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Abstract

We consider optimal stopping problems in uncertain environments
for an agent assessing utility by virtue of dynamic variational pref-
erences as in [15] or, equivalently, assessing risk by dynamic convex
risk measures as in [4]. The solution is achieved by generalizing the
approach in [20] introducing the concept of variational supermartin-
gales and an accompanying theory. To illustrate results, we consider
prominent examples: dynamic entropic risk measures and a dynamic
version of generalized average value at risk introduced in [5].
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1 Introduction

In our everyday life we face a broad variety of optimal stopping problems: We
accept bids for our used car to sell or stop the process of potential marriage
partners not knowing whether a more appropriate partner is still to come.
On financial markets, agents try to maximize profits from American options.
Hence, optimal stopping problems are not just of value for theoretical con-
siderations but of great virtue in applications. All examples have in common
that, on an abstract level, an agent has to find an optimal stopping time for
some stochastic payoff process.

The classical solution to this problem, as inter alia given in [17], assumes
the agent to possess a unique subjective prior ruling the payoff process and to
maximize expected payoff. In an uncertain environment however, there might
not be a unique prior distribution: On incomplete financial markets, we might
be faced with multiple equivalent martingale measures not being sure which
one is ruling the world. Hence, with multiple possible distributions, a solution
to the problem by virtue of simple expected utility maximization with respect
to some subjective prior cannot be eligible: An alternative notion of “expected
reward” has to be used. In this article, we hereto choose dynamic variational
preferences.

Equivalently, a risk manager runs the danger of high model risk when
assuming a particular probabilistic model. An alternative route is given by
dynamic convex risk measures: the robust representation explicitly mirrors
multiplicity of possible distributions and hence reduces model risk. As will
be motivated below, both approaches, dynamic convex risk measures and
dynamic variational preferences, are equivalent in mathematical terms for
our model. Only the economic interpretation differs.

In [20], the problem to optimally stop an adapted payoff process (X;);en
facing uncertainty is considered when expected reward is induced by dynamic
multiple prior preferences introduced in [8]. By virtue of a robust representa-
tion theorem, expected reward at time 0 from stopping time 7 is then given
by minimal expectation of the form

nf FQ

5 B
for a fixed set Q of prior distributions of the payoff process. In this sense,
an uncertainty averse agent, not able to determine a unique subjective prior,
considers a set @ of distributions to be possible and equally likely. Equiva-
lently, the above minimized expectation is, modulo a minus sign, the robust
representation of coherent risk measures introduced in [1] and applied to a
dynamic setting in [19]: Risk is assessed as maximal expected loss with re-
spect to all distributions that are considered likely. Hence, model risk is
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significantly reduced as no specific probability distribution is assumed. How-
ever, limitations of coherent risk measures are stated in [10]: Due to homo-
geneity coherent risk measures do not account for liquidity risk. Secondly,
the robust representation shows coherent risk measures to assess risk quite
conservatively. To overcome these shortcomings, the coherent approach is
generalized to convex risk measures relaxing homogeneity and sub-additivity
to a convexity condition; in a dynamic context elaborately discussed in [11]
and [4]. Furthermore, the fundermental entropic risk measure is not coherent
but convex.

Equivalently, multiple prior preferences are generalized to so called vari-
ational preferences in [14] and to dynamic variational preferences in [15].
In a more general setup, dynamic risk adjusted values or concave utilities
are introduced in [4] for stochastic processes. Under the assumption of risk
neutrality but uncertainty aversion, a discount factor of unity and without
intermediate payoffs, expected reward m; at time ¢ for stopping the process
(X;); with stopping strategy 7 induced by dynamic variational preferences is
given by a robust representation of the form

m(X;) = ess@inf (EC[X,| 7] + ax(Q))

for some dynamic penalty (ay);. Intuitively, expected reward (m;); is given
by minimal penalized expectation — penalized in the sense that nature has to
compensate the agent for choosing a distribution. Again, dynamic variational
preferences and dynamic convex risk measures are equivalent as the robust
representations coincide up to a minus sign: The equivalent dynamic convex
risk measure is then given as p; := —m. Hence, in terms of the above
robust representation, assing risk by virtue of dynamic convex risk measures
amounts to maximal penalized expected loss. It is immediate that dynamic
multiple prior preferences are a special case of dynamic variational preferences
when the penalty is trivial, i.e. only achieves values null and infinity. In the
same token, this holds for dynamic coherent risk measures as a special case
of dynamic convex ones. It is beyond the scope of this article to discuss the
axioms of variational preferences or convex risk measures, respectively. We
just take the robust representation as given.

