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Introduction

Recent years have witnessed a truly quantitative revolution in the world of finance. Finan-
cial markets have to deal with a huge variety of traded derivatives and call for advanced
mathematical models. Moreover, the same theory can also be applied to institutions, such
as banks or insurance companies, that are constantly forced to cope with different kinds of
risk. Consequently, risk management has become a very important research area. In view
of that this thesis is dedicated to risk measure theory. It consists of two parts. The first
two chapters are theoretical. Their goal is to familiarize us with the notion of a measure
of risk and to present some representation results concerning them. On the other hand, in
Chapter 3 and Chapter 4 we construct two mappings wanted to be measures of risk and
investigate their properties.

We start with the classic approach. In Chapter 1 we define a static risk measure and
present some axioms that are welcome to be met. We also introduce the first examples
of risk measures. More precisely, the Value at Risk and the Average Value at Risk are
investigated here. Next we relax assumptions and allow certain random variables to be
values of risk measures. In other words, we introduce conditional measures of risk and
extend definitions of the Value at Risk and the Average Value at Risk to that case.

Chapter 2 is a further generalization. In order to deal with multi-period models, we intro-
duce the notion of a dynamic risk measure. Again convexity and coherence are defined in
a current framework. First we treat time in a continuous manner and consider measures
of risk for final payments. Then we are interested in ones in discrete time, but for general
stochastic processes. The main result of that part is a characterization theorem for coher-
ent risk measures. It turns out that each of them, under some technical assumptions, can
be represented by the essential supremum of conditional expectations over some stable set
of probability measures. From a theoretical point of view, it is really a meaningful result.
However, it does not answer the question what stable set to take. Due to that, we try to
define a dynamic risk measure directly. More precisely, we introduce a mapping that seems
to us reasonable and then verify whether it is indeed a dynamic risk measure.

In Chapter 3 we introduce the Recalculated Conditional Average Value at Risk and the
Iterated Conditional Average Value at Risk. The idea is based on [HW 04]. In that pa-
per Mary Wirch and Julia Hardy develop dynamic risk measures only for final payments.



Introduction

We generalize these results, since our mappings assign risk to stochastic processes. We
additionally show that they are coherent and satisfy the time consistency and relevance
properties.

Similarly, Chapter 4 is devoted to the other mapping. On a basis of [PR 05| and [M 07] we
define the Pflug—Ruszczynski risk measure. Although it does not fulfill all desirable axioms,
it is interesting because of an easy implementation in a Markovian model. The significant
fact is that, applying Bayesian decision theory, the risk measure can be extended for an
incomplete information case. That plays an important role in practice.

The results presented in the thesis show that theoretical knowledge about dynamic mea-
sures of risk is already very wide. Regardless, there is still lack of risk measures that are
rational and can be easily used by financial and insurance institutions. I hope that two
examples, the Iterated Conditional Average Value at Risk and the Pflug—Ruszczynski risk
measure, are only the beginning of the intensive work on that research field.



Chapter 1

Preliminaries

Consider an investor who wants to decide what financial position he should take. Because
of the uncertainty of the future, it is important not only to maximize the income but
also to compare risks associated with every possible choice. The aim of this chapter is to
make this feasible by introducing the definition of risk and by presenting the most popular
methods of its measurement.

1.1. Static risk measures

As a starting point we choose a static setting. In other words, we suppose that the investor
is interested in rating his position only once, at the beginning (at time ¢ = 0).

1.1.1. Definitions and characterization

Let (€2, F,P) be a given probability space. At once we note that throughout the whole the-
sis all equalities, inequalities etc. between random variables are understood in a P-almost
sure sense.

A random variable X : Q — R, which represents a discounted future value of a financial
position, is called a risk. By X we denote the set of all risks to be investigated, i.e., X C
L°(Q, F,P). It will be seen later that we often restrict ourselves to the space LF(2, F,P)
for some p € [1,400].

Definition 1.1. A (static) measure of risk (risk measure) is a mapping p: X — R satis-
fying the following conditions:

e monotonicity: p(X;y) < p(Xy) for all X1, Xs € X with X1 > X,
e translation invariance: p(X +¢) = p(X) —c for X € X and c € R.

Since the above definition is very broad, it is reasonable to narrow down the class of all risk
measures. It can certainly be done in many ways, but analists mostly consider coherent or
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1 Preliminaries

convex measures of risk. Historically the notion of coherence was introduced by Philippe
Artzner et al. in [ADEH 99|. Next Hans Follmer and Alexander Schied generalized it by
defining convex risk measures (see [F'S 04]). In this thesis we mainly concentrate on them.
The motivation for that may be found in the later part of this section.

Definition 1.2. A risk measure p: X — R is convex if
pPAXT+(1—=XN)X2) < Xp(X1)+ (1= XNp(Xa) for X;,Xo€ X and 0 < XA < 1.

Definition 1.3. A mapping p: X — R is called a coherent risk measure if it is a measure
of risk satisfying the following statements:

e subadditivity: p (X1 + Xa) < p(X1) + p(Xa) for Xi,Xs € X,
e positive homogeneity: p(AX) = Ap(X) if A >0 and X € X.

It is immediately clear that every coherent risk measure is convex. Conversely, a convex
measure of risk for which the positive homogeneity condition is fulfilled is coherent as well.

Some simple properties of risk measures are given by the following proposition:
Proposition 1.4. For a risk measure p: X — R we have
p (X +p(X)) =0 for X € X when |p(X)| < +oo.

If additionally p is positive homogeneous, then it holds that

(1) p(0) =0, i.e., p is normalized,

(2) p(c) = —c for all c € R.
Proof. Fix X € X such that |p(X)| < +o00. By translation invariance one has

p (X + p(X)) = p(X) — p(X) = 0.

If p is positive homogeneous, then p(0) = p(2 - 0) = 2p(0), so

Therefore

Since

p(X +p(X)) =0,

p(X) can be seen as an amount of money that has to be added to the risk X to make
it acceptable to the investor. In that connection it is obvious that each measure of risk

8



1.1 Static risk measures

has to be translation invariant. Furthermore, a position giving higher income is less risky,
so monotonicity seems to be rational as well. Subadditivity is less intuitive. But consider
a firm with two departments. Under the subadditivity condition it suffices to compute
p(X) and p(Y) for risks X and Y associated with positions of every department sepa-
rately, because p(X +Y') is upper bounded by p(X)+ p(Y). Sometimes it is regarded that
the value of the risk measure should be proportional to the risk. It leads us to positive
homogeneity. However, some people find this axiom too strict. All that proves that the
research on convex measures of risk is really worthwhile.

We have already introduced the notion of a coherent risk measure. However, it is still not
specified how it can be constructed. Due to that, we present a theorem that characterizes
the class of coherent risk measures.

Definition 1.5. A risk measure p: LP(Q, F,P) — R, p € [1, +o0), satisfies the LP-Fatou
property if for each bounded sequence (Xy), .y C LP(S, F,P) and X € LP(Q,F,P) such

that X, X the following inequality holds:

n—oo

p(X) <liminf p (X,).

n—oo

Theorem 1.6. Let p and q be such that p € [1,400) and 1/p+1/q = 1. Then a mapping
p: LP(Q, F,P) — R is a coherent risk measure satisfying the LP-Fatou property if and only
if there exists a conver LI(P)-closed and Li(P)-bounded set Q of probability measures that
are absolutely continuous with respect to P such that

p(X) = sup Eo(—X), X € L7(, F,P).
QeQ
For the proof the reader is referred to I 03] (Theorem 1.1).

The above theorem is a useful tool if we want to decide whether a risk measure is coherent
or not. A plain application of it can be found below.

(1) Consider a negative expectation png defined by
pne(X) = E(=X).

A set of probability measures associated with png is just the singleton {P}, thus pxg
is coherent.

(2) Let pwc be given by
pwe(X) = esssup(—X).

The mapping pwc is called a worst-case risk measure. It holds that
pwe(X) = sup Eg(—X)
QeQ

for @ = {Q <« P}, so Theorem 1.6 guarantees coherence of pwc. Note that if p is
a coherent risk measure with the Fatou property, one has p < pwc.



1 Preliminaries

1.1.2. Value at Risk

We have already defined two coherent risk measures, a negative expectation and a worst-
case measure. But, because of their simplicity, they are not very popular. Here and in the
next section we introduce risk measures that are more applied in risk management.

A well-known risk measure that is widely used by financial institutions is the Value at Risk.
Later on we will see that it is not convex and, as a consequence, increasingly criticized.
Now we present its definition.

Definition 1.7. The Value at Risk at a level o € (0,1] of a risk X is given by
VaR, X = —¢{(1 - a),
where q¥ (1 — «) is the upper (1 — «)-quantile of X (see Proposition A.2).
Proposition 1.8. For X € X and o € (0, 1] the following equalities are satisfied:
VaRa X = ¢ (o) =inf{z e R|P(X +2<0) <1—a}. (1.1)

Proof. By (A.1) we obtain

¢ x(a)=sup{z|P(—X <z)<a}=sup{z|P(X < —z)>1-a}

=—inf{z|P(X <z)>1-a}=—¢k(l—a)=VaR, X.

In a similar way we get that

¢ x(a)=inf{z|P(X+2<0)<1—a}.

Since
VaR, X =inf{z e R|P(X + 2 < 0) <1-a},

VaR, X can be interpreted as an amount of money that needs to be added to make sure
that the probability of a loss is less than or equal to 1 — a. Due to that, Value at Risk is
usually computed for a safety level a large enough (close to 1).

We have already mentioned that the Value at Risk is not coherent. Now it is an appropriate
moment to verify this assertion.

Remark 1.9. For a fized o € (0,1] VaR,, is monotone, translation invariant and positive
homogeneous, but it is not subadditive.

Proof.
e Monotonicity: Take risks X, Xy € X such that X; > X5. Then
Ay, ={z|P(Xa+2<0)<1l—-a} C{z|P(X;+2<0)<1—-a}=Ax
and, as a result of Proposition 1.8,

VaR, Xy = inf Ax, > inf Ax, = VaR, X;.
10



1.1 Static risk measures

o Translation invariance: A risk X € X and ¢ € R satisfy

VaRy(X +¢)=inf{z | P(X +c+2<0)<1—a}
=inf{z|P(X+2<0)<1—a}—c=VaR, X —c.

e Positive homogeneity: It can be shown in the same manner as translation invariance.

e No subadditivity: Let X1, X5 be independent random variables Bernoulli distributed.
More precisely,

B 200 with probability 0.9 X, 200 with probability 0.9
"7 12100 with probability 0.1, > ]| =100 with probability 0.1.

Then

400 with probability 0.81
X1+ Xy = 100 with probability 0.18
—200 with probability 0.01.

We know that VaRg 9 X; = VaRg9 X2 = —200. On the other hand, VaRgg (X7 + X3)
= —100. Hence

VaRQ_g (X1 + XQ) = —100 > —400 = VaR().g X, + VaRQ_g Xo.

1.1.3. Average Value at Risk

We have already shown that the Value at Risk is not subadditive. Because of that the
Average Value at Risk (often called the Conditional Value at Risk or the Ezpected Shortfall)
was constructed. Due to its coherence, the Average Value at Risk has become very popular
and displaced the Value at Risk.

Definition 1.10. For a risk X € X and o € (0,1) we define the Average Value at Risk by
1 1
AVaR, X = 1—/ VaR, X dy.

As the name suggests, the Average Value at Risk at a level a is simply the conditional
expectation of the Value at Risk at v given that v > «.

11



1 Preliminaries

It is possible to extend the above definition for safety levels & = 0 and @ = 1. Namely,
applying Lemma A.6, we get that

1 1 1
AVaRg X = / VaR, dy = —/ (1l —7)dy = —/ qx () dy = E(—X),
0 0 0

AVaR; X = lirri AVaR, X = lim

a—l 1 —q«

1
/ VaR, X dy = lim1 VaR, X = VaR; X
=inf{z| P(—X > z) =0} = esssup(—X).

In practice, computing the Average Value at Risk directly from its definition is quite
complicated and takes a lot of time. However, it turns out that it can also be obtained as
a solution for a certain optimization problem.

Lemma 1.11. Let a € (0,1) and q be a (1—a«)-quantile of X. Then the following equalities
hold

AVaR, X = %E(X—q) —q = inf (

— z€eR

E(X + )" + x) JXeXx. (L2

11—«
Moreover, the above infimum is attained at VaR, X.

Proof. By Lemma A.6 we have

1 1-o 1
E(X —q)” = / (¢x(v) —q) dy= / (¢—ax(7) dy=(1~-a)g~ / ax (1 —7)dy
0 0 «
1
=(1 —a)q—I—/ VaR, X dy = (1 — «a) (AVaR, X +¢),
so the first equality is satisfied.

To prove the second one we define
U(z)=E(X —x)".

Because of Lemma A.6, it holds true that

Let F' be the cumulative distribution function of X. Then, by Fubini’s theorem,
oo oo —o0 min{X,z}
= U(z).

It follows that ¥ is increasing and convex.

12



1.1 Static risk measures

Note that if U* denotes the Fenchel-Legendre transform of W restricted to [0, 1], ¥U* is
given by

¥ 0.1)3 - sup oy~ V(o) = [ at0)dn

zeR

Indeed,
e For y =0: ¥*(0) =sup, (—¥(x)) = —inf, U(z) = — lim,\ —o V(x) = 0.

e Fory=1 2 —¥(x) =z — fol (gx(y) —2) dy = fol min {z,¢%(7)} dv, thus th
function z — x — ¥(z) is increasing. As a consequence, ¥*(1) = sup, (z — ¥(z)) =

limy, 400 fol min {z, g% (7)} dy = fol g () dy.

e For 0 <y < 1: we know that the function f: x — zy — ¥(x) is concave. More-
over, fi(z) =y — F(x) and f'(z) = y — F(z—). Hence o maximizes f if and
only if F(xo—) < y < F(xp). In other words, zy is a maximizer of f if it is
a y-quantile of X. Then we write xy = gx(y) and ¥*(y) = sup, (zy — ¥(x)) =

zoy — Jo (a5(v) — w0) dy = zoy — [ (m0 — g% (7)) dy = [¥ g (7) dn.

