which are expected to approx-
imate quantile increments. The latter resembles our multi-o. III approach in Section
5.3, especially when the increments are constrained to be positive. Under our multi-a
III approach, however, we sample the confidence level uniformly on a given interval
and we further interpolate linearly with respect to the confidence level in order to have
a conditional quantile function that is valid for all quantile levels in the interval.

The second strategy is to consider explicitly the non-crossing constraints during the
learning phase of the model in form of either hard constraints (that the model must
strictly satisfy) or soft constraints (i.e. penalization). Once the non-crossing hard
constraints are employed, the model is usually learned using primal-dual optimization
algorithms. The latter are applicable in a wide class of models, e.g. support vector
regression (Takeuchi et al., 2006; Sangnier et al., 2016) and spline regression (Bondell
et al., 2010), but notably not in the case of the family of (deep) neural network, be-
cause of the computational cost and the poor scalability of projected gradient descent.
Therefore, the non-crossing constraints are more preferably embedded in the training
of neural networks via a penalty term (Liu and Wu, 2011; Moon et al., 2021), whose
penalization weight then becomes an additional hyperparameter that would need to be
tuned. In Section 5.3 we use a similar penalization strategy, where, instead of penaliz-
ing discrete increments, we penalize the partial derivative of the network with respect
to the confidence level as these give more information about the local behavior around
training points and do not add an additional hyperparameter (which is the size of the
discrete increments in confidence levels).

5.2 Extension of the bounds to multi-a learning

The various proofs and bounds presented in this paper for a fixed a € [0, 1] can be ex-
tended to the multi-« learning framework where « is now a random variable supported
on I =[a,a@] C (0,1) (with Lebesgue sigma-algebra 7) treated as a covariate alongside
X: see Table 1 for the changes that need to be done in order to have similar results in
this new framework. The implementation of this approach using Neural Networks is
discussed in Section 5.3.

5.3 Multi-a learning using neural networks

Learning for a continuum of «o’s In this approach, we assume that we are in-
terested in conditional VaR estimators for a continuum of confidence levels in [o, @].
We randomize a and assume o ~ U([a,@]). We then consider a finite i.i.d sample
Qi,...,ay of a, independent of Dy. The finite-sample training problem for this ap-
proach can be stated as follows:

N
Trad Taa 1 d d
(W52 € argmin — > (V=G (o, Xil. W,0) -+ (1= i) Gy (fe, X, W2.0)]
' i=1
where [z, y] is the vector obtained by concatenating the vector y to the real . One can
also approximately impose the non-crossing of the quantiles by penalizing the sample
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Single-a Multi-a

D = {(X;,Y;)}}_, is an i.i.d sample of (X,Y) | D = {(a;, X;,Y;)}}—, is an i.i.d sample of (o, X,Y")

S®R ITRS®R

Ay,v) = 5y —v)* +o Aoy, v) = 5y —v)* +v

A(f) = EIA(Y, f(X))] A(f) = E[A(@,Y, f(a, X))]

F C L(S) F C L([a,a] x S)

q € argmin . E[A(Y, f(X))] q € argminc r E[A(a, Y, f(a, X))]

g € argmin;cx = 370 A(Yr, f(X5)) g € argmingez o >op_y Ao, Yi, fak, Xi))

M)~ Ma) > 55l dll} 2 A(G) — Mg) > 5 pleX) a8
O

AMa) - Ao) < 528501 — all? AMa) - Ag) < 28 E[W}
< Sl

2@ - @) < =2 intyer | f —allp, s 2@ — Ma) < inf e BI(32) | £(0 X) — gla. X)]
< %lnffeJ-‘Hf - QHP(WX)J

AF) ) = {(X, Yiedkern = AF)E) = {(an, Xp, Vidrern =

(A(Ye, f(Xk))/n)kern, f € F} (Ao, Y, £(Xk))/n)kern, | € F}

Table 1: Main changes required to adapt the previous results and proofs from a single-
quantile to a multi-quantile regression setup.

average of the negative part of the partial derivative 5= CdH 1([ , X, W, b):

o~ o~ 1 N
(7,52 € anggin 5 3 [(¥ = G (e Xe), W) 65.1)
0
+ (1= ) (s X, W)+ M= —CEE 1 (e, Xi], W, b)),

Oa

where A > 0 determines the strength of the penalization. An approximation for
VaR(Y|X) for any o € (a, @) is then given by CZE’l([a,X],W%a,AO"a). Notice that
one can compute the derivative in (5.1) fast in closed-form given our neural network
parametrization, as %Cﬁfﬁ’l([a, X],W,b) = Wp41 MCdH Y(Jov, X1, W, b), where

9 LY ([, X], W, b) = [1,04] and, for i =1,...,n,

toJe
O a1 o, X1, W) = (W (5 (0, X1, W) © 0/ (Wi (0, X1, WL) + i),

Here ® is an element-wise product and o’ is the derivative of o (applied element-
wise). Given the computations of CdH ([a, X], W, b) and CdH Y([ov, X], W, b) share

many common sub-expressions, the recursions can be done at the same time, i.e. at
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each i € {0,...,n + 1}, compute ¢arit

i (lo, X1, W, b) and then reuse the common sub-

expressions to compute also %Cid Jr1’1([(1, X|],W,b). In the numerics, we refer to this
approach with multi-a (1) if we use a non-zero A\, and multi-o (II) otherwise.