The dynamic penalty (), formally derived by a Fenchel-Legendre trans-
form, might be interpreted as ambiguity index as in [14] and [15]. From a
preference based point of view, (o) is a measure for uncertainty aversion:
Given two agents assessing utility in terms of dynamic variational prefer-
ences, one with penalty (a});, the other with (a?);. If (a}); > (a?);, then
agent 1 is less uncertainty averse than agent 2. In other terms, risk measure
1 is less conservative than 2. Equivalently, we might think of (cy); as an in-
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verse likelihood of a distribution to be the ruling one: the larger the penalty,
the less likely the agent assumes the respective distribution. Thus, nature
has to compensate the agent more, the less likely the chosen distribution. In
the prominent example of entropic risk measures or multiplier preferences,
penalty is given by relative entropy. The “further away” a chosen distribution
in terms of entropy from the reference distribution, the higher the penalty
nature has to pay. Throughout this article we make use of robust representa-
tion in terms of the minimal dynamic penalty (ai™™);, uniquely characterizing
the underlying dynamic variational preference.

For dynamic models, the first question is how conditional preferences
at distinct time periods are interrelated. An assumption that serves as a link
between time periods is time-consistency, defined by virtue of m, = my(m41).
Robust representation results showing equivalence of time-consistency and a
condition on minimal dynamic penalty («"™),, called no-gain condition, are
obtained in [4], [11], and [15]: Minimal penalty can be rephrased as a sum of
contingent penalties and a one-step-ahead penalty. Hence, time-consistency
leads to a recursive robust representation in terms of minimal penalized ex-
pected utility. As shown in [15], the no-gain condition on (af™"); reduces to
stability of the set Q of priors for dynamic multiple prior preferences.

Results in this article constitute a generalization of results in [20] by
applying optimal stopping to dynamic variational preferences. By virtue
of the recursion formula for robust representation, we obtain a worst-case
distribution among those with finite penalty. However we do not obtain the
elegant intuition in [20] that the agent behaves as expected utility maximizer
with respect to the worst-case distribution as the penalty is not trivial and,
hence, does not necessarily vanish for the worst-case distribution. As in [17]
and [20], we make use of a Snell envelope approach to solve the optimal
stopping problem under dynamic variational preferences by showing equality
of the value function and an appropriately generalized Snell envelope, called
variational Snell envelope, for a finite horizon. In the infinite horizon case,
we show the Bellman principle to hold for the value function. These results
allow us to obtain an optimal stopping strategy recursively. We observe that
the smallest optimal stopping time obeys well-known characteristics: Stop
when the payoff process equals the problem’s value. A further result is a
minimax theorem. We introduce the notion of wvariational (super-, sub-)
martingales and an accompanying theory: We obtain a Doob decomposition
and an optional sampling theorem.

To illustrate our results, we consider two prominent examples: dynamic
entropic risk measures (or dynamic multiplier preferences) and a dynamic
convex generalization of average value at risk (AVaR) introduced in [5]. Ex-
amples are stated in terms of dynamic convex risk measures instead of dy-
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namic variational preferences. Due to mathematical equivalence of both ap-
proaches, the reason is merely owed to topicality of appropriate risk measures
for financial markets in face of the current financial crisis questioning the core
of financial practice. In the first example on dynamic entropic risk measures,
we obtain quite intuitive results on the worst-case measure for a specific kind
of payoff processes. Thereafter, we consider generalized average value at risk
(gAVaR) as introduced in [4]. As the natural dynamic extension of these
risk measures is not time-consistent, we achieve a time-consistent version by
virtue of a recursive construction in terms of the minimal penalty. As we see
in the examples, when considering non-trivial penalty functions applications
become more complex: in particular, independence, inevitably used in simple
examples in [20], does not hold any longer. Nevertheless, the second example
constitutes a tangible alternative to widely used VaR taking into account
liquidity risk, satisfying time-consistency, and avoiding the problem of risk
accumulation caused by VaR.

In [23] an approach to optimal behavior on financial markets is applied
without time-consistency. Agents maximize minimal penalized intertemporal
utility as given above. Making use of convex conjugates, a minimax theorem
similar to ours is achieved but without constructive recursion for worst-case
measures. However, we are convinced that time-consistency is not only a
crucial property from a theoretical perspective but also intuitively justifiable.

The article is structured as follows: The next section defines the model,
gathers the relevant assumptions and then states the optimal stopping prob-
lem. This directly leads to the definition of variational supermartingales and
an accompanying theory in Section 3. Section 4 contains the main results.
Section 5 discusses examples. Thereafter, we conclude. Elaborate proofs are
given in the Appendix.