Therefore

inf (E(X +2)" +(1—a)z)=—sup((1—a)z—¥(z)) = -0 (1-aq)

zER z€R
11— 1 1
= —/ gy () dy = —/ q}((l—v)dVZ/ VaR, X dy
0 « @
— (1 — @) AVaR, X.
O

It has been mentioned that the Average Value at Risk is coherent. Now we develop a the-
orem verifying this statement.

Theorem 1.12. For a € [0,1) and X € L*(2, F,P) it holds that

d 1
AVaR, X = sup Eq(—X), where Q = {@ < IP” 49 < }
QeQ P~ 1 -«

Proof. First notice that for a = 0 it holds that AVaRy X = E(—X) = supgeg Eq(—X) for
Q = {P}, so the statement is obvious.

Now assume that « € (0,1). Let p be given by

p(X) = sup Eo(—X)
QeQ

for Q as in the formulation of the theorem.

13



1 Preliminaries

Take X € L>*(Q, F,P) with X < 0. Define a probability measure P by the Radon-Nikodym
derivative ~

dP X

dP  EX’
Then P is equivalent to P and

p(X) = sup Eg(—X) = sup Ep
Qe QeQ

sup E-
l—« @EB 2

_X@d_IP’ _ E(=X)
dP dp/)
for A={0<p<1|Ep=1-a}.

Let ¢ denote a (1 — a))-quantile of X. One has P(X <¢) <1—-a <1 =P(X <0) and
thus ¢ < 0. We define

1-a—P(X<q)
=g PX

0, P(X

) >
)

SinceP(X <¢) <l-aandl—a—-P(X <q)=1-a—P(X < ¢q)+P(X =¢q) <P(X =q),
we get that 0 < k < 1 and also 0 < ¢ < 1. It is easy to see that if P(X = ¢) = 0, then
P(X <q) =P(X <q)=1— «. Hence

o o

q
0o = lyx<qy +K L{x—qy, Where Kk = { .

Epy=PX <q)+rP(X=¢)=1-a
and ¢ € A.

We know that for every ¢ € A it holds that

Therefore

Espo —Esp =E ((@o—so)d—ﬂ,,> ZE((%—@)%) Z%E(%—w) = 0.

We get that
Ep 0o = sup Ep
peEA
and then
E(=X) _ E(-X) dP\  E(poX)
pIX) = -« By w0 = l -« £ 0 qp -«
1 - 1 )
__1_a(—E(X—q) +qIP)(X<q)—I—/{qIP(X:q))—1_aE(X_q) .

14



1.2 Conditional risk measures

Finally, by (1.2),
p(X) = AVaR, X.

Now take an arbitrary X € L*(Q, F,P). Then ¢ := sup,.q X + 1 < oo and, by the first
part of the proof,

1
AVaR, X = 1

—

1 1 1
/ VaRﬂ,Xd*y:m/ VaR,(X —¢)dy —c=AVaR,(X —¢) — ¢

= sup Eq(—X + ¢) — ¢ = sup Eg(—X),
QeQ QeQ

so we are done. O

Corollary 1.13. For o € [0,1) the Average Value at Risk AVaR,: L>=(Q, F,P) — R is
coherent and satisfies the Fatou property.

Proof. The assertion follows from Theorem 1.6 and Theorem 1.12. O

1.2. Conditional risk measures

In this section we aim to extend the definition of a static risk measure. More precisely, we
want to allow the investor to rate his positions only once, but at time ¢ € [0,7), where
T > 0 is the terminal date.

1.2.1. Definitions

Suppose that we are given a sub-o-algebra G in addition to the probability space (2, F, P).
G can be interpreted as knowledge about the underlying risk at time ¢. Then, intuitively,
a conditional measure of risk should be a mapping from X to the set of G-measurable
random variables. Here we limit ourselves to all LP-integrable risks, i.e., X = LP(Q, F,P).

Let ﬁ(@, G,P) denote the set of all random variables measurable with respect to (G, B),
where B is the Borel o-algebra of R.

Definition 1.14. A mapping p(-|G): LP(Q, F,P) — L9(Q,G,P), p € [1,+00), is a con-
ditional risk measure if it is

e monotone: p(X1|G) < p(Xz|G) for all X1, X5 € LP(Q, F,P) with X; > X,

e conditional translation invariant: p(X +Y|G) = p(X|G) =Y for X € LP(Q, F,P)
andY € LP(Q,G,P).

Analogously to the previous section we also define a convex (respectively coherent) condi-
tional measure of risk.

15



1 Preliminaries

Definition 1.15. A conditional risk measure p(-|G): LP(Q, F,P) — L(Q, G, P) is convex
if for all X1, Xy € LP(Q), F,P) and A € LP (Q2,G,P) such that 0 < A <1 it holds that

p(AXy + (1= A)X,|G) < Ap (X[ G) + (1= A)p(Xa]G).

Definition 1.16. A conditional risk measure p(-|G): LP(Q, F,P) — LY(Q, G, P) is called
coherent if it satisfies the following properties:

e subadditivity: p (X1 + Xo|G) < p(X1|G) + p (X2|G) for Xy, Xy € LP(Q, F,P),

e conditional positive homogeneity: p(AX|G) = Ap(X|G) if A € LE(Q,G,P) and
X € LP(Q, F, P).

Recall that we investigated static risk measures under the assumption that the risk mea-
surement takes place only at ¢t = 0. Due to the fact that there is no additional information
about risk available at this time, we set G = {(),QQ}. Then, for every X € X, p(X) is
G-measurable as a constant and thus p = p(-|G). It proves that the static risk measure is
just a trivial case of the conditional one.

The simplest example of a conditional coherent risk measure is given by
p(X|G)=E(=X|G) for X € LP(Q, F,P).

p(-1G) is called a negative conditional expectation.

1.2.2. Conditional Value at Risk
Now we present a more complicated example of a conditional risk measure, the Conditional

Value at Risk. As we will see, it is a natural extension of the Value at Risk.

Let p € [1,+00) and X € LP(Q, F,P). Theorem A.8 guarantees the existence of a proba-
bility kernel P9 : Q x B — [0,1] from (€2, G) to (R, B) such that

PX9 (. BY=P(X € B|G)(-) P-as.
for B € B. Knowing that we can define the Conditional Value at Risk.

Definition 1.17. The Conditional Value at Risk of X € LP(Q2, F,P) at a level a € (0,1)
15 given by
VaR,(X|G)(w) = VaR, (PY9 (w,-)).

By Proposition 1.8 and law invariance we get

VaR,(X|G)(w) = VaR, (PY9(w,-)) = VaR, (B(X € -|G)(w))

=inf{zreR|P(X+2<0|G)(w)<1-a}. (1.3)

It is not immediately clear that VaR,(X|G) is G-measurable. But we have the following
theorem:

16



1.2 Conditional risk measures

Theorem 1.18. For every X € LP(Q), F,P) and o € (0,1) the function VaR,(X|G): Q —
R is G-measurable.

Moreover, VaR, (- | G) is monotone, conditional translation invariant and conditional pos-
itive homogeneous.

Proof. To show that VaR,(X|G) is a G-measurable function it suffices to prove that for
each z € R the following holds

(VaRqa(X[G)) ™" ((—o00,2]) € G.
We have
(VaRa(X]G)) ™" ((—00,2]) = {w| VaRa(X|G)(w) < x}
={w| inf{y| P(X +y<0]|G)(w) <1—-a} <z}
={w|P(X+2<0|G)(w) <1—a}
= {w\ p9) (W, (=00, —x)) <1-— 04}

_ (P(X:g) (+,(—o0, —x)))_ ([0,1—«a]) € G,

since (—oo, —x) € B and, as a consequence, P9 (. (—o0, —z)) is G-measurable.

Now we move on to properties of the Conditional Value at Risk.
e Monotonicity: Take risks X1, Xy € LP(Q, F,P) such that X; > X,. Then
{z|P(Xo+2<0|G)(w)<1l—a}C{z|P(X;+2<0|G)(w)<1—a}
and consequently
VaR,, (X2| G) (w) > VaR, (X1|G) (w) for every w € Q.
Conditional translation invariance and conditional positive homogeneity can be proved in
a similar way. Here we concentrate on homogeneity.

e Conditional positive homogeneity: Let X € LP(Q, F,P) and A € L% (Q,G,P). Ap-
plying Proposition 2.13 from [YZ 99| we get that

VaR,(AX|G)(w) =inf{z| PAX +2<0|G)(w) <1—a}
=inf{z| P(A(w)X+2<0|G)(w) <1—a}.
First suppose that w € € is such that A(w) = 0. Then
VaR,(AX]|G)(w) =0 = A(w) VaR,(X| G)(w).
Now assume that A(w) > 0. We have
VaR,(AX|G)(w) = Aw)inf{z| P(X+2<0|G) (w) <1—a}
= A(w) VaR, (X G)(w).
U

Because for the trivial sub-o-algebra G = {0, 2} VaR,(-|G) coincides with VaR,, the
Conditional Value at Risk is not subadditive.
17



1 Preliminaries

1.2.3. Conditional Average Value at Risk

Like in the previous section, we define the Conditional Average Value at Risk by analogy
to the Average Value at Risk (see Lemma 1.11).

We use the following notation: LY = L%(Q, G, P).

Definition 1.19. For X € LP(Q, F,P), p € [1,+0), and o € (0,1) we define a mapping

AVaR,(X|G): 25w — inf E(

0
YeLg

(X+Y)+YW)@)

-«
which s called the Conditional Average Value at Risk.

Again we have a theorem concerning measurability of the risk measure defined above.

Theorem 1.20. For X € LP(Q,F,P) and « € (0,1) we know that AVaR,(X|G): @ — R
18 G-measurable.

The infimum in Definition 1.19 is attained at VaR,(X|G), i.e.,
1 —
Mm%@ﬂﬂ:meMQHTtEE«X+WﬁMXWD|@. (1.4)
In addition, AVaR,(-|G) is coherent.

Proof. Due to Proposition 2.13 in [YZ 99|, we know that

EElivlo)w@

((X +Y(w)

l—«o

AVaR,(X|G)(w) = inf E (

0
YeLg

= inf E
YeLy

+Y()]6) @)

For Y € LY the value of E ((X 4+ Y(w))” /(1 —a)+Y(w)|G) (w) depends on Y only by
Y (w). Hence, by Lemma 1.11,

AVAR, (X[ G)(w) = VaRa(X]6)(@) + T—— E (X + VaRa(X| 6))| 6) (&)

VaR,(X|G) and E ((X 4+ VaR.(X|G))” |G) are G-measurable, hence AVaR,(X|G) is G-
measurable as well.

Coherence of AVaR,,(-|G) can be easily proved by applying Proposition 2.13 from [YZ 99|
again. We skip it. O
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Chapter 2

Dynamic risk measures

Risk measurement is aimed at dealing with the uncertainty of the future and should pre-
vent us from potential losses. However, as time goes by, the world is changing. In that
connection there is a need to extend the notion of the conditional risk measure to a dy-
namic setting.

Recall our investor. Suppose that the last of his financial positions will have expired
by T > 0. Let 7 stand for the set of all time instants up to 7. In other words,
7 ={0,1,...,T} or T = [0,T], depending on whether we treat time in a discrete manner
or not. By 7_ we denote the set 7\ T, ie., 7 = {0,1,...., T — 1} or T_ = [0,T), re-
spectively. The investor would like to assign his positions repeatedly, for every ¢t € 7_, to
make his measurements update constantly. Hence we have to construct a process of risk
measures that is adapted to accessible information.

First we discuss dynamic risk measures for final payments. Next, having already some
knowledge about them, we will move on to ones for general processes.

2.1. Continuous time dynamic risk measures for final pay-
ments

In this section we deal with the case of continuous time, so 7 = [0,T]. Let (Q, F,P) be
a probability space endowed with a filtration (F),., such that Fo = {0, Q} and Fp = F.
Certainly, F;, t € T, stands for a situation in the market at time t. As before, we want
to rate positions we are interested in, but now they are no longer random variables, but
stochastic processes. Here we restrict ourselves to ones with only final payments, i.e., we
consider processes (X;),.; with X, = 0 for ¢t # T Then (X;),.; can simply be identified
with the random variable X7. As a consequence, from a practical point of view, nothing
changes and the set of positions X is a subset of L°(€, F,P). Now we are ready to introduce
a dynamic measure of risk for final payments.
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2 Dynamic risk measures

2.1.1. Definitions

Definition 2.1. A mapping p: QA x T_ x X 3 (w,t,X) — p(w,t,X) = p(X)(w) € R s
called a dynamic risk measure for final payments if the following conditions are met:

o the process (pi(X)),er s (Fi)ier -adapted,
e p is monotone: p; (X1) < py (Xa), t € T_, if X1, Xo € X and X; > Xo,

e p is dynamic translation invariant: it holds that py(X +Y) = pi(X) =Y fort € T_,
X, Y € X such that'Y 1is F;-measurable.

The above is strikingly similar to Definition 1.14. The same holds true for the interpreta-
tion, so we do not repeat it. Instead we introduce convexity and coherence in the current
framework. As we will see, they are already familiar too.

Definition 2.2. A dynamic risk measure for final payments p: Q x T_ x X — R is called
convex if for t € T_ and an Fi-measurable random variable A € X such that 0 < A <1
we have

Pt (AXl + (1 — A)Xz) S Apt(Xl) + (1 — A)pt(XQ), Xl,X2 c X.