Learning for a discrete set of a’s Another approach for multi-a learning would
be to target a finite set of confidence levels V), ... a(X) in [, @] simultaneously and
then yield the estimator corresponding to any confidence level a € [a, @] via linear
interpolation. More precisely, we solve:

N

_ 1 - _
(WLE LY e arg min - Z[(Yi - Cﬁffl(a@-, Xi, W,b))" 4 (1 - ai)CziﬂO&i, Xi, W, b)]
’ i=1
where:
Gty (o, W b):=[Cf (a, @, W, b)]g (5.2)

K—-1
+ 3" (min{a, a0} — o) [¢EE (0, 2, W,0)]10 5,
j=1

with [z]; denoting the j-th component of vector z. Once the optimization problem
solved, an approximation for the VaR of Y given X for any o € (q,@) is this time
given by ESE’K(a,X, I//I\/Q’a, WLK,ZLK). Notice that one can impose the monotonic-
ity by design by adding a positive activation function to each neuron in the output
layer of Czﬂ’K, except for the first neuron, e.g. by replacing [C;ffl(a,x, W,b)]; with

0([C5f1(a,x,W, b)];), forall j € 1,..., K —1, in (5.2). However we haven’t found do-
ing so to be satisfactory numerically and thus we keep the formulation in (5.2) as is.

In the numerics, we refer to this approach as multi-o (III).

We now test the proposed procedures on a Gaussian toy-example and a dynamic
initial margin (DIM) case-study. Any minimization of loss functions over F&Pmm or
similar sets of neural networks is done using the Adam algorithm of Kingma and Ba
(2014) over the parameters W and b along with mini-batching. In both examples,
for the multi-a (I) and multi- (II) learning approaches, we use the bounds (o, @) =
(10~%,0.15). For the multi-a (III) approach, we use a uniform interpolation grid a*) =
1073 + kw, with k& € {0,...,20}. All neural networks have 3 hidden layers, and

20
twice their input dimensionality as the number of neurons per hidden layer.

6 Conditionally Gaussian Toy Model

Here we take for X a standard multivariate normal vector and we assume that, con-
ditional on X, Y is normally distributed. We denote p(x) = E[Y]|X = z] and
o(z) = VE[Y — pu(2))?[X = z].

Then, denoting by ® the CDF of the standard normal distribution and by ¢ its
density, we have:

28



VaR(Y|X) = w(X)+o(X)2 (a)

ES(VIX) = u(X)+ - o(X)p(® ()

These will serve us as ground-truth values. In our toy example, we will assume that
for some d € N*, X ~ N(0,1;) and Y|X ~ N(Pi(X),|P(X)[?) where P, and P,
are multivariate polynomials of degree 2, i.e. for some coefficients A and p we have
for every & = (z1,...,24) € R: Pi(z) = Ao+ 2%, Nz + D 1<icj<d MiyjTitj and

d
Py(x) = po + Dimy i + D1 <icjca Mig iy

6.1 Numerical Results

We use a dimension of d = 25 for the state space of X, leading to 1 +d + @ =351
monomials in the multivariate polynomials P; and P». The coefficients A and u of
those monomials are drawn independently from a standard normal distribution. For
this example, we use 2'9 = 524288 training points and the same number of testing
points for computing the errors. For the Adam algorithm, we used 2000 epochs, mini-
batching with batches of size 2! = 32768 a learning rate v = 0.01, and the rest of the
parameters kept at their default values as in Kingma and Ba (2014).

Tables 2, as also 6, 7 and 8 below in the DIM case, suggest that the multi-a
approaches are competitive compared to the single-a approach by yielding acceptable
errors for confidence levels below 99%, while requiring only one single training, as
opposed to the single-ae approach which requires one training per target confidence level.
For very extreme confidence levels, like 99.9%, the multi-oc (III) approach outperforms
all the other approaches. This can be explained by the fact that, even if the target
confidence level is hard to reach given a limited training set, the lower confidence levels
in the interpolation grid contribute to inferring the VaR for the target confidence level.
Table 3 confirms that one can rely on the twin-simulation trick to draw mostly similar
conclusions as in Table 2, without the need to have access to the goundtruth estimators.
Note that we computed upper-bounds of 95% confidence intervals for (4.8), instead of
the estimates directly in order to be conservative and take into account the potentially
high variance in the indicator functions that need to be simulated in order to estimate
(4.8). Table 4 demonstrates the effectiveness of the penalization term in the multi-
a (I) approach to mitigate the quantiles crossing problem. Table 4 also shows that
the other multi-a learning approaches, even without directly penalizing the crossing
of the quantiles, behave better than a single-a learning in terms of the crossing of the
quantiles.

For the ES learning in the Gaussian toy-example, for brevity, we denote by “LR
using M VaR” an ES learning using linear regression only for the output layer, as
described in Section 4.3, and a VaR learned using the approach M as the candidate
VaR. For example, LR using single-a. VaR refers to the linear regression approach for
learning the ES, by using a VaR that is learned with the single-a approach as the VaR
candidate. To demonstrate the effectiveness of these linear regression approach, we also
introduce an ES that is learned by neural regression, by using a neural network in (4.4),
without freezing any weights and using the groundtruth VaR as the VaR candidate.
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o 0.999 0.995 0.99

Multi-a (I)  0.151 (0.004)  0.060 (0.002) 0.039 (0.001)
Multi-a (II)  0.161 (0.004)  0.065 (0.002)  0.042 (0.002)
Multi-a (IIT)  0.061 (0.002) 0.051 (0.002)  0.043 (0.001)
Single-a 0.612 (0.043)  0.062 (0.001)  0.044 (0.001)
o 0.98 0.95 0.9

Multi-or (I)  0.029 (0.001)  0.023 (0.001)  0.018 (0.001)
Multi-a (II)  0.031 (0.001)  0.024 (0.001)  0.019 (0.001)
Multi-o (III) ~ 0.037 (0.001)  0.029 (0.001)  0.025 (0.001)
Single-ov 0.032 (0.001) 0.021 (0.001) 0.016 (0.001)

Table 2: Mean of RMSE errors of learned conditional VaR estimators against
groundtruth values in the Gaussian toy-example across multiple runs (standard de-
viations of RMSE errors are in parentheses). Errors are normalized by dividing by the
standard deviation of the groundtruth VaR.

a 0.999 0.995 0.99
Multi-a (I)  0.00020 (0.000010)  0.00021 (0.000009)  0.00027 (0.000008)
Multi-a (II)  0.00023 (0.000013)  0.00024 (0.000013)  0.00029 (0.000013)
Multi-o (III)  0.00003 (0.000002) 0.00008 (0.000003) 0.00024 (0.000008)
Single-ov 0.00008 (0.000003)  0.00020 (0.000007)  0.00035 (0.000008)
a 0.98 0.95 0.9

Multi-oe (I)  0.00046 (0.000009) 0.00157 (0.000020)  0.00379 (0.000060)
Multi- (II)  0.00046 (0.000009) 0.00157 (0.000030)  0.00398 (0.000086)
Multi-o (III)  0.00057 (0.000015)  0.00171 (0.000030)  0.00428 (0.000066)
Single-a 0.00066 (0.000008)  0.00171 (0.000029) 0.00343 (0.000069)

Table 3: Mean across multiple runs of the upper-bounds (standard deviations of those
upper-bounds are in parentheses) of 95% confidence intervals of L? p-value error esti-
mates, i.e. as defined in (4.8), of learned conditional VaR estimators in the Gaussian
toy-example.
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E 70.999(X) < q0.995(X)  q0.995(X) < go.99(X) 90.99(X) < qo.98(X)
Multi-a (I) 0.000004 (0 000001) 0.000005 (0.000002) 0.000008 (0 000003)
Multi-« (IT) 0.000016 (0.000008) 0.000017 (0.000007) 0.000020 (0.000008)
Multi-« (HI) 0.000461 (0 000107) 0.000164 (0.000037) 0.002765 (O 000619)
Single-a 0.111117 (0.003184) 0.251983 (0.006574) 0.213348 (0.005818)
E 90.98(X) < qoo7(X)  qo97(X) < q0.96(X)  q0.96(X) < go.95(X)
Multi-a (I) 0.000022 (0 000007) 0.000073 (0.000017) 0.000367 (0 000059)
Multi-« (IT) 0.000032 (0.000008) 0.000080 (0.000012) 0.000405 (0.000096)
Multi-a (HI) 0.016378 (0 003258) 0.159370 (0.011163) 0.011956 (0 002695)
Single-a 0.272327 (0.005291) 0.316263 (0.006022) 0.336678 (0.004992)

Table 4: Empirical estimates of P(E), for the events E listed in the first row, for
learned conditional VaR estimators in the Gaussian toy-example across multiple runs
(standard deviations of the empirical estimators are in parentheses).