Definition 2.3. A dynamic risk measure for final payments p: QxT_x X — R is coherent
iof it satisfies the following properties:

o subadditivity: pi (X1 + Xo) < pi(Xy) + pe(X2) if t € T_ and X;, X € X,

e dynamic positive homogeneity: pi(AX) = Apy(X) fort € T, X € X and F;-
measurable A € X with A > 0.

2.1.2. Groundwork

We aim to characterize the class of coherent dynamic risk measures in a similar way as in
Theorem 1.6. But we start with developing a representation theorem for convex dynamic
measures of risk. We introduce the technical property that is necessary for the formulation.

Definition 2.4. Let p € [1, +foo). We say that a dynamic risk measure for final payments
p: Q x T x LP(Q,F,P) — R satisfies the LP-Fatou property if for a bounded sequence

(Xn)nen C LP(Q, F,P) and X € LP(Q, F,P) such that X, ", X it holds true that

n—oo

pe(X) < liminf p(X,), t € 7_.

n—oo

Suppose that p: Q@ x 7_ x X — R is a dynamic risk measure. Fix ¢t € 7_. Then
A ={X e X| p(X) <0}

is called an acceptance set. The name is reasonable, since if p;(X) < 0 for a certain position
X, then we want to take it.
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2.1 Continuous time dynamic risk measures for final payments

Theorem 2.5. Let p and q be such that p € [1,4+00) and 1/p+1/q=1. If p: @ x T_ x
LP(Q2, F,R) — R is a convex dynamic risk measure for final payments, then equivalent are:

(1) There exists a mapping a: Q@ x T_ x Q, — (—00, +00| such that

pt(X) = esssup (Eq(—X| F) — (Q)), X € LP(Q, F,P),

Qe Qq

where Q, = {Q < P|dQ/dP € LI(Q2, F,P)}.

More precisely, o is given by

a¢(Q) = esssup Eq(—X| F).

XeA?

(2) Fort e T_ the acceptance set A} = {X € LP(Q, F,P)| p(X) <0} is || - ||p-closed.
(3) The risk measure p satisfies the LP-Fatou property.

Proof.

(1) = (3): It is obvious.

(3) = (2): For any sequence (X, )neny C A? with X, L%, X there exists N € N such that
(Xn)n>n is bounded. Since the Fatou property holds, we get that

pr(X) < liminf p,(X,,) <0,

n—oo

so X € A}. In that case A} is || - ||,-closed.

(2) = (1): Define « as in the formulation of the theorem and set
dQ
PlX) = esssu (Eq(—X| F) — (), @ = { Q@< P|pe@FP . (21)
€<

Since

a:(Q) = esssup Eq(—X| F;) = esssup (Eqo(—X| F) — pe(X)),

XeA? Xell
we immediately get that
0 X) < p(X), X € LP(Q, F,P).

To prove the opposite inequality it suffices to show that if Z € L?(Q,F;,P) with Z >
(X)), then it also holds that Z > p;(X). For the indirect proof suppose that there exist
X e LP(Q), F,P) and Z € LP (Q, F;,P) such that Z > ¢4(X), but Z < p(X) with positive
probability. The latter is equivalent to X + Z ¢ A7, because p,(X + Z) = py(X) — Z. We
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2 Dynamic risk measures

know that Af is || - ||,-closed, {X + Z} is compact and both are convex. Hence, by the
separation theorem for convex sets (see Theorem A.10), there exists a linear continuous
functional I: LP(§2, F,P) — R such that

(X +Z)< inf I(Y). (2.2)
YeA?
Observe that
[(Y)>0ifY >0. (2.3)

Indeed, for A > 0 and Y* > 0, A\Y* € A7. Therefore [(X + Z) < infycq0 [(Y) < T(AY¥) =
AL(Y™) and thus —oo < (X 4+ Z) < lim)y 00 AL (Y™). Finally I (Y™) > 0.

The Riesz representation theorem (Theorem A.11) guarantees the existence of a function
g € LY(Q, F,P) with
I(X)=E(Xg). (2.4)

Because of (2.3), g > 0. Furthermore, due to (2.2), I # 0. The latter is equivalent to
P(g =0) < 1, s0 P(g > 0) > 0. Therefore we can define a probability measure Q by its
Radon—Nikodym derivative with respect to P as follows:

Q_ g
dP  Eg
Obviously, Q € Q,. Using (2.4) and (2.2) we get
(X +2) ) 1Y) I(-Y)
Egp(—(X+Z%2)=———>>— inf —= = sup ———= = sup Eg(-Y). 2.5
o (= ) Eg veal By yew Eg  year oY) (25)
Now we want to show that
sup EQ(—Y) = EQ (at(@)) . (26)

YeA?
Since Eg(—Y) = Eq (Eq(—Y|F)) < Eg ((Q)), Y € A?, it holds that
sup Eq(—Y) < Eq (a(Q)) .

YeA?

Fix Yl,YQ € Atp and set }/23 = ]lB Y1 +]1Bc }/2, where B = {EQ(_E‘ft) 2 EQ(—)/Q‘ft)}
Then Y3 € A} and, because B € F;,

Eo(=Ys| Fi) = 1p Eo(—Y1[ i) + lpe Eo(=Ya| 1) > Eq(—Y1| F1) V Eq(=Y2| F2).

Therefore the family Fg = {Eq(=Y|F) | Y € A} is directed upwards and, due to Theo-
rem A.12, there exists a sequence (Y7,), oy such that

Eo(=Y,| Fi) /esssupEqg(—Y | F) = ar(Q).

YeA?
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2.1 Continuous time dynamic risk measures for final payments

Hence, by the monotone convergence theorem,

sup Eg(—Y) > lim Eg(—Y,) = lim Eq (Eq(—Y,| 7)) = Eq (hm Eo(—Y,| ]—“t)>

= EQ (Oét(@)) )

so (2.6) is satisfied.

Finally, applying consecutively (2.5), (2.6) and (2.1) we get that
Eq (pi(X)) < EqZ < Eg(—X) — sup Eg(-Y) = Eq (=X — a(Q))
YeA;

= Eq (Eq(=X[F) — at(Q)) < Eq (:(X)),

which yields a contradiction, thus

(X)) = p(X), X € LP(Q, F,P).

Now, by Theorem 2.5, we quickly obtain the next result.

Theorem 2.6. Let p and q be such that p € [1,+00) and 1/p +1/q = 1. Suppose that
p: QX T_x LP(Q,F,R) — R is a coherent dynamic risk measure for final payments. Then
the following are equivalent:

(1) For everyt € T_ there exists a convex LI(IP)-closed set Qy such that

pi(X) = esssup Eg(—X| F), X € LP(Q, F,P).
QeQ:

More precisely, the set Qf] 1s of the form

Q, = {Q <<IP>) % € LY F.P), au(Q) = 0},

where oy is the Legendre—Fenchel transform of p; given by

a(Q) = esssup Eg(—X| 7).

XeA?

(2) Fort e T_ the acceptance set A} = {X € LP(Q, F,P)| p(X) <0} is || - ||p-closed.

(3) p satisfies the LP-Fatou property.
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2 Dynamic risk measures

Proof. The fact that assertion (1) implies assertion (3) is obvious. Moreover, from Theo-
rem 2.5 it follows that the implication (3) = (2) is true as well.

(2) = (1): Fix t € 7_ and define Q! by
o~ {o<p| Fererp a@-of.

First we verify the convexity of Qg. Take Q1,Q; € Qg and « € [0, 1]. For a probability mea-
sure Q, given by Q = AQi+(1—a)Q,, and X € A we define aset Ay = {Eg(—X|F;) > 0}.
Then A§ € F; and [,x Eq(—X|F;)dQ > 0. On the other hand,

Q

/EQ(—XU-})d@: —XdQ =) [ —XdQ,+(1-)) [ —XdQ,
AX

3 ax ax "
- A/ Eq, (—X| F)dQ; + (1 — A)/
a3

Eq, (= X[ F1) dQ,
AX
< Ay (Q1) + (1= A)ay (Q2) = 0.

Q

Hence Q (A3) = 0. It follows that 0 < oy (Q) = ess sup yeap Eo(—X|F) < 0,50 Q € Q.
Therefore Q; is indeed convex.

In a similar way we check whether Q! is L4(PP)-closed. Fix a sequence (Qn)nen C Q and
Q such that dQ,,/dP — dQ/dP in L? as n — oco. Then we also have the weak convergence
in L? and, in particular,

0< [ Bo(-X|F)a0= [ -Xd0=lm [ -XdQ,= ln [ Bo(-X|F)dQ,
< lim ; (Q,) =0, X € A7, AY = {Eq (-X|F,) > 0}.

Again 0,(Q) =0 and Q € Q;.

Furthermore, note that oy (Q*) € {0,400}, Q* € Q, = {Q < P| dQ/dP € LY, F,P)}.
It is obvious that a; (Q*) > 0. Define A = {a; (Q*) > 0}. Then A € F;. Thus, for A > 0
and X € A7, A1, X € A7 as well and

a; (Q") = esssup Eg+(—X| F) > esssup Eg«(—A 14 X| F;) = A Ly esssup Eg-(—X | F)

XeA? XeA? XeAly
= A ]LA (6 (Q*) .
Letting A " 400 we obtain
. +oo on A
(8% —_=
(@) {0 on A°.
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2.1 Continuous time dynamic risk measures for final payments

Therefore

esssup Eq(—X| F;) = esssup (Eq(—X|F) — aw(Q)) = esssup (Eq(—X| Ft) — a:(Q)) .
QeQy QeQt QeQq

We apply Theorem 2.5, what finishes the proof. O

2.1.3. Technical properties

Theorem 2.6 gives us a characterization of the class of coherent dynamic risk measures.
Unfortunately, the set Qé depends on time. We want to strengthen assumptions of the the-
orem in order to obtain the representation result with a time-independent set of probability
measures. It is the aim of the next section. Here we introduce some technical properties
that will be necessary for the formulation.

Time consistency

It is quite evident that each reasonable dynamic risk measure should satisfy a kind of time
consistency condition. In the literature one can find different definitions. We use the one
from [B 05].

Definition 2.7. Let p: Q x T_ x X — R, be a dynamic risk measure for final payments.
Then p s called time-consistent if for all stopping times o, 7 with 0 < 7 and X;,Xs € X
the following implication holds:

pr (X1) < pr (X2) = po (X1) < po (Xa2).

The above condition gives us information about riskiness of positions. More precisely, if
one position is less risky than others in the future, then it is also less risky at every earlier
moment, e.g., today.

Relevance

A risk measure should be sensitive about every loss possibility. In other words, the value
of the risk measure of the position that generates loss with positive probability has to be
positive with positive probability as well. Formally, we introduce the relevance property:

Definition 2.8. We call the mapping p: Q x T_ x X — R relevant if for A € F with
P(A) >0 and t € T_ we have

P (p(—14) > 0) > 0.
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2 Dynamic risk measures

Stability of the set of probability measures

Let Q be a set of probability measures absolutely continuous with respect to P. By Q¢ we
denote the set of all probability measures in Q that are equivalent to P. Then we define
a density process of Q € Q with respect to P by

dQ
Z;Q:E<@‘}"t),t€7.
It is clear that (Z,i@)teT is a P-martingale. Moreover, Z2 = dQ/dP. Now we are ready to

set the definition of stability forth.

Definition 2.9. The set Q of probability measures absolutely continuous with respect to P is
called stable (under pasting) if for Qi, Qe € Q° with density processes (Zé@l) Z;QQ)
and a stopping time T € T the process (Z]),cr, given by

teT ( teT

- Zri@la t<r
Z; = z%2
Z% e t>T,

defines a probability measure QT that is an element of Q.

2.1.4. Characterization theorem

Here we present the already announced theorem:

Theorem 2.10. Let p and q be such that p € [1,+00) and 1/p+1/q = 1. Let p: Q x
T xLP(Q,F,P) — R be a time-consistent relevant coherent dynamic risk measure for final
payments. Then equivalent are:

(1) There exists a stable conver L(P)-closed set Qf C {Q ~P| dQ/dP € LI(2, F,P)}
such that

pi(X) =esssup Eqg(—X| F), X € LP(Q, F,P), t € T_.
QeQ;

(2) Fort e T_ the acceptance set A} = {X € LP(Q,F,P)| p(X) <0} is || - ||,-closed.
(3) p has the LP-Fatou property.

Proof. The implications (1) = (3) and (3) = (2) can be shown similarly as in the proof of
Theorem 2.6.

(2) = (1): Due to Theorem 2.6, we know that

pi(X) =esssup Eq(—X|F), X € LP(Q, F,P), t € T_, (2.7)
QeQ}
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2.1 Continuous time dynamic risk measures for final payments

where Q) = {Q < P| dQ/dP € LY, F,P), a,(Q) = 0}.

From time consistency of p it follows that A? C A for s < ¢. Therefore we have
s t
Q,C Q.. (2.8)

Indeed, fix any Q € Q; and for X € Af define Ay = {Eq(—X|F;) > 0}. Since Ax € F,
Iy, X € AY C A? as well. Hence 0 < Eg (Ia, Eo(—X|F) | Fs) = Eg (=14, X| Fs) <
esssupy¢ 4 Eq(—Y [ Fs) = a,(Q) = 0. It follows that Eq(—X|F;) < 0. Finally we have
0 < a,(Q) = esssupyear Eo(—X|F) < 0,50 Q € Q.

We define QZ = Qg. Theorem 2.6 guarantees that QZ is convex and L9(P)-closed. It
remains to show that it is stable.