Table 5 shows that the linear regression approach outperforms the neural regression, no
matter which approach is used for learning the VaR candidate in the context of the ES
LR approach. The relative performance of the different linear regression approaches in
Table 5 is explained by the relative performance of the VaR learning approaches, given
that the VaR learning error contributes to the ES learning error.

7 Dynamic Initial Margin Case Study

A financial application of the quantile learning framework is the learning of path-wise
initial margins in the context of XVA computations (see Albanese et al. (2021, Section
5)). Let there be given respectively R? valued and real valued stochastic proceesses
(Xt)e>0 and (MtMy);>0, where X; is Markov and represents the state of the market
at time t (e.g. diffused market risk factors) and MtM; represents the mark-to-market
(price) of the portfolio of the bank at time t—cumulative price including the cash flows
cumulated up to time ¢, such that MtM; s — MtM; is o(Xs,t < s < t+ J) measurable.
We ignore risk-free discounting in the notation (while preserving it in the numerical
experiments). The initial margin of the bank at time ¢ at the confidence level «, denoted
by IMy, is defined as:

IMt = VaR (MtMt+§ — MtMt |Xt) (71)

Hence, having simulated paths of (X;):>0 and (MtM;);>0, one can estimate the initial
margin at future time steps ¢t > 0 using either quantile learning, or a brute-force method
involving nested simulations.

Estimating IM; using a nested Monte Carlo Alternatively, given ¢ > 0, we can
consider a nested Monte Carlo scheme based on ngyter 1.i.d samples

(Xt(l)a MtMEl))7 o (Xt(nouter)’ MtMgnouter))
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o 0.999 0.995 0.99

NNR using true VaR 0.408 (0.013)  0.106 (0.002)  0.076 (0.002)
LR using single-a VaR 0.536 (0.037)  0.062 (0.001)  0.045 (0.001)
LR using multi-o (I) VaR ~ 1.900 (0.166)  0.068 (0.004) 0.037 (0.002)
LR using multi-o (II) VaR ~ 2.382 (0.174)  0.082 (0.006)  0.041 (0.002)
LR using multi-o (III) VaR  0.126 (0.005) 0.057 (0.002)  0.050 (0.002)
a 0.98 0.95 0.9
NNR using true VaR 0.054 (0.001)  0.041 (0.001)  0.034 (0.001

(0.001) (0.001) (0.001)
LR using single-a VaR 0.034 (0.001) 0.025 (0.001) 0.021 (0.001)
LR using multi-a (I) VaR ~ 0.031 (0.001) 0.025 (0.001) 0.022 (0.001)
LR using multi-a (II) VaR 0.032 (0.001)  0.026 (0.001)  0.023 (0.001)
LR using multi-a (III) VaR  0.043 (0.002)  0.036 (0.001)  0.030 (0.001)

Table 5: Mean of RMSE errors of learned conditional ES estimators against
groundtruth values in the Gaussian toy-example across multiple runs (standard de-
viations of RMSE errors are in parentheses). Errors are normalized by dividing by the
standard deviation of the groundtruth ES.

of (X, MtM;) and, for each i € {1,..., nouter}, K i.i.d sub-samples

{MtMt:? [1}, MtMt:gm“er [1]} {MtMt+5) K ]7 o MtMEi’;im\er)v[K]}

of MtM;, 5 conditional on X; = Xt(z). We can then use these sub-simulations to estimate
the conditional quantile in (7.1) for each realization of X;. For GPU memory limitation
reasons, and in order to avoid having to store simulations on the global memory, we
chose to do so via one stochastic approximation algorithm per (conditional on) each
outer simulation node. More precisely, for every i € {1,..., nouter }, we define iteratively
over ke {1,...,K}:

where 7 is a positive learning rate (see below) and

Ninner

Z 1{MtM§fé) MtMi”zIMg"’)’[’“]}'

p@E

nlnner

One then iterates over k, simultaneously for all ¢ in parallel, until convergence in order
to obtain an approximation of IM; at each outer realization of X;. In practice, we take
v to be of the order of the conditional standard deviation of MtM; s — MtMy, itself
estimated via the same nested Monte Carlo procedure, to speed-up the convergence, and
we use Adam instead of plain vanilla stochastic gradient descent. We use ninner = 1024
samples for the sub-simulations and K = 256 iterations, enough to achieve an error in
p-value, as computed using (4.8), of roughly 0.5(1 — «) in our experiments. In order

to accelerate convergence, we use a Gaussian VaR as the initial value (i.e. IMEO)’[k]),
computed using conditional expectation and standard deviation estimates using the
inner samples at the first iteration.
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7.1 Numerical Results