Take Qi, Qs € (Q;)°. Let (Zé@l)teT, (ZQQ)teT denote density processes associated with
Q; and Qy, respectively. Assume that

ZQ2

T Q
ZT - Z’T ZQQ

for a stopping time 7 is not an element of Z<% = {Zg | Qe QZ}. Now we proceed similarly
as in the proof of Theorem 2.5. By the separation theorem for convex sets (Theorem A.10),
there exists a linear continuous functional {: L¢(Q2, F,P) — R with

1(Z7) < Qgg;z (Z3).
Furthermore, due to Theorem A.11, there is a function f € LP(Q, F,P) such that
(X)=E(X[f), X € L1(Q,F,P).
Then, using (2.7),

E(~Z5f) = —1(Z5) > sup | (=Z2) = sup E (—Z2f) = sup Eq(—f) = po(f).
QeQy QeQy Qe

However, we also have

i ) ZQQ dQ, dQ2
E(-Z7f) = <Z“9 e f) - <E( \f) i f)

10 aQ, aQ,

1 dQq dQ,

- P | B ( dP fT) o | = B TP
E(r@lﬁ’}?) E1<d@l}ﬁ>

B (32 7]7))
(1)

= _EQl
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2 Dynamic risk measures

Furthermore, by (2.8) and (2.7),

QeQy QeQ;
= po (—p-(f))-

We know that p, (—p-(f)) = p-(f). Thus, by time consistency, we get that py (—p,(f)) =
po(f) and finally

E@l (EQQ(_f | f’r)) < EQl (ess sup EQ(_f | FT)) = EQl (pT(f)) < Sup* EQ (pT(f))

po(f) <E(=Z7f) < po(f),
which is a contradiction. Therefore Q; is stable.

Relevance of p implies that Q is equivalent to P if Q € Q; (for details see Theorem 3.5 in
[D 02]).

Let ¢ be given by

0 (X) = esssup Eq(—X| F).
QeQ;

We want to show that for X € LP(Q, F,P) and t € 7_ it holds true that
pe(X) = @i(X). (2.9)

By (2.8) one immediately gets that p(X) > ¢(X), X € LP(Q,F,P), t € 7_. Now we
want to show that the opposite inequality holds too. For the indirect proof assume the
contrary, i.e., suppose that there exist X € LP(Q), F,P) and € > 0 such that P(A.) > 0,
where

Ae ={p(X) Z e + @ (X)}.
Then
pe (X +@e(X)) = pe(X) — @e(X) 2 ela, = pr(—ela,)
and, because of time consistency and relevance of p,
po (X 4 (X)) = po(—ela.) = epo(—1a.) > 0.
On the other hand,

po (X + (X)) = sup Eg (=X —@u(X))

= sup Eq [ Eq(—X|F) —esssupEq(—X|F) | <O0.
QeQ; QeQ;

Finally we get that 0 < po (X + ¢¢(X)) < 0, which yields a contradiction. So we have
shown that equality (2.9) holds. O
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2.2 Discrete-time dynamic risk measures for processes

We finish this section with a theorem that gives a characterization of coherent dynamic
risk measures. It is an analogue of Theorem 1.6 in a dynamic setting.

Theorem 2.11. Let p and q be such that p € [1,400) and 1/p + 1/q = 1. Then the
following statements are equivalent:

(1) A dynamic risk measure p: Q x T_ x LP(Q, F,P) — R is coherent, time-consistent,
relevant and has the LP-Fatou property.

(2) There exists a stable conver L(IP)-closed set Q; of probability measures that are
equivalent to P and have Li-integrable Radon—Nikodym derivatives with respect to P
such that

pi(X) =esssupEq (—X|F), X € LP(Q, F,P), t € T_. (2.10)
QeQ;

Proof.
(2) = (1): Let p be defined by (2.10). It is easy to see that p is a relevant coherent

dynamic risk measure that satisfies the LP-Fatou property. Time consistency follows from
Theorem 5.1 in [ADEHK 07].

(1) = (2): Assume that p is a dynamic risk measure for final payments such that all
axioms from the formulation of the theorem are satisfied. Then Theorem 2.10 yields that
there exists a stable convex L(IP)-closed set Q; of probability measures equivalent to P
with Li-integrable Radon—Nikodym derivatives such that for ¢t € 7_ it holds true that

p(X) = esssup Eq(—X| F), X € LP(Q, F,P).
Qeg;

That finishes the proof. O

2.2. Discrete-time dynamic risk measures for processes

From now on, time is treated in a discrete manner. We assume that there is a time
horizon T € N, so T = {0,1,...,T} and 7 = {0,1,..., T — 1}. We no longer restrict
ourselves to assign positions with only final payments. Conversely, we intend to consider
general stochastic processes that are adapted. The set of them we denote by X. Moreover,
XP C X is the set of all processes X = (X, Xi,..., Xr) such that X, € L? (Q, F;,P) for
t € T. Furthermore, we suppose that the interest rate r > —1 is known and constant. The
last assumption can be easily relaxed. Everything else remains the same as in the previous
section.
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2 Dynamic risk measures

2.2.1. Definitions and technical properties

It is easy to guess what a dynamic risk measure for processes is. The definition is just
a generalization of that from Section 2.1. It is also the case for the notion of convexity
(coherence). Nevertheless, we state these definitions here, simply for the sake of complete-
ness.

Definition 2.12. A mapping p: @ x T_ x X 3 (w,t, X) — p(w,t,X) = p(X)(w) € R is
called a dynamic risk measure if the following conditions are met:

o the process (pi(X)),er @5 (Fi)ier -adapted,

e p is independent of the past: fort € 7_ and X € X p(X) does not depend on
X07X17 cee 7Xt717

e p is monotone: p; (XW) < p (XP), te T, if XD, X@ € X and X > X@),

e p is dynamic translation invariant: it holds that

pe(X +Y) = pi(X) —Zﬁ

fort €T, XY € X such thatY = (0,...,0,Y,...,Yr) and ZZ:tYn/(l + )"t s
Fi-measurable.

Definition 2.13. A dynamic risk measure p:  x T_ x X — R is convex if
pr (AXD 4+ (1= A)XP) < Ap (XD) + (1 —A)p, (XP),
for XW X@ c X t €T and A € LP(Q, F,,P) with 0 < A < 1.

Definition 2.14. A dynamic risk measure p: Q x T_ x X — R is called coherent if it
satisfies the following properties:

e subadditivity: p; (X(l) + X(Q)) < p (X(l)) + py (X(2)), XO XA ex teT,

e dynamic positive homogeneity: p,(AX) = Apy(X) for X € X and Fi-measurable
A e X with A > 0.

The only property that needs a comment is the independence of the past. For any fixed
t € 7_ and a position X p;(X) is evaluated at time ¢, so all payments Xy, X1,..., X;_1,
which have already passed, cannot influence the value of p;(X).

In the current framework we also introduce definitions of the LP-Fatou property, time
consistency and relevance.

30



2.2 Discrete-time dynamic risk measures for processes

Definition 2.15. Let p: O x T_ x X? — R, p € [1,4+00), be a dynamic risk measure. We
say that p satisfies the LP-Fatou property if for t € T_, a sequence (X™),cn C X? and
X € XP with

supE’X,(gn) <1,n €N, and sup X}gn) — Xi 0
k>t k>t n—00

it holds that

pm(X) < liminf p,, (X™), m e {t,...,T —1}.

n—oo

Definition 2.16. A dynamic risk measure p: 2 x T_ x X — R is time-consistent if the
following condition is met:

Po (X +Y -e;) = ps (X+ (1+T)T_TY'QT)
for stopping times o, T such that c <71, X € XP and Y € LP(Q), F,,P).

Definition 2.17. A dynamic risk measure p: Q x T_ x X — R is relevant if for every set
A € F with P(A) > 0 we have

P(pr(—1a-er)>0)>0, teT_.

2.2.2. Characterization theorem

This section is dedicated to the main result of the current chapter. We formulate and prove
the equivalents of Theorem 2.5 and Theorem 2.11 for risk measures for general stochastic
processes.

Theorem 2.18. Let p and q be such that p € [1,+00) and 1/p+1/q = 1. Then p: Q x
T x XP — R is a time-consistent convexr dynamic risk measure that has the LP-Fatou
property if and only if it is of the form

pi(X) = esssup (EQ (— Z ﬁ ]—}) — at(@)> , (2.11)

QeQq n=t

where

a:(Q) = esssupEg <— Z (L — pt(X)‘ JTt) )

14 r)n-t
Xexr — +7)

Q, = {Q<<IP>) % eLP(Q,f,IP)}.

Proof. Assume that p is given by (2.11). Then, obviously, p is a dynamic risk measure. It
can be easily verified that the axioms are satisfied as well.
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2 Dynamic risk measures

Now suppose that p is a dynamic risk measure satisfying the axioms. Define ¢ by
oY) = (14+7r)""p(0,...,0,Y), Y € LP(Q, F,P).

Then ¢ is a convex dynamic risk measure for final payments that has the LP-Fatou property.
From Theorem 2.5 it follows that

pi(Y) = esssup (Eg(=Y| 7)) — o (Q))

Qe Qq

for af (Q) = esssupy ¢ 4¢ Eo(—Y| %) and Q, = {Q < P| dQ/dP € LI(Q, F,P)}. By inde-

pendence of the past and time consistency we get

T
pe(X) =p (0,...,0,Xy,....,X7) = pu <0, L0,y +7~)T—”Xn>

. =t
= (14 7r) T, (Zu + T)T—nxn>
af (Q)
d ) - W) -
Moreover,

X
= e%seg]p (EQ <_ ; (1 + T)n—t
T Xn

=t

= (1 +7)" T esssup (EQ ( Z r’ "X, ) — ¢ (Z(l +7“)Tan>>

Xexr p—’
= (147 af(

so we are done. O

Theorem 2.19. Let p and q be such that p € [1,+00) and 1/p+1/q = 1. The following
are equivalent:

(1) A dynamic risk measure p: Q x T_ x XP — R is coherent, time-consistent, relevant
and satisfies the LP-Fatou property.

(2) There exists a stable convexr L(IP)-closed set Q; of probability measures that are
equivalent to P and have Li-integrable Radon—Nikodym derivatives with respect to P
such that

T

X

X) = Eol-Y —2 |A ], Xear, teT.
pe(X) e%SESQt%p @( ;(Hmt t)
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2.2 Discrete-time dynamic risk measures for processes

Proof. 1t is an analogue of the previous proof. The only difference is we need to use
Theorem 2.10 instead of Theorem 2.5. O

At the end of this section we develop a simple remark:

Remark 2.20. Let p € [1,+00) and p: Q@ x T_ x X? — R be a time-consistent relevant
coherent dynamic risk measure with the LP-Fatou property. For X € XP we define a process
M = (My),er by

t—1

p(X) Z Xn

(14+r)t — (1+r)
Then M is a Q-supermartingale for Q € Q;.

t:

Proof. We define
0(X) = (1+7r)"""p(0,...,0,X), X € LP(Q, F,P).

Then ¢ is a time-consistent relevant coherent dynamic risk measure for final payments and
has the LP-Fatou property. Moreover,

T T
X
pi(X) = py (O, ..., 0, Z(l + T)T"Xn> = (1 +7)¢; (Z i 7")”) .
n=t n=t
Hence
t—1 T t—1 T
M, = — - — — = .
Tty nzl S nZ: (1+r) nZ: A+rr 7 nzl (1+r)"
Let Z be given as follows:
T
S ay
n=1 (1 + 7")" .

Since @ii1 (—pi41(2)) = wer1(Z), we also have ¢, (—pi41(Z)) = ¢i(Z). Then, by Theo-
rem 2.11,

0= (—pr1(Z) + p:(2)) = e%seng@ (pr41(Z) — pi(Z)| F) -

For Q € Q; and ¢ € 7_ it holds that
Eq (M1 — My | Fy) = Eq (0141(Z) — 0e(2) | F2) <0,

50 (My),cr is indeed a Q-supermartingale. O
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Chapter 3

Recalculated and Iterated Conditional
Average Value at Risk

In the previous chapter we were concentrated on theoretical aspects of dynamic risk mea-
sures. We found that if a measure of risk satisfies some technical properties, then it can be
represented as the essential supremum of expectations with respect to probability measures
from a certain stable set. However, in practice it is really hard to decide what set we should
consider. As a consequence, there is a problem with developing a reasonable risk measure.
Here we want to deal with this drawback. We do not want to create a set of probability
measures, but rather define a function that, as we will see, is a time-consistent coherent
dynamic risk measure.

We still suppose that the time is discrete, i.e., 7 = {0,1,...,T} for a time horizon T' € N
and the interest rate r > —1 is known and constant.

3.1. Basic i1dea

In this section we define two dynamic risk measures, the Recalculated Conditional Average
Value at Risk and the Iterated Conditional Average Value at Risk. As their names suggest,
both of them are based on the Conditional Average Value at Risk. The following idea was
introduced in [HW 04]. However, in this paper the Iterated Conditional Tail Expectation
was considered. We will see later on that the procedure can be applied to any reasonable
conditional measure of risk.

We start with an easy, but illustrative example of a binomial tree with two time steps. For
simplicity we assume that there is no interest rate, i.e., r is equal to 0. By X we denote
a process of cash flows represented by Figure 3.1a. In that case the natural filtration

(j:t)te{o,l,z} is given by

Fo=10,Q}, Fr=0c{x} x{u,d}, z€{u,d}), Fo=0c{(z,y)}, z,y € {u,d}).
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3 Recalculated and Iterated Conditional Average Value at Risk

We can simplify the figure by considering the process of only final payments. More precisely,
we compute the future net value of cash flows at time 2 and get the tree as in Figure 3.1b.
Set the stochastic process presented there by Y.

200 400

2 (/ 0.9 (u'u)
/ \100 / \190
0 0 (ud)
. 200 . 100
: 100 / /du)
\100 kz.oo

(a) Process X (b) Process Y o

Figure 3.1: Binomial trees

We define the Recalculated Conditional Average Value at Risk at level o € (0,1) by
RAVaR} X = AVaR,, (Y2| F:), t € {0,1}.

For o« = 0.9 we have

—100, w € {(uu), (ud)}

RAVaR$® X (w) = =70, RAVaR{’ X (w) =
aR)” X () TEXTZ 200, w e {(du), (4}

On the other hand, we can proceed in a different way and, also on a basis of the Conditional
Average Value at Risk, create another dynamic risk measure. This new measure we will
call the Iterated Conditional Average Value at Risk and denote by IAVaR. To construct it
we use backward induction. First we take

IAVaR%® X = AVaR (Xo| F1) —

Hence the value of the Iterated Conditional Average Value at Risk at time 1 is equal to
the Conditional Average Value at Risk given the sub-g-algebra F; reduced by the income
at that time. Due to translation invariance, it makes sense. We have

—100, w € {(uu), (ud)}

[AVaR}® X (w) = { 200, w e {(du), (dd)}

} = RAVaR! X (w).
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3.2 Formal definitions

Furthermore, we want to define IAVaR)? X . Instead of considering the one-period model
given by Figure 3.2a as in the case of the Recalculated Conditional Average Value at Risk,
we examine the tree from Figure 3.2b.

200 100
0 0.9 () 0 0.9 (1)
[ ] [ ]
(d) (d)
(a) Initial model (b) New model

Figure 3.2: One-period model from 0 to 1

The values at nodes (u) and (d) are just equal to —IAVaRY? X (w) for w € {(uu), (ud)}
and w € {(du), (dd)}, respectively. Then we have

ahyy W)= ahygg (— any’ 0) (W)= > ahy w).
IAVaR(? X (w) = AVaRgg (—IAVaR}*’ X| ) (w) = 200 > RAVaR(” X (w)

We have introduced two functions that are, as we will see later, dynamic risk measures.
Obviously, they do not coincide and, what is more important, they can lead us to different
decisions. In our example RAVaR)? X = —70 < 0 and we should accept the position X.
On the other hand, IAVaRg'QX = 200 > 0, so the decision whether to accept X or not
depends on our attitude to risk. If we are risk averse, it ought to be rejected.

3.2. Formal definitions

In the previous section we gave an idea of how to define the Recalculated Conditional
Average Value at Risk and the Iterated Conditional Average Value at Risk. Now it is an
appropriate moment to provide formal definitions. We have already mentioned that the
use of the Conditional Average Value at Risk is our choice and each coherent conditional
measure of risk can be exploited. Due to that, we present general definitions of a recalcu-
lated risk measure and an iterated risk measure.

As usual, there is a filtered probability space (€2, F, Fier, P) given. We additionally assume
that Fo = {0,Q} and Fp = F. Let X = (X;),.; € X be a stochastic process representing
our cash flows. Fix a sequence (p (- |F;)),cs of coherent conditional risk measures.

Definition 3.1. A process (R,(X)),. such that

T

Ry(X)=0p (Zﬁ

n=t

]—"t> ,te T,
1s called a recalculated risk measure of X.
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3 Recalculated and Iterated Conditional Average Value at Risk

Remark 3.2. A mapping R: QO x T_ x X 3 (w,t, X) — R(w,t,X) = R(X)(w) € R given

by
T

Ry(X)=0p (Zﬁ

n=t

]—"t>,teT,

18 a coherent dynamic risk measure.

Proof. First of all, note that (R;(X)),., is adapted for any X € & and R,(X) depends
only on Xy, ..., Xp.

If XM X® ¢ x with XM > X@ and t € 7_, then we have Z::t Xy(Ll)/(l + )"t >
S XY(LQ)/(l + 7)"~*. By monotonicity of p (- |F;), we get that R, (X)) < R, (X@).

Similarly, Ry(X +Y) = R(X) = 3", V,/(1+r)" " fort € T and X,Y € X such that
Y =(0,...,0,Y;,...,Yr) and Z::t Y, /(14 r)""tis Fi-measurable.

Subadditivity and dynamic positive homogeneity of R immediately follow from the fact
that p (- |F;) for each t € 7_ is a coherent conditional measure of risk. O

Definition 3.3. Let (I;(X)),. be given by backward induction as follows

1
Ir1(X) = T+ p (Xpr| Fro1) — Xo-,

1
=—p(— L1 (X)|F)— Xi, t €{0,1,...,T — 2},
1+TP( t+1( )| t) t { }

(3.1)
I,(X)

Then the above process is called an iterated risk measure of X.

Remark 3.4. A mapping [: Q x T x X 3> (w,t,X) — I(w,t,X) = L(X)(w) € R that
satisfies conditions (3.1) for every X € X is a coherent dynamic risk measure.

Proof. Independence of the past and adaptedness are obvious. Monotonicity, translation
invariance, subadditivity and dynamic positive homogeneity can be shown by backwards
induction. To do so, take XM, X® XY € X and a non-negative random variable A.

e Base case: Assume additionally that Y = (0,...,0,Yr_1,Y7), Yr_ 1+ Yy /(14 7) and
A are Fr_i-measurable. Since Y is adapted, we get that Y is Fr_i-measurable. By
direct calculations it can be verified that the following holds:

I, (X(l)) < Ir, (X(2)) it xM > X(Q),
Yr
147
Ir 4 (X(l) + X(Q)) < I, (X(l)) + Ir 4 (X(Q)) ’
Ir 1 (AX) = Al (X).

It /(X +Y)=Ip1(X) = Ypq —
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3.3 Time consistency and relevance

e [nductive step: Fix t € {0,1,...,T — 2} and suppose that [, is a coherent con-
ditional risk measure. Assume that Y = (0,...,0,Y,,...,Y7), 320 ¥, /(1 4 r)"*
and A are F-measurable. Hence >"_, 1 Yn/ ( + r)" 1 is F;-measurable as well.

Therefore
1 1
L (X0) = T p (e (XO) | F) = X0 < 1 p (< (X)) - X0
=1 (X(2)) if XM > X(2),
1
1
:1—_Hp(—lt+1(X‘f‘(O,...,O,Y;H_l,..., ))|ft) 3/;
T T
1 Y, Y,
= — "  _—I(X)= "
Tyl COIF) = X =3 iy = X0 ;umnt
and
1
(X0 4 X2) = p (< (X 4 X) | 7) - X[ - X
1
< o (i (X)) = X004 (—l (X 7) - X
=1, (X(l)) + 1, (X(2)) ’
1 A
L(AX) = 5 e p (=L (AX) | Fy) — AX, = m/)(—ftﬂ(X)U:t) - AX,
— AL(X)

So I; is also coherent.

O

Definition 3.5. The Recalculated Conditional Average Value at Risk at level a € (0,1
of X is a recalculated risk measure for a sequence (p(-|Fi)),er such that p(-|F;) =
AVaR, (- | F), t € T_.

Analogously we define the Iterated Conditional Average Value at Risk.

Definition 3.6. A dynamic risk measure (I;),.; satisfying (3.1) for every X € X and
p(-|F) =AVaR, (| F), t € T_, is called the Iterated Conditional Average Value at Risk
at level a.

3.3. Time consistency and relevance

We have already shown that both the Recalculated Conditional Average Value at Risk
and the Iterated Conditional Average Value at Risk are coherent. However, it will be very
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3 Recalculated and Iterated Conditional Average Value at Risk

welcome if they are additionally time-consistent and relevant. In that case, without ap-
plying Theorem 2.19 and going through the notion of stability, we have constructed two
reasonable dynamic risk measures, which can be used in practice.

We start with considering the Recalculated Conditional Average Value at Risk. Obviously,

we have
fg>
= RAVaR) (X +Y -e;)

for a € (0,1), 0 < 7 that are stopping times, X € X and Y € LY (Q, F,,P). Hence the
Recalculated Conditional Average Value at Risk is indeed time-consistent.

T

X, Y
2 oy T

n=o

RAVaR (X + (14 7)" 7Y -er) = AVaR, (

The case of the Iterated Conditional Average Value at Risk is more complicated. Note that
it suffices to show that for each t € 7_ and a stopping time 7 > ¢ it holds that

IAVaRy (X +Y -e;) =IAVaRy (X + (14+7)" 7Y -er), X € X, Y € L°(Q, F,,P).
Again we do backward induction. First assume that 7 > T — 1. Since
(1+7)"77Y =14 r)Y Lyery +Y I _py
and Y ly,—p_y) is Fr_;-measurable, we have

IAVaR$_; (X + (1+7)" 7Y -er)

1
-1 AVaR, (X7 + (L+7r)" 7Y | Fr1) — Xr
1
= T AVaR, (XT + Y]L{T:T} | fT_l) — Xp_1— Y][{T:T_1}

=IAVaR}_, (X +Y -e;).
Now suppose that t € {0,1,...,T — 2}, 7 > ¢ and the following is true
TAVaR?,, (X +Y - e.) = IAVaR?, <X L)Y eT>
for every stopping time 7/ >t +1, X € X and Y € L°(Q, F,,P). Similarly as before,
A+ Y = (147" Y ey H(1+ 1) Vs,

where 7/ = max{t + 1,7}. Then 7’ is a stopping time such that 7/ > 7, so Y is F-
measurable. Moreover, Y l;—y and Y 75,41y are F;- and Fr-measurable, respectively.
Therefore, by inductive assumption, one has

IAVaRy,, (X + (14+r)"7Y -er)
= TAVaRy,, (X + (1) Y sy -eT) — (1 4+7r)Y iy
= IAV&R,?+1 (X + Y]]-{th+1} . eT/) — (1 + T)Y]]-{th} .

40



3.4 Artzner game

Furthermore,

IAVaRy (X 4+ (147)"77Y -er)
1

=1 AVaR, (—IAVaR{, | (X +(1+7)" 7Y -er) | ) — X;
1
=1 AVaR, (—IAVaRy, | (X + Y 1sei1y-en) | F) — X — Yy .

By independence of the past we finally get that

IAVaRy (X + (14+7)"7Y -er)
1

I+r

=IJAVaR} (X +VY -e;).

AVaR, (—IAVaRS,, (X +Y -e,) | F) — X, — Yy

Hence also the Iterated Conditional Average Value at Risk is a time-consistent risk measure.

Note that for the Conditional Average Value at Risk given any sub-g-algebra G the following
statement is satisfied:

AVaR.(X[G) >0

for X < 0 such that P(X < 0) > 0. 3.2
P(AVaR,(X|G) > 0) > o 07 X = 0 such that (X <0) (3:2)

Because X < 0, it is clear that VaR,(X|G) > 0 and AVaR,(X|G) > 0. Let A be
given by A = {VaR,(X|G) > 0}. If P(A) > 0, we are done, because, by (1.4), we have
AVaR,(X|G) > 0 on A. Therefore assume that P(A) = 0. Then, by (1.4) as well, we get
that AVaR,(X|G) = —E(X|G) /(1 — a), so P(AVaR,(X|G) > 0) > 0.

From (3.2) it immediately follows that both the Recalculated Conditional Average Value
at Risk and the Iterated Conditional Average Value at Risk are relevant.

3.4. Artzner game

Consider an example that is due to Philippe Artzner. There are three coins, not necessarily
fair. More precisely, the probability of showing heads for each of them is equal to p € (0, 1).
There are two possible games. In the first one we get 1, if the third coin shows heads. In the
second, we win 1, if no less than two coins show heads. We want to compare the riskiness
of these games by using the Iterated Conditional Average Value at Risk. Let X@ i =1,2,
denote the income process for the i-th game. The streams are presented in Figure 3.3,
where an up-move means that a coin shows heads. Again we consider the natural filtration

(ft)te{0,1,2,3}7 Le.,

Fo=1{0,Q}, Fi=o0 ({x} x {u,d}? z € {u,d}) ,
"TQ = U({(:L‘,y)} X {u’d}a T,y € {uvd})a f3 = 0({($,y,z)}, T,Y, 2 € {u’d})
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3 Recalculated and Iterated Conditional Average Value at Risk
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Figure 3.3: Income stream tree for the Artzner game

Note that, due to (1.1) and (1.2), for a random variable X such that

v_Jw W%th probab%l%ty g e (0,1) 0>,
b, with probability 1 — @,
it holds that
—b 0
VaR, X =inf {z|P(X +o<0)<1-al={ 7
—a, a<dé,
1
AVaR, X = VaR, X + 1 E (X + VaR, X))~
-«
)b+ T E(X b)) = b, a>0
) —a+ ﬁ E(X —a)” = 7“0‘_61)__2(1_6), a<0.
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3.4 Artzner game

First we concentrate on the process X ™. It is immediate that

1 0, >
TAVaR§ (X V) = o <X§1)] }“2) - { W, ot
1+r Tna-ay *SP
Since IAVaR$ is constant, we get that
o (v(1) 1 . 0, a>p
TAVaR? (XD = o (IAVaRS (X)) | F1) =< 7 o,
L+ ey Q=D
1 0, >
TAVaRg (X)) = o (- TAVaR? (X)) = { W, oot
L+r ey ¢SSP

Now we move on to the investigation of X . We consider two cases.

e Suppose that a > p. Then we have

2 ) = —ﬁ, w € {(u,u)} x {u,d}
< (917) @) {o, o & ()} x {u,d,

o (=TAVaRg (X®) | F) (w) =0,

IAVaRS (X)) (w) = -

IAVaR{ (X@) (w) =

IAVaRg (X)) (w) = o (- IAVaR{ (X@)) (w) = 0.

e Now assume that a < p. We compute

TAVaRS (X@) (w) = o (X ? }f2> (w)
_?lr’ w € {(u, )} {U d}
=3 Tosa; @ € {(w.d), (du)} x {u,d}
0, w e {(d,d)} x {u,d},

IAVaR{ (X@) (w) =

o (—IAVaRg (XP) | 7)) (w)
—Goperl we {u} x {u,d}p?
a—p)2
_%7 w € {d} x {u,d}?,

o (— TAVaRS (X)) (w) = (@ —p)lat+2p-3)

IAVaRG (X®) (w) = (L+7)3(1—a)?