We consider a portfolio composed of 100 interest rate swaps with randomly drawn
characteristics and final maturity 10 years, assessed in the market model of Abbas-Turki
et al. (2022, Appendix B), with d = 29. The sawtooth-like behaviour in the paths of
(IMy)¢>0 that is visible in the plots in Figure 1 is expected, due to the recurring cash-
flows inherent to interest rate swaps (Andersen et al., 2017). We use a multi-factor
market model with 10 short-rate processes representing 10 economies and 9 cross-
currency rate processes. Given that swap coupons can depend on short-rates at previous
fixing dates, we also include in the regression basis the same short-rates but observed
at the latest previous fixing date, which leads in total to a dimensionality of 29 for the
state vector X; at a given time ¢ > 0, with 100 time steps uniformly spread between
time 0 and the final maturity of the portfolio equal to 10 years. Here we use 222 =
4194304 simulated paths (generated in 25 seconds using the code developed in Abbas-
Turki et al. (2022, Appendix B)) for training and 2'* simulated paths, independent
of the former, for evaluating the nested Monte Carlo benchmark and computing the
errors. We leveraged the transfer learning trick used in Abbas-Turki et al. (2022,
Appendix B), which consists in doing the training starting from the latest time-step
and then proceeding backwards by reusing the solution obtained at a time-step tx4;
as an initialization for the learning to be done at time ¢;. This allows us to use only
16 training epochs. As in the Gaussian toy-example, we use mini-batching. The batch
size is taken to be 217 = 131072 and we use a learning rate of 0.001, and the rest of the
Adam parameters are kept at their default values.

To illustrate that the quantile learning approach allows one to learn an entire
stochastic process (dynamic initial margin), we plot the mean and 5-th/95-th per-
centiles of the learned IM process at each time-step for the different quantile learning
schemes in Figure 1.

Tables 6, 7 and 8 (using the nested Monte Carlo as a benchmark, cf. ) confirms
the conclusions of Table 2 regarding the competitiveness of the multi-a approaches.

o 0.999 0.995 0.99 0.98 0.95 0.9

Multi-ar (I) 0.265 0.160 0.109 0.065 0.058 0.056
Multi-« (IT) 0.261 0.155 0.107 0.066 0.057 0.056
Multi-« (ITT) 0.128 0.185 0.102 0.133 0.116 0.074
Single-« 0.134 0.074 0.070 0.056 0.066 0.065

Table 6: RMSE errors of learned IM; estimators against nested Monte Carlo estimators,
for t = 2.5years. Errors are normalized by dividing by the standard deviation of the
nested Monte Carlo benchmark.
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Figure 1: Mean and 5-th/95-th percentiles of both the learned and the nested Monte
Carlo IM at different time steps and for different values of o and learning approaches.
The learning approach used for the plots in each row is indicated on the right, and each
column corresponds to one value of o which is indicated at the top of each column.
Statistics are computed using out-of-sample trajectories of the diffused risk-factors, and
the time steps are on the z-axis.
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o 0.999 0.995 0.99 0.98 0.95 0.9

Multi-a (I) 0.204 0.166 0.131 0.072 0.061 0.069
Multi-« (IT) 0.212 0.162 0.127 0.072 0.062  0.069
Multi-o (IIT) 0.150 0.123 0.067 0.065 0.066 0.068
Single-« 0.165 0.095 0.070 0.057 0.060 0.066

Table 7: RMSE errors of learned IM; estimators against nested Monte Carlo estimators,
for ¢ = byears. Errors are normalized by dividing by the standard deviation of the
nested Monte Carlo benchmark.

o 0.999 0.995 0.99 0.98 0.95 0.9

Multi-a (I) 0.292 0.119 0.122 0.095 0.073 0.072
Multi-av (IT) 0.296 0.118 0.118 0.091 0.071 0.070
Multi-« (IIT)  0.157  0.118 0.090 0.089 0.079 0.086
Single-a 0.119 0.088 0.082 0.068 0.061 0.061

Table 8: RMSE errors of learned IM; estimators against nested Monte Carlo estimators,
for t = 7.5years. Errors are normalized by dividing by the standard deviation of the
nested Monte Carlo benchmark.

Conclusion

These numerical experiments suggest that learning multiple quantiles (multi-a@ (I),
multi-« (II) or multi-a (IIT)), although counter-intuitive at first, can help better target
extreme quantiles than a standard single quantile learning approach. This can be
explained by the fact that multiple quantile approaches leverage the information given
by nearby quantiles and thus are better at extrapolating at the extremes. The multi-a
(IT) approach is remarkably good at ensuring, via soft-constraints on the derivative
with respect to the quantile level, monotonicity, in cases where consistency among
different quantile levels is desired. Our experiments also show that one can successfully
use these quantile estimation methods in an XVA or risk calculation setting, where
the computation times may be greatly accelerated by replacing nested Monte Carlo
estimations by quantile and expected-shortfall learnings.