We summarize all results in Table 3.1. The star in the last row is as follows

> a—2p+1<0
=9 = a—2p+1=0
<, a—2p+1>0.
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3 Recalculated and Iterated Conditional Average Value at Risk

>
IAVaR? we *=P “=p
x@ X @) x@ X @)
{(u7 u)} X {u> d} 0 > _Flr (1+$)_(f—o<) = _Flr
_ a—p — a—p
2 {(u,d), (d,u)} x {u,d} 0 = 0 - (I+r)(1—a)
{(d.d)} x {u,d} 0 = 0 iy < 0
a— a—p)(a+p—2
1 {u} x {u,d}? 0 = 0 (+r 2(11—04) > _((1+?)(2(1)—fa)2)
{d} x {Uad}Q 0 = 0 (1+ra_(zi—o<) < _(1+7‘)2(I;—a)2

a— a—p)2(a+2p—3
0 {u,d}? 0 = 0 —ap 5 %

Table 3.1: The Iterated Conditional Average Value at Risk for the Artzner game

Since for a > p the results are trivial, we comment only those for o < p.

At time 2 in the case w € {(u,d), (d,u)} x {u, d} both processes have the same risk, because
incomes depend only on the third throw. If w € {(u,u)} x {u, d}, there is a sure income of
1 associated with X . Therefore X is less risky. Similarly, for w € {(d,d)} x {u,d} we
have nothing from X®, but still a chance for a positive income from X@, so the second
game is more risky.

At time 1if w € {u} x {u, d}?, then the income from X® is more probable, so this process
has lower risk. For w € {d} x {u,d}? we have a reversed situation.

At time 0 we have no additional information and every possible ordering can occur, de-
pending on parameters a and p.

3.5. Geometric Brownian motion

In general, computing the Iterated Conditional Average Value at Risk can cause problems,
because there are no closed formulas for it. However, for some specific processes it is pos-
sible. This is the case for a geometric Brownian motion.

Suppose that a process X = (X;) te[0,7] is a geometric Brownian motion with parameters p
and o > 0. In other words, X is of the form

X =exp (ut +oWy),

where W is a standard Brownian motion. Since we consider discrete time, define X =
(X0, X1, ..., X7) and a filtration generated by X, i.e., F; = 0 (Xo, X1,..., X;), t € T. Let
Y begivenby Y, =In X, =ut+ocW,, t € 7.
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3.5 Geometric Brownian motion

Fix t € 7,. We want to find a distribution of a random variable Y;| Yy, Y, ..., Y; 1. Since
Yy is a constant, the above random variable equals Y;| Y7, ..., Y, 1. We name its density
by fyviivi,..vi_,- We know that

le...Yt(yla"'ayt)
v, S Welyn o ge) = - ;
Yi| Y1,...,Y: 1( t‘ 1 t 1) le ..... " (y1,---,yt—1)

7, is a joint density of random variables 71, ..., Z,.

.....

Take n € NN 7, and note that the two following systems of equations are equivalent

Yi=wun Yi=un
Yo =y Yo—Yi=yp—un

Yn = Yn, Yn - Yn—l =Yn — Yn-1-

Therefore we have

where f is a density of a random variable normally distributed with parameters y and o.
Hence

SO IL f (e —we)
F ) T2 f (e — )
Due to that, Y;| Y7,...,Y;_; has a normal distribution with parameters y + In X; ; and o.

As a consequence, X;| Xy,..., X; 1 is log-normal distributed with the same parameters.
Knowing that we can come back to our example.

fYt\YI ..... Yior Wl yrs o 1) = [ (ye — yi—1) -

Recall that, by (1.3) and (1.4), we have
VaR, (Z|G) (w) =inf{z | P(Z +2<0]|G)(w) <1-—a},
1
AVaR,, (Z|G) = VaR, (Z]G) + EE ((Z 4+ VaRa (Z21G))|G).

For a fixed z € R we compute
-

log-normal
furmx 0 (8) A

IIE)>()(1f—|_'r < 0|-E—1) :E(II-{X1+J:<0}|X15""X1§—1) :/

o0

0, x>0
= P <1n(—a;)—;;—lnXt,1> L oz < 0.
Therefore, for z < 0,

P(Xi4+2<0|F_1)<l-aifandonlyif z > —X, jexp (u+ 0 '(1 —a)),
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3 Recalculated and Iterated Conditional Average Value at Risk

where ® stands for a standard normal cumulative distribution function. Then
V&Ra (Xt| .,Irtfl) = —Xt,1 exXp (ILL + O'(I)il(l — Oé)) = _Cathly
where ¢, = exp (u + oc® (1 — «)). Moreover,
E((X: + VaR, (Xt Fio1))” | ft—l) =K ((Xt —caXi1) |-/Tt—1)
caXi—1
_ / (—t + caXio1) fER%™ (1) dt

—00

’ —In (co Xt In X, 2
:_eXp<u+lnXt1+U_)<1_q)( n(ceXi—1)+p+nX, 1+0
2 o
In (caXi1) —p—In X
+CaXt1Q)(n(ca t-1) —p—In tl)
o

2
= —X;_jexp (,u + %) o (Q)*l(l —a) — a) + (1 — a)caXi-1-
It follows that
(®(1—a) = )exp (u+ %)
l—«
for dy = @ (P11 — ) — o) exp (u+02/2) /(1 — ).

X1 = _daXt—l

AVaR, (X¢| Fiq) = —

Our aim is to show that

~ T—t d n
IAVaR? (X) = — ( o ) X,
Again we do mathematical induction.

We have

. 1 dy
IAVaRG. , (X) = 1 AVaRo (Xr| Fr1) = Xroy = - (1 + ) Xro1.

147
Now fix t € {0,1,...,7 — 2} and suppose that the following holds

_ T—t—1 d n
IAVaRg,, (X) =— ) <1jr) Xes1.

n=0
Then
TAVaRy (X) = ; i ~ AVaR, (— TAVaR{,, (X)) J—}) - X,
1 T—t—1 d n
= 1+TAVaRa < % <1+r) X1 .7:t> — X
T—t

dn—l r—t d n
= A X - Xy = - - Xi.
1 Aty VaRe (Xit1| Ft) t % (1 —1—7") t

n—

As a consequence, (3.3) holds true.
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Chapter 4

Pflug—Ruszczynski risk measure

This chapter is dedicated to the Pflug-Ruszczynski measure. Its static version is indeed
due to Georg Pflug and Andrzej Ruszczyiiki (see [PR 05]). However, the dynamic version
was created by André Mundt in his PhD thesis (|[M 07]). The measure was constructed
intuitively there. Then, under assumption that the model has a Markovian structure and
by applying Markov decision theory, a closed formula was obtained. Here we proceed in
a different way. First we define a dynamic risk measure explicitly. Later on we motivate
our choice by developing an optimization problem for which the measure is a solution.

Again we consider discrete time with a time horizon T € N, ie., 7 = {0,1,...,T},
7 =10,1,...,T — 1}. Additionally by 7, we denote the set {1,...,T}.

4.1. Definition and properties

Let (Q, F,P) be a probability space endowed with a filtration ()., such that 7, = {0, 2}
and Fr = F. We restrict ourselves to consider only income processes that are adapted
and integrable, so X = {(Io, I1,...,Ir) | I, € L' (Q, F;,P), t € T}. Moreover, by ¢; > 0,
t € 7, we denote a discounting factor from time ¢ to 0. It means that an income of 1 at ¢
has a value ¢; at time 0. In particular, ¢g = 1. The final wealth is discounted with a factor
cri1 > 0. We also assume that ¢, 11 < ¢;, t € 7. Due to the time value of money principle,
it seems reasonable.

Fix a sequence (7;),.; such that v, € (0,1), t € 7. For each t € 7_ define a static risk
measure by

PD(X) = ME(—X) + (1 — \) AVaR.,,(X), X € L'(Q, F,P), (4.1)
where .
)\t — il
Ct
Note that every p®) is just a convex combination of two coherent risk measures, the neg-

ative expectation and the Average Value at Risk. As a consequence, the new measure is

coherent as well.
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4 Pflug—Ruszczyniski risk measure

Now we are ready to state the already mentioned definition:

Definition 4.1. A mapping pP®: Q x T x X 3 (w,t,I) — pFR(I)(w) € R such that

ft)a

where each p™ is given by (4.1), is called the dynamic Pflug-Ruszczymiski risk measure.

T
pPR(I) = _% (I; + VaR,, (I,| Fi-1) 1z, )" +E ( Z G pm) (L) Fr1)

t n=t+1 t

From the above definition it immediately follows that the process (pf R(1 )) is adapted

teT_
with respect to the filtration (F;),., for every I € X. It is also clear that pPR is indepen-
dent of the past. Furthermore, we have the following theorem:

Theorem 4.2. Lett € 7_. Then the following statements are true:

(1) Let Y = (0,...,0,Ys41,...,Yy) € X be a predictable process such that the sum
Z::Hl cn Yy, is Fy-measurable. Then

T
Cn
PRI +Y)=p "I = Y Y, TeX.

n=t+1 Ct
(2) For IV, I® € X such that I + VaR., (15")} fH> Iy, (t) < 0, i =1,2, it holds that

pr (_](1)) < pr (_](2)) if M > [(2)’
pr (1M +1@) < pf® (1W) + ™ (19)
(3) If A€ L™ (Q, Fi_1,P) and A > 0, then

PP (AT) = ApFR (D).

Proof. Fix I € X and a predictable process Y = (0,...,0,Y;1,...,Yr) € X such that

Z:::t 41 CnYy 18 measurable with respect to F;. Since
E)

T
c Cn (n
PRI +Y) = =22 (I 4+ VaR,, (I Fio)1r, (1)) +E ( > (L + Yo Fusr)

Gt n=t+1 t
L.
:pr(U_ Z C_nYna
n=t+1 t
assertion (1) holds.
Assertions (2) and (3) are obvious. O
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4.1 Definition and properties

In general, dynamic translation invariance, monotonicity, dynamic positive homogeneity
and subadditivity (see Definition 2.12 and Definition 2.14) do not hold. To see that,
consider the following example. Let Q = {wq,wq, w3, ws}, P(w;) = 1/4 foreach i =1,...,4
and

Fo=10,9, Fi=o0{wiwin},i=13), Fo=c{w},i=1,...,4).

Suppose that we are given a constant interest rate r > 0. Hence ¢, = (1 +7r)7%, ¢t =0,1,2.
Take 71 = 0.9 and § = 1y, o). Define a process Y = (Y, Y1, Y2) via

Yo=0, Yi=¢ Yo=-"e¢
C2

Then Y is adapted and Yy + 1 Y7 + ¢oY3 = 0 is Fy-measurable. On the other hand,
poR(Y) = E (c1p) (V1) + cap® (Ya| 1)) = c1p™ (€) + 1 BE = (e1 — ¢2) BE > 0.
We also have
pr(0,0,0) = p1(0,1,0) = 0,

PP (0.6,0) = = (€4 VaR,, ) =~ ¢,
P (0,-6,0) = =2 (<€ + VaRy, (<€) = =2 (1),
Hence
PR (0,1,0) > pi®(0,&,0) with positive probability, but 1 > ¢,
pr(0,€,0) # €07 (0,1,0),
pr(0,0,0) > py(0,€,0) 4 py ™ (0, —€,0).
However, Theorem 4.2 guarantees that the dynamic Pflug—Ruszczyriski measure is "al-
most" a dynamic risk measure in the sense of Definition 2.12. It is due to the fact that the

dynamic translation invariance property is satisfied for all predictable processes and pF%
is monotone for I € X with I; + VaR,, (I;| F;_1)17,(t) <0,t € T_.

As in the case of the Iterated Conditional Average Value at Risk, from (3.2) it follows that
the dynamic Pfug-Ruszczynski risk measure is relevant. Unfortunately, it does not satisfy
the time consistency condition. Extending the last example with stopping times ¢ = 0 and
7 =1 we get that

pe (€ er) = pp(0,£,0) =E (c1p™(€)) = c1p™M (&) = —eaE¢,
PER (C_Tf ' 62) = POPR <0707 a f) =E (Clp(2) 3 -7:1)) = —E¢.
Co Co
Therefore
Pt (& ep) # Pt (Z—;& : eg) .

We finish the section with a simple remark:
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4 Pflug—Ruszczyniski risk measure

Remark 4.3. Let £ € L'(Q, F,P) and I € X. We define two processes as follows:
Sfl) = cpr N(0,...,0,6),

teT .
SP — ¢, )P™(I) + cr (I + VaRs, (I Fo1) g, (1) T + chp (In] Foa),
Then S, i = 1,2, is a martingale with respect to the filtration (Fi)rer -
Proof. Since for t € 7_ it holds that
S =E (erp™ (€| Froa) | 7).
(Z cnp™ (L] Frr) Ft>+chp (In| Fr1)
n=t+1
T
(et 7).

n=1

we are done. O

Compare the last remark to Remark 2.20. The latter guarantees that the process is only
a supermartingale, if the dynamic risk measure is, in particular, time-consistent. The
dynamic Pflug-Ruszczynski risk measure is not, but for it we have even stronger result.

4.2. Motivation

In this section we concern ourselves with motivating the definition of the dynamic PHug—
Ruszezyniski measure. Although it could be surprising at first glance, it makes sense to
consider such a measure. Our main tool will be Markov decision theory (see Appendix B).
That involves the necessity of an assumption that the model is Markovian.

4.2.1. Basic idea

Consider a company for which I = (Iy, I1,...,I7) € X is an income process. At each time
t € 7_ a manager determines an amount a; that is going to be consumed at time ¢ + 1.
It follows that a; is an F;-measurable random variable. We define an accumulated wealth
process of the company by

Wo = Io,
{VVt-H =W+ Ly —a, t €T,
If for any t € 7 it holds that W; < 0, the company faces a loss of —W;. Then it is obliged
to pay immediately q;/c;W,;”, where
Ct — Cep1 Nt

,teT.
L=

gt =
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4.2 Motivation

The number ¢; can be seen as an insurance premium at time t. Because ¢; 11 < ¢, t € T,
we also get that ¢, < q;, t € 7.