A Value-at-Risk and Expected Shortfall Representations

In this appendix we recall various elicitability results underlying our VaR and ES
learning algorithms.

We start by reminding that a camulative distribution function (c.d.f.) F': R — [0, 1]
is by definition integrable if

Ll Pty < o (A1)
(the integration is in the sense of Stieltjes). If Y is a random variable with distribution
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function F' (i.e. P[Y <t] = F(¢),t € R), then (A.1) holds if and only if Y is P-integrable
(the left-hand side of (A.1) is E[|Y]]).

Definition A.1. Let F : R — [0,1] be an integrable c.d.f. and let o € (0,1). The
value-at-risk (VaR) and expected shortfall (ES) of F' at the confidence level o are
defined respectively by

VaR(F) i= inf F~'(fa, 1)), ES(F) = ——— (V;R( 5 /[V o V@) (42

(see (2.2) for the definition of F(yo—)). If Y is an integrable random variable on the
probability space (2, A, P), we write

VaR(Y) := VaR(Fy), ES(Y) := ES(Fy)
where Fy (t) =P [Y <] is the distribution function of Y.
Remark A.2. If Y is an integrable random variable, then it is easy to see that
VaR(Y) =inf{t : P[Y <] > a}, ES(Y)=E[Y]Y > VaR(Y)] (A.3)
(the conditional expectation is with respect to P ). In particular,
VaR(Y) < ES(Y), (A.4)
with equality if and only if
P[Y <VaR(Y)] = 1. (A.5)

The versions of (A.3), (A.4) and (A.5) for abstract distribution functions F are clear
mutatis mutandis.

Remark A.3. [t is necessary to assume that our random variables are bounded (pos-
sibly after transformation as explained in Sections 2.2 and Appendix B) in order to
obtain nonasymptotic bounds in the errors induced by the methods to approximate VaR
and ES presented here (see for instance (3.20)).

This entails no loss of generality for VaR. To see why, let Y be any integrable ran-
dom variable defined on (Q, A, P), let I C R be a (possibly infinite) interval supporting
Y PlYell=1) let —o0o < a <b< oo, and let h : I — (a,b) be any increasing
bijective, Borel measurable function. Then by monotonicity

VaR(h(Y)) = h(VaR(Y)),

which allows us to reduce the approzimation of VaR(Y') to the bounded case: to ap-
prozimate VaR(Y), approzimate VaR(h(Y)) and compose with h~1. The error bounds
provided in this paper, which apply to VaR(h(Y')), can then be translated into error
bounds on the approzimation of VaR(Y') using ad hoc analytic properties of h.

As for ES, notice that for such h

ES(h(Y)Linovysvaranv)t = B [h(Y) [ Liny)svarnmo)y] = B [RY) Ly svarvyy] -
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From this it follows that if h is in addition conver [concave] on I N [VaR(Y),00), then®
ES(Y) < [>]h(ES(R(Y))). (A.6)

The inequality (A.6) for convex [concave] h shows that h~*(ES(h(Y))) is a conservative
[risky] estimate of ES(Y").

Notice that conservative estimates as before are available only when Y is assumed
upper bounded, for there is no conver, increasing and bounded bijection with domain

[a,00). Note also that if h is an increasing affine transformation, then ES(h(Y)) =
h(ES(Y)).

It is convenient for what follows to present the discussion in terms of distribution
functions. We start by noticing that if /' has an a-quantile, namely if

F(y) =« for some y,
then VaR(F) is the minimum of such y’s. In this case (and this case only)
F(VaR(F)) = a. (A7)
By the intermediate value theorem, such y exists in [a, b] if
Assumption A.4. There exists an interval [a,b] where F is continuous and
F(a) < a < F(b).

The following operator will allow us to characterize VaR and ES as minimizers of
a suitable functional.

Definition A.5. Given a Polish space S, a (Borel measurable) function h : S xR — R
and a distribution function F', we define (h+ F):S — R by

v+ F)a) = [ ho.s) Fldy)
provided that h(x,-) is F-integrable for all x. When necessary, we will write (h*F)(-) =

Recall (2.5) and (2.6). Our methods are built over the following results of Rock-
afellar and Uryasev (2000)'°, whose easy proof we give for the sake of completeness:

°If Z is an integrable random variable on (Q,.4,P) and Ao C A is a sigma-algebra, then for every
convex, bijective and bimeasurable function h : R — R,

B (B [A(Z)|Ao)) > B [0 (h(2))|Ao] = B[Z]A0].