Taking t € 7_ as a starting point, we aim at maximizing the discounted expected utility
associated with all future cash flows. It is clear that at time n > ¢ the company has an
amount of the discounted value of

Cnln—1 — W, + cra Wi Iy (n)

at its disposal. As a consequence, we want to maximize

1 T

_ < Z (Cnan,1 - qan_) + CT+1W;>

“ \n=rr1
over all decision vectors (ay, . ..,ar_1) € X7~ where

XTI = ((X,,..., Xr_1) | Xp is Fp-measurable, t <n < T —1}.
Hence we define a mapping p: Q x 7_ x X — R by
T
1 —~ +
pe(l) = — €sssup —E Z (Cna'n—l — W, ) + e Wr ’ Fi (4.2)
(at,ar—1)eX (™1 Ct n=t+1

for I € X and t € 7_. In the next section we will prove that the above essential supremum

is attained and p coincides with p™™® on some subset of X.

4.2.2. Optimization problem solving via Markov decision theory
As we have already mentioned, we want to solve the optimization problem from (4.2). To

do so, we need to introduce the Markov environment for the income process I.

Suppose that Yy, Y7, ..., Yr are stochastically independent random variables such that F; =
o(Ys, s <t), t € T. Moreover, there is also given a Markov chain (Z;),., such that
Zy=c € Rand Z;,, depends only on Z; and Y;,1, t € 7_. Therefore there is a measurable
function f;: R? — R with

Zy = ft (thla Y;t) .

We consider only income processes I such that I; depends only on Z; for each t € 7. Then
there exists a measurable function g;: R* — R, t € 7, such that the following holds

I, = g (Zt—la Y;f) .

The set of all these processes I we denote by A™M.
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4 Pflug—Ruszczyniski risk measure

Now we concentrate on defining a Markov decision process. Let S C R? be a state space
equipped with a sub-o-algebra & = B%. If s = (w,2) € S, it means that w and z are
realizations of the wealth process and the Markov chain, respectively. An action space we
denote by A. Then A C R and its sub-o-algebra equals A = B4. An element a € A is
simply an amount of money dedicated to be consumed. There are no restriction on actions,
so a restriction set D =S x A C R3. For t € 7_ we set

-0 — {W(T_t) = (m4,...,7r_1) | Ty S — Ais measurable, n =¢,... T — 1} )

The above is a set of (T'—t)-step admissible policies. E C R (equipped with a sub-c-algebra
E = Bg) is a set of all disturbances. A transition function T,: D x E — S is defined as
follows

Tt (wa Zaaay) = (er + gt(’zay) — a, ft(zay» :
By Q:: D x € — [0, 1] with

Q: (w, z,a,B) =P (Y; € B)

we denote a transition loaw. Finally we define rewards. The one-step reward function is
given by
re: D3 (w,z,a) — 1 (w,2,a) = cya — qquw~ € R.

A terminal reward function is the following mapping
Vi S 3 (w,2) = Vp(w, 2) = cppw’ — grw™ € R.

For «(™) .., mp_1) € IIM we define a Markov decision process by

I
5
S
3

Xo=150=(wo,20) €S, Xe =T (Xo—1,m1(Xy1),Y1), t €T,

We introduce value functions:

T-1
Vimr-o(s) =E (Zrn (X, 7 (X)) + Vi (X1) ] X, = s> , T e I,
n=t

Vi(s) = sup Vi nr-0(8).

7(T—1) cT[(T—1)

Fix t € 7, and suppose that y = (y1,...,y:) € E' is a realization of a random vector
(Y1,....Y:). Take w € {(Y3,...,Y;) = y}. Since both W and Z are adapted, there exists a
measurable function k;'?: E* — S such that

Xo= (W, Z) = b7 (Y1, ....Y))

or, equivalently,

Xi(w) = (Wi, Z4) (w) = hfv’z(y)-
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4.2 Motivation

It follows that for I € XM we have

pe(I)(w) =— esssup EE ( Z (ntn-1 — @W, ) + CT+1W7J~F’ ﬂ) (w)

n=t+1

T-1
1
=—sup—E (Z (cng10n — W, ) + aW + cra Wi — QTWT_) Xy = htW’Z(y)>

n=t

= * (hthZ(y))* _ s LE <Tz:1 T (X, T (X)) + Vi (X7) ’Xt = htW’Z(y)>

1 x(T—t) C¢
q - 1
= (1W), - w7 W),

where (), stands for the projection onto the first coordinate. In general, it holds that
Gt e 1L
p(l) = ——=W7 ==V, (Xy). (4.3)
Ct Ct
Now it is an appropriate moment for the most important theorem of this section. We

apply Markov decision theory and, by using the dynamic programming theorem (see The-
orem B.4), we get explicit formulas for the value functions.

Theorem 4.4. Lett € T and s* = (w*,z*) € S. Then the value function is given by

T
Vi(s%) = cipn ()" =g ()™ =17 () Y el (p" (I| Zor) | 20 = 27) . (4.4)
n=t+1
Moreover, the optimal policy L (7?,;*, . ..,W}fl) e 7Y and the optimal Markov

process (X[, ... X5) are as follows
WZ(S) =w" _VaR’Yn (InJrl‘ Ly = Z)a t<n<T-1,
X; =s",
X:=(In+VaR,, (In| Zoo1 = Z 1), fu (Z3_1, V)  t+1<n < T.

Proof. First note that for a € R, s = (w, z) € S and t € 7, we have

Cry1 (w+ +9:(2,Y;) — CL)Jr — G (w+ +0:(2,Y;) — a)
= C¢41 (w+ + g (Z, Y;f) - a) - (Qt - Ct+1) (w+ + Gt (2> Yt) - a)

g — ¢ _
=y (w+ + g (Z,Y})) —ca+ (¢ — ce1) (a — Ctictﬂ (w+ +g: (2, V) — a) )
t — Gi+1

1 _
= Ci1 (w+ + g: (2, Y})) —ca+ (¢ — ce1) (a T - (w+ +g: (2, V) — a) ) )
— Yt

93



4 Pflug—Ruszczyniski risk measure

Therefore
sup <7"t71 (s,a) +E (Ct+1 (UJJF + ¢ (2,Yy) — a)+ — G (’LU+ +g:(2,Y;) — a)_>>

E(w™+g: (2, V) — a))

= —qw + 1 (W +Eg (2,Y))) — (¢ — ) ir;f (—a +

= —q_ 1w + Cpq (w+ + Eg; (2, Y})) — (et — c141) (AVaR% g (2,Y:) — w+)
= —qgw +caqwt+e (MEg (2,Y;) — (1 — N\) AVaR,, ¢; (2, Y}))
= —qaw +cw” —cp? (g (2, %))
= —q1w” +cwt —E (0O (L] Zi1) | Ziy = 2) .
The proof is by backward induction. Obviously,
Vi(s) = crpw™ — qrw™.
Furthermore, due to Theorem B.4, we obtain

Vins(s) = Jr-a(s) =sup (rr-s(ss) + [ (T (5,000) @r (5.0

a

= sup (TT—1(S, a) + /EVT (w* + gr(z,y) — a, fr(z,y)) Qr (s, a; dy))

= —qr_1w” +crw’ — crE (p\7) (Ir| Zp_1) | Zroy = 2)
Moreover, the supremum is attained at
a* =mp_y(w,2) = —VaR,, (97 (z,Yr) + w") = w’ — VaR,, (Ir| Zr_1 = 2)
and
Wi =w"+gr(2,Yr)—a" =gr(2,Yr) + VaR., (I7| Zr_1 = 2) .
Now suppose that the assertion holds for t + 1, ¢ € {0,...,7 — 2}. Then, again by Theo-
rem B.4,

Vits) = 9) = sup (r6.0) + [ i (T (50,0) Qo ()

a

= sup (Tt(sa a) + /Ethrl (w+ + gi+1(2,9) — a, fraa (2, y)) Qi1 (8, a3 dy))

a

= sup <7"t(3, a)+E (Ct+2 (UJJF + Gr1 (2, Y1) — a)+ — 4t (’LU+ + g1 (2, Yig1) — a)_>>

a

T
—-E ( Z cplE (P(n) ([n| anl) ‘ Zi1 = fip (Za K&H)))

n=t+2
= —qw + Ct+1UJJr —cnlE (p(tﬂ) (Liy1] Z4) | 24 = Z)

T
= > B (B (0" (L] Zus) | Zi) | Zo = 2)
n=t+2
T
= _th_ + Ct+1w+ - Z CnE (p(n) ([n| Zn71> ‘ Zt = Z) .
n=t+1
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4.3 Artzner game

Furthermore,

a” =7 (w, z) = wh — VaR., (941 (2, Yi41)) = wh — VaR,, , (Ie1] Zi = 2),

Wi =w" + gi1 (2, Y1) — a¥ = g (2, Vi) + VaRy, (Iia] Z; = 2) .
This completes the proof. O

Theorem 4.5. The following holds true:

T
o) = =" wr 4 E( Y 20 (1] Zus) ‘ Z |, TeaMteT. (45
Gt n=t+1 Gt
Proof. The assertion immediately follows from (4.3) and (4.4). O

Once again we remind the reader that the assumption of a Markovian structure of the
model was essential to obtain the above formula. Because of that, (4.5) holds only on
the set XM. It is obviously a drawback. Nevertheless, most of the discrete-time models
(including the most important ones) meet the assumption.

Zt) )

which coincides with the definition of the dynamic Pflug—Ruszczynki measure (see Defini-
tion 4.1).

To conclude the section note that for the optimal wealth process W* we obtain

pi (1) = _ G (I + VaR,, (1| Zt,1)117+(t))+ +E ( Z C_”p(n) (L] Zp1)

C C
t n=t+1 t

4.3. Artzner game

Recall the example from Section 3.4. Name the income processes by IV and I®. They
are presented in Figure 3.3. Let Y;, i = 1,2, 3, denote a result of the i-th throw. Then

v 1, with probability p
" ]0, with probability 1 — p,

where 1 and 0 mean that the i-th coin shows heads and tails, respectively. We also define
a Markov chain by

Zy=0, Ziy1=21+ Y, t€{0,1,2}.
Then we write

10 = (0,0,Y), 1 = (0,01 z,52)
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4 Pflug—Ruszczyiski risk measure

Since I\ = 0,i=1,2, j = 0,1,2, we get that

po" (1) = eB (0™ (Ys] Z2)) = csp®™ (Y3)

C3 C3
A I0) = ZE (Y (061 22) | 20) = P (Ya) £ =12

Now we move on to the process 1?). We have

po" (I?) = 5B (0% (L zy0y | Za)) = 5 (2(1 = p)p™ (Y3) = p) p,

S ((1—p)p® (Ys) —p), Z=
) = 2B (o <ngzz}\za>|zl>={ﬂ o) =) 2

i_ipp(g) (YE’*>7 Zl :Oa
237 Z2 =2
C cC 2

Pt (1?) = C—zE (0% (Wzg0y | Z2) | Z2) = C—zﬂ(g) (Lzez0y | Z2) = 4 2pP) (Ys), Zo=1

0, Zy =0
Now we compute p® (Y3). Since

V3 — P
AVaR.,, (Y3) = 13_ V3 Lo p) ()

we obtain

PV (Vs) = =Aap +

As before, we summarize the results, see Table 4.1. The star in the last row can be ">",
"<" or "=" depending on parameters. For the most important case when all three coins
are fair (p = 1/2), it holds that the process /" has a higher risk and then x denotes ">".
Note that all inequalities (except for ¢ = 0) are the same as in Section 3.4 for the Iterated
Conditional Average Value at Risk. Because of that, we do not make a comment.

pPR wE Ji) e
{Z=2} 2p9(v3) > —a
2 {Z=1} 2,9 = 2 p® (Y3)
{Z=0} 299 (vs) < 0
, A=1p 20) > 2 ((1-p)p® (vs) - p)
{Zi=0} 2p)9(v) < & ppl® (Ys)
0 Q csp® (¥3) x5 (2(1—p)p®® (Y5) —p) p

Table 4.1: The Pflug—Ruszczyniski measure for the Artzner game
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4.4 Incomplete information

4.4. Incomplete information

Sometimes it happens that we do not have complete information about the market. Nev-
ertheless, we still want to assign the riskiness of different financial positions. As we will see
in this section, we can deal with the problem by extending the definition of the dynamic
Pflug—Ruszczynski risk measure. As previously, it is can be done under the assumption
that the model is Markovian. Again we assume that there exist a generating Markov chain
(Zt);e7 and random variables Yy, Y1, ..., Yy such that 7, = o (Y;, s < t). However, each
Y, t € T, depends now on a parameter ¥ € © C R. Since ¥ can be unknown, we also treat
it as a random variable with some distribution £(©) on ©. We additionally suppose that
Yo, Y, ..., Yr are independent under 9.

Similarly as in Section 4.2.2, we aim at defining a Markov decision process. Due to the
incompleteness of information, we want to apply Bayesian decision theory. In that con-
nection we have to extend the state space S to S = S x P(0), where P(0) denotes the
set of all probability measures on ©. Moreover, we fix g € P(©) as the so-called prior
distribution. It is our initial prediction of the law of ¥). Then, using the Bayes operator,
we get the sequence (p),. such that j,1, is an update of ju,, t € 7_. Every py, t € Ty,
is called the posterior distribution. We do not go into details, but again we are able to
define a Markov decision process X; = (Wy, Zy, i1s). Therefore we can state the following
definition:

Definition 4.6. A mapping
1
PP QO x T x XM S (w,t,1) = plw,t, 1) = — LW (w) — =V (X, (w)),
Ct Ct

where V; is the value function for the process X, is called the Bayesian Pflug—Ruszczynski
risk measure.

In general, it is hard to obtain explicit formulas for the value functions. However, in some
special cases it is possible. To see that, assume that Yy =0 and Y; given ¥ =0, ¢t € 7, is
Bernoulli distributed with

P(Yi=ulv=0)=0, PY,=dlv=0)=1-0.

Moreover, as an initial estimate po of £(©) take the uniform distribution on the interval
[0,1]. Note that ¢ ([0, 1]) = Beta(1,1) and if yu; = Beta(c, (3), then

pe1 = Beta (a + 1y (Yi), 8+ Ly (Vi) -

We have the following theorem, which is due to André Mundt. Here we only state it. If
the reader is interested in the proof, see Proposition 5.1 in [M 07].
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4 Pflug—Ruszczyiski risk measure

Theorem 4.7. A Bayesian Pflug-Ruszczyrniski risk measure for g = U ([0, 1]) is given by
the following formula:

T
C Cn n
POy = ~LE W S B (A (Bl Vi Yao1, 20 | 24) T XY,
t n=t+1 t

where E; o 5 and ™) denote the expectation and the risk measure p™ with respect to the
o3 pt,a,ﬁ P

probability measure Py o g on o (Zy, Y11, ..., Yr) defined by
Pt,a,ﬂ (Zt =z, Y;f-i-l = Yi+1,--- ,Yr = yT)

9= O Xici <yk>>
a+p—t—1 '

Hence we have the result that is analogous to (4.5), but the probability measure that we
use now is much more complicated.

We come back to the Artzner game (see Section 4.3). Again we aim at measuring the
riskiness of I = (0,0,0,Y3) and I®® = (0,0,0,1{z350)). By direct computations we
obtain the results presented in Table 4.2. For simplicity we assume that v3 > 3/4. Note
that the orderings are still the same as in the cases of the Iterated Conditional Average
Value at Risk and the dynamic Pflug-Ruszczynski risk measure.

t 0 w € M I® / wE J&) 7

(-2 - - (=2 >

1+Z

2 =7 %=1} 55 = -3 2 {Z=1} -5 = —3%

{Z2=0} - < 0 {Z,=0} -4 < 0

_ 2¢ 2(3c3+-ca) _ _ 2c4 _4eztc
N O A i R R U A S T
0 1 0 RS _63164 0 0 _%4 > _2038-04
2 2
(a) o (b) oD
t

Table 4.2: The Bayesian Pflug-Ruszczyriski measures for the Artzner game

From Table 4.2 one can easily see that

B,&, ([(1)) o pB,L{([O,l])

o = (1), t €{0,1,2},
B, (1?) = Bu(01) (1),
P (1) < JPUOD (10 on (7, =13,
" (1) > PO (1) o (2, =0},
pOB,aeo ( ](2)) S pOB,uqo,lD ( 1®),

o8



4.4 Incomplete information

where 6, is given by

= E4 =1

As a consequence, if we start with no knowledge about the parameter ¢/, we attach less
risk to I® using the Bayesian approach with o = U ([0, 1]) than applying the ordinary
Pflug-Ruszczyniski risk measure under the assumption that ¢ is known and equals 1/2.
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Appendix A

Some useful facts

In this chapter we present some useful results. For more details and proofs the reader is
referred to the literature.

A.1. Probability theory

A.1.1. Quantiles and quantile functions
Let (2, F,P) be a probability space.
First we want to define a quantile of a random variable.

Definition A.1. A real number qx is called a a-quantile (for o € [0,1]) of a random
variable X if it holds that P(X < qx) < a <P(X < qgx).

Proposition A.2. The set of all a-quantiles of X is an interval [gy (), ¢ (a)], where

gx(a)=sup{rz e R|P(X <z)<a}=inf{z e R| P(X <zx)>a},

gr(a)=inf{r e R|P(X <) >a}=sup{r e R| P(X <z) <a}. (A1)

Real numbers qx(a) and g% (a) are called a lower a-quantile of X and an upper a-quantile
of X, respectively.
Now we go over to quantile functions.

Definition A.3. Let F': (a,b) — R be an increasing function with

c=lim F(z), d=1imF(x).
lim F() lim F'(z)

Then q: (c¢,d) — (a,b) is called an inverse function for F if

F(g(s)=) < s < F(q(s)+) for every s € (c,d).
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A Some useful facts

Definition A.4. An inverse function q: (0,1) — R of a distribution function F is called
a quantile function.

Lemma A.5. Let q be an inverse function for an increasing function F'. Then F is also
an inverse function for q.

See Lemma A.17 in [F'S 04] for the proof.

Lemma A.6. Suppose that U is a random variable uniformly distributed on the interval
[0,1] and F: R — [0,1] is increasing and right-continuous. Let q be an inverse function
for F'. Then F is a cumulative distribution function for qo U.

The proof can be found in [F'S 04], see Lemma A.19.

A.1.2. Conditional probability

Suppose that (S,S) and (7,7) are two measurable spaces. Then we define a probability
kernel as follows:

Definition A.7. A mapping P: S x T — [0,1] is called a probability kernel from (S, S)
to (T, T) if the following conditions are fulfilled:

e a function P(-,B) is S-measurable for fized B € T,
e a function P(s, -) is a probability measure for fized s € S.

We have two very useful theorems, which we want to cite here:

Theorem A.8 (Conditional distribution). Let (S,S) be a Borel space and (T,T)
a measurable space. Suppose that & and n are random elements in S and T, respectively.
Then there exists a unique Pon~t-a.s. probability kernel P from (T, T) to (S,S) such that

PEe-[n) =P, ).
For the proof see [K 97|, Theorem 5.3.

Theorem A.9. Let ((Sn, BSn)nEN) be a sequence of Borel spaces. For eachn € N we define
T, = [1i_o Sk. Moreover, T stands for [[,—,Sk. Assume that p is a probability measure
on Sy and P,: T, x Bg,,, — [0,1] is a probability kernel from (T, Br,) to (Sn+1755n+1)7
n € N. Then there exists a unique probability measure P on T' such that

P(BO X Bl X X Bn) = / /,L(d.%’o)/ PO (l’o,dl‘l)/ P1 (.fo,l’l;dl'z)
Bo B1 B>
/ Pnfl <x07x17"'7xn71;dxn>

for By x By x ---x B, €T,.
The proof can be found [BS 96|, see Proposition 7.28.
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A.2 Functional analysis

A.2. Functional analysis

Theorem A.10 (Separation theorem for convex sets). Let X be a real normed linear
space and Y, Z C X be non-empty, disjoint and convex. If moreoverY is compact and Z
1s closed, then there exists a linear continuous functional [: X — R such that

Theorem A.11 (Riesz). Let (X, F,pu) be a o-finite measurable space and p,q be such
that p € [1,+00) and 1/p+1/q = 1. Suppose that I: LP(X,F,u) — R is a bounded linear
functional. Then there exists a unique g € L(X,F,P) such that ||g|l, = || L] and

10 = [ fadn f e (X FP)

For the proof see Theorem 18.6 in [Y 06].

A.3. Analysis

Theorem A.12 (Essential supremum). Let (X, F,P) be a probability space and F' be
a family of random variables. Then there exists a unique random variable g: €2 — R such
that

e g> fP-as. forall feF,
o if h > f P-a.s. for a random variable h and each f € F', then h > g P-a.s.

We call the function g the essential supremum of F' and denote by esssup F.

Moreover, there exists a sequence (fy,), oy C F such that

sup f, = esssup F.
neN

If additionally F' s directed upwards, i.e., for all fi, fo € F there is f3 € F such that
f3 > fiV fa, the sequence (f,), oy can be chosen in such a way that f, < fuy1, n € N.

The proof can be found in [N 75|, see Proposition VI-1-1.
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Appendix B

Markov decision processes

This section is devoted to basic Markov decision theory. We give an overview of some
definitions and theorems that are useful in Chapter 4. For more details and proofs the
reader is referred to [HL 96].

We concentrate on the case of the finite time horizon. Therefore the set of time instants,
denoted by 7, equals {0,1,...,T} for some T' € N,. Let 7_ stands for 7 \ {T'}. We state
a model as follows:

Definition B.1. By discrete-time Markov decision (control) model we call a five-tuple
{(S,Bs), (A, Ba),{A(s)| s € S},Qq, 1} such that

e state space: (5, Bgs) is a Borel space,
e action (control) set: (A, B4) is a Borel space,

o {A(s)| s € S} is a family of nonempty measurable sets A(s) such that A(s) C A
denotes the set of feasible actions being in the state s € S, we define the set of all
feasible state-action pairs by D = {(s,a)| s € S, a € A(s)},

e transition law: Q;: D x & — [0,1] is a stochastic kernel from (D,Bp) to (S, Bs),
teT,

e one-step reward function: r,: D — R is measurable.
Often instead of rewards we consider costs. Then almost everything remains the same, we
only have to change maximizing problems to minimizing ones, etc.
We define
HQZS, Ht+1:D><Ht,t€T_.

The set Hy, t € T, is called an admissible history up to time t and h; € H, is a t-history.
Moreover,

_HQZHO, Ht+1:SXAXHt,t€,]'_.
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B Markov decision processes

Definition B.2. Let m = (mg, w1, ... 7p_1) be such that my: Hy x By — [0,1] is a probability
kernel from (Hy, By,) to (A, Ba) with

Tt (ht, A (St)) =1
for everyt € T_. Then m is a policy.

We construct a probability space (€, F,P). Let Q, given by Q = Hy, be equipped
with a product o-algebra F. Fix any probability measure p on S and a policy m =
(o, 1, ..., mr—1). Then, due to Theorem A.9, there exists a unique probability measure
P such that

P(Hr) =1,

Ti41 S B| ht7 at) = Qt ('rta G, B) ) ht = (170’ A, L1,A1, .-, Tt—1, Qt—1, :L‘t) S Ht-
Now we introduce a Markov decision process:

Definition B.3. (Q,F,P,(X,),.;) is called a Markov decision process (Markov control
process).

Note that transition law is sometimes defined by means of the following equations

To = Sg, S € 5,
T = F (v, 0,&), t €T

where (&),.7 is a sequence of independent random variables that are independent of the
initial state sg as well. Then each &, t € 7, is called a disturbance.

Suppose that (S, 4,{A(s)| s € S},Q4, 1) is a given Markov decision model. The aim is
to maximize the function J given by

J(m,s)=E (i 7t (Te, ai) + cr (xT)> ;

t=0

where cr: S — R is a measurable function called a terminal reward function. We also
define a value function via

J*(s) =inf J (7, s).
We want to find a policy 7* with
J(r*,s)=J"(s), s€S.

Such a policy is the so-called optimal policy and the following theorem enables us to find
it.
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Theorem B.4 (Dynamic programming theorem). Let (J;),.; be a sequence of func-
tions defined backwards by

Jr(s) = cr(s),
Ji(s) = max (r(s,a) + /S Jir1(y) Q(s, a; dy)) ,te{0,1,...,T —1}.

acA(s)

(B.1)

If for each t € T J; is measurable and there exists a function w}: S — A such that 7} is
a mazimizer of (B.1) and 7} (s) € A(s) for all s € S, then the policy 7 = (7§, ..., 75_;)
1s optimal and

J*(s)=J(n",s),s€S.

For the proof see Theorem 3.2.1 in [HL 96].

67






Bibliography

[ADEH 99

[ADEHK 07]

[BS 96]

[B 05]

ID 02]

[FS 04]

[HW 04]

[HL 96

1 03]

K 97]
[M 07]

[N 75
[PR 05]

Artzner, P., F. Delbaen, J. M. Eber, D. Heath, Coherent measures of risk,
Mathematical Finance, 9(3), 203-228 (1999)

Artzner, P., F. Delbaen, J. M. Eber, D. Heath, H. Ku, Coherent multiperiod
risk adjusted values and Bellman’s principle, Annals of Operations Research,
152 (1), 5-22 (2007)

Bertsekas, D. P., S. E. Shreve, Stochastic Optimal Control: The Discrete-
Time Case, Athena Scientific (1996)

Burgert C., Darstellungssatze fiir statische und dynamische Ristkomaj$e mit
Anwendungen, PhD thesis (2005)

Delbaen, F., Coherent Risk Measures on General Probability Spaces, Ad-
vances in Finance and Stochastics: Essays in Honour of Dieter Sondermann,
Springer-Verlag, 1-37 (2002)

Follmer, H., A. Schied, Stochastic Finance: An Introduction in Discrete
Time, Second Edition, Walter de Gruyter (2004)

Hardy, M. R., J. L. Wirch, The Iterated CTE: A Dynamic Risk Measure,
North American Actuarial Journal, 8 (4), 6275 (2004)

Hernandez-Lerma O., J. B. Lasserre, Discrete-Time Markov Control Pro-
cesses: Basic Optimality Criteria, Springer-Verlag (1996)

Inoue, A., On the worst conditional expectation, Journal of Mathematical
Analysis and Applications, 286 (1), 237-247 (2003)

Kallenberg O., Foundations of Modern Probability, Springer-Verlag (1997)

Mundt A. P., Dynamic risk management with Markov decision processes,

PhD thesis (2007)
Neveu J., Discrete-parameter martingales, North-Holland (1975)

Pflug, G. Ch., A. Ruszczynski, Measuring Risk for Income Streams, Compu-
tational Optimization and Applications, 32 (1-2), 161-178 (2005)

69



Bibliography

[Y 06] Yeh J., Real Analysis: Theory of Measure and Integration, Second Edition,
World Scientific (2006)

[YZ 99 Yong J., X. Y. Zhou, Stochastic controls: Hamiltonian Systems and HJB
FEquations, Springer-Verlag (1999)

70