If Ao = 0(1{y>q}) and the invertible, bimeasurable function h : R — R is convex in the interval J = IN
[a,00) where P [Y € I] = 1, then ho = h11A[4,00) +h11R\(1n[a,00)) IS cOnvex, invertible and bimeasurable
in R for an appropriate h; : R — R, and E [h(Y)|Ao] = E [ho(Y)|Ao] = E[ho(Y)|Y > a] Ly >q}. Even
more, E [ho(Y)|Y > a] = E[L(Y)|Y > a] because ho|rnja,c0)= P|in[a,c0)- The argument for concave h
is similar.

Owhere we only added ¢ for the sake of data transformation to boundedness.
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Lemma A.1. If F' is an integrable distribution function satisfying Assumption A.4,
then the set of minimizers of the function (p, * F)|[a,b} is the set of a-quantiles of F
within [a,b], and given ¢ > 0,

BS(F) = min(pe. = F)|j(v), (A38)

where ¢ denotes the function y — cy.

Proof. Since ¢ is increasing and continuous, and since F' is absolutely continous in
[a, b], the identity

o PY) =g (0= [7 ) = o) Fla) + 1))
()1~ (1 )" (1L~ F(w).

holds for v € [a,b]. It follows in particular that the (continuously differentiable) func-
tion (p, * I')|4,5 has critical points in the set of a-quantiles of F' within [a,b]. Since F’
is increasing, these critical points are the minimizers of p, x F'.

With this, (A.8) is a straigthforward consequence of the definition (A.2) of ES(F)
together with (A.7): given any a-quantile ¢ of F' within [a, b], and since F' is constant
in [VaR(F),q),

& 1
S0 =2, | v = 72 [0 Pl +a
1 1 .
= (pe * F)ljapy(@) = - min(pe. * )0, (v),

where for the last equality we used the first part already proved.

Notice that the estimation of ES via (A.8) implies the estimation of an integral
with respect to F. It is desirable, in order to propose distribution-free methods for the
estimation of ES, to have characterizations of this risk measure as a minimizer (rather
than a minimum). The following theorem presents the first one, which works given a
corresponding a-quantile:

Lemma A.2. If F' is an integrable distribution function and if q is an a-quantile of
F, then ES(F) — q € [0, 00) is the unique minimizer of oc(y,q, ) * F(dy)|0,00)-

Proof. In this case,

el s Fldy) =) (= =) [ -0 Fan )

which changes from negative to positive at z = ES(F) — ¢ because ¢”(z) > 0: this
follows as in the proof of (A.8). m

Inspired by Corollary 5.5 in Fissler and Ziegel (2016), we finally present the following

“joint” function, which is basically a combination of (2.5) and (2.6), for the elicitability
of (VaR, ES) based on the loss function (2.8).
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Lemma A.3. For every integrable c.d.f. F satisfying Assumption A.4, (F~'(a) N
[a,b]) x {ES(F)} is the set of minimizers of the function

puc(y, ) * F(dy) : [a,b] x R — R. (A.9)
Proof. The derivative of (A.9) with respect to v is
((v) =<'(2)(1 = (1 = )7 (1 = F(v))) (A.10)

which equals zero if and only if v € F~!(a) by the assumptions on ¢/ and ¢’.
By a similar calculation and using ¢” # 0, the derivative of (A.9) with respect to z
is zero if and only if

z_v+u—ar{4@—vﬁFuw,

which, as justified in the proof of Lemma A.2, gives z = ES(F) if v € F~1(a).

It follows that (F~1(a)N[a,b]) x {ES(F)} is the set of critical points of (A.9). The
fact that these critical points are indeed minimizers of (A.9) follows by an argument
akin to the proof of Lemma A.1 (consider z = ES(Y") fixed and the expression (A.10)
for the derivative with respect to v). B

B The Role of Data Transformations and Truncations

The functions hi(z,y) (k = 1,2) in Algorithm 1 serve at least two purposes: to uni-
formly bound and normalize the data, in particular to make it fit to the theory of
(Barrera, 2022), and to open the room for profiting from a priori information about
the conditional distributions of Y given X.

Let us discuss the functions involved in the estimation of ES: the reason for re-
stricting ourselves to conditionally affine transformations

W) = r(@)y +v(@)  (a(z) > 0) (B.1)
is that, as explained in Remark A.3, only these satisfy (in general) the equation
ES(h(X,Y)|X) = h(X,ES(Y|X)), (B.2)

thus allowing us to compute ES(Y|X) by solving the right hand side of (B.2) for X
fixed (which corresponds to the definition of 7 in Algorithm 1).

Notice that, conditionally affine transformations (B.1) are the ones used for “cen-
tering and normalizing”: typically, one would use ho(z,y) = (y — i(z))/d(x) where
fi(z) and 62(x) are estimates of the conditional mean and variance of Y given that
X ==

It may be convenient to say some additional words about this traditional normal-
ization: if Z € LllD has a-quantiles, then integrating the inequality

VaR(Z)1 z>vary < Z1{z>var(2)} (B.3)
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/

and applying Hoélder’s inequality we obtain the following: for every p € [1,00]| (p =

p/(p—1))
VaR(Z2)(1 - a) < [|Zllpp(1 — )"/ (B.4)

Now, if Fiz(t) := P [Z < t] is continuous and strictly increasing in [VaR(Z), VaR(Z)+9)
(for some 0 > 0) then

—VaRa(Z) = VaR(l,a) (—Z)

where VaRg(-) indicates the corresponding VaR at level 8 (Definition 2.1), and the
previous argument with —Z in place of Z and 1 — « in place of « leads to
—VaR(Z)a < || Z|[p pa*/?. (B.5)
Interpreting (B.3), (B.5) in a conditional context and going back to our conventions we
obtain that if p > 1 and Fy|x is continuous and increasing in [VaR(Y[X), VaR(Y|X) +
d(X)) then
(VaR(Y'|X))P

—a < TEYPIX] <(1-a)t (B.6)

which combined with the identity!!

1 1
ES(Y|X) = / VaRs(Y|X)dB (B.7)
l1-a/,
gives that
R L BSYIX)
_p(l_al/ )1 —a) 1§wﬁp(l_a) Lp, (B.8)

provided that Fy x is strictly increasing and continuous in [VaR(Y[X), c0).
The inequalities (B.4), (B.6) and (B.8) carry at least two important messages: first,
the integrability properties of Y are inherited by VaR(Y|X) and ES(Y|X) (E[|Y]?] =

JIY[3, , Px(dz)); and second, the (conditional) moments of ¥ control the value of

these risk measures. It follows in particular that if = — M, () > 0 is (say) an estimate
of x — M,(x) :=||Y||p,p and C' > 0 is a constant such that

P [Mp(X) < ONL(X)| =1, (B.9)

then the specification in Algorithm 1 given by

h (2, y) = h(y/My(x))

"The equality (B.7) is known as Acerbi’s formula. It was generalized to the case of noncontinuous
distributions in (Acerbi and Tasche, 2002, Proposition 3.2). For the case in consideration a quick proof
follows by the change of variable y = F;‘IX (B) = VaRg(Fy|x) in (2.3).
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where h(y) is a continuous and increasing bounded function equal to the identity if
ly|< Clan(1—a) /7,

permits to assume that
By =Clan(l—a)) P,

giving (by the definition of h) that

i(z) = My(x) f(2).

As for the computation of ES—VaR, choosing the conditionally affine transformation

ha(z,y) = y/My()

permits to fix the bound
Cp'(1—a) P a7 l/p), (B.10)

for the hypotheses G and to truncate by any Bs larger than or equal to (B.10) when
carrying the regression in Step 4.

Following this line of reasoning, notice that the truncation by Bs gives rise to a
“tail error” of the form

B [((W]-Bs)")?], (B.11)

where W = (1 — ) }(he(X,Y) — ha(X,q(X)))" is the random variable whose con-
ditional expectation (given X) we are trying to estimate. To justify our belief in the
necessity of a priori controls on tail bounds on W (or W|X) for the estimation of ES
(e.g. upper bounds to (B.11)), consider the following claim:

Claim: For every strictly increasing, integrable distribution function F' and every
(C,0) € R x (0,00), there exists an increasing and integrable distribution function G
coinciding with F in (—oo,C] and such that ES(F) + 6 < ES(G)*2.

According to this claim, no inference can be made in general about ES(F") only
from information on F'(y) up to some upper bound y < C' < co. Being this is the only
kind of information available through finite observations Yj(w),...,Y,(w) of Y ~ F,
it is not possible in general to infer statistical bounds on the approximation error for
estimations of ES(F) which are based only on finite samples of F.!3

12This can be proved easily via the following observation: assume without loss of generality that
VaR(F) < C, consider a random variable Y with the distribution F' and random variables

Vi i=Y1y<cy + (C+2°(Y - O)lyscy,

and notice that limg ES(Y)) = oo by the monotone convergence theorem. The sought for G corresponds
to some of these Yi.

!3This is also an obstruction to obtaining in general, from finite samples of (X,Y), a function
satisfying (B.9): we have seen that this implies bounds for ES in the case of continuous distributions.
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