2 The Model

Let T € NU {oo} and (2, F, (Fi)i<r, Po) be an arbitrary but fixed underly-
ing filtered probability space with Fy := {0,Q} and F = 0 (U, 7). Intu-
itively, the filtration (F;):<r models the information process for the agent.

Let (Xi)i<r be an adapted essentially bounded payoff process that the
agent aims to optimally stop in an uncertain environment, i.e. to find a
stopping time T in order to maximize expected reward. The specific form
of expected reward used in this article emerging from dynamic variational
preferences will be encountered below.

Equalities are meant to hold Py-a.s. Let M®(IPy) denote the set of all
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probability distributions on (€2, F) that are locally equivalent to Py, i.e.
ME(Py) = {P|Vt <T,VF € F,P(F)=0< Py(F) =0} .

As we see in [11], the assumption to only consider locally equivalent dis-
tributions is justified as the robust representation of dynamic variational
preferences is only based on these. Intuitively, the reference distribution P
fixes the null sets, i.e. sure and impossible events. Recall that a stopping
time 7 is an integer valued random variable such that {r < t} € F; for all
t <T. For w € Q, we set X;(w) := X;y(w). Let L™ := L>(Q, F,Py) be
the space of all essentially bounded F-measurable random variables. Analog,
for t < T, let L := L*(Q2, Fi,Py) be the space of all essentially bounded
Fi-measurable random variables.

2.1 Robust Representation of Time-Consistent Dynamic
Variational Preferences

Given a stopping time 7, we first have to answer how agents assess utility
in uncertain environments? More elaborately, given the agent is not able to
entirely assess the ruling distribution of the payoff process and is uncerteinty
averse but risk neutral, how does expected reward look like? In expected
utility theory the agent is assumed to possess a unique subjective probability
distribution, say Q, and assesses expected reward by E2[X.]. In [20] the
agent is not sure about the distribution of (X;);<7 but assumes the relevant
distributions in some convex set Q@ C M*(Py) all being equally likely. Then,
multiple prior expected reward is given by infgeo E9[X,].

In this article, we go a step further by assuming that an agent determines
expected reward in terms of dynamic variational preferences as introduced
in [15] or, equivalently, by a dynamic convex risk measure as in [11] assuming
risk neutrality and no discounting. As shown in [15] and [4], the agent then
assesses conditional variational expected reward m(X,) at time t from stop-
ping at 7 by virtue of a robust representation in terms of minimal penalized
expected utility. This is obtained from the axioms of dynamic variational
preferences. As we do not consider the axioms, we pose assumptions that
imply this robust representation.

Notation 2.1. Throughout this article, we denote by (pt)i<r a dynamic con-
vex risk measure as introduced in [11] or, equivalently, by (m)i<r the robust
representation of a dynamic variational preference as in [15]. Moreover, we
identify the preference with its robust representation.

We now state rigorous definitions obtained from [11] and [15]:
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Definition 2.2 (Dynamic Penalty & Time-Consistency). (a) We call a fam-
ily (ay)i<r a dynamic penalty if each oy satisfies:

o «y is a mapping oy : M¢(Py) — L1 (F;): For each Q € M¢(Py), au(Q)
is an Fi-measurable random variable with values in Ry U {oo}.!

o Forallt>0, oy is grounded, i.e. ess infgeae(py) a:(Q) = 0.

o oy is closed and convex.?

(b) Given a dynamic convex risk measure (p;)i<r. Att, define the acceptance
set by Ay = {X € L*®|p(X) < 0}. Then, we define the minimal penalty
(™)< by

A" (Q) := ess sup E¥[— X |F].
XeA:

for allQ e M3
(c) Let (p)i<t (resp. (qi)i<r) denote the density process of P (resp. Q) in

ME(Py) with respect to Py, i.e. py := %‘ , where c%]; denotes the Radon-
f

Nikodym derivative. For a stopping time i define the “pasted distribution”
P ®y Q by

d(P @, Q)
dlPy

Fi

bodt — plge.
de

(d) (au)i<r satisfies the no-gain condition if for allt > 0 and Q we have
@,(Q) = E? [a1 (Q)| ] + ess Inf ,(Q @41 P). (1)

(e) (mt)i<r is called time-consistent if it satisfies mp = m(mey1) for allt < T.
Equivalently, p; = py(—piy1)."

More elaborately, for all w € €, ay(-)(w) is a function on the F;-bayesian updated dis-
tributions in M¢(P), i.e. the effective domain satisfies effdom(ay(-)(w)) C {Q(:|F}) : Q €
Me(Py),w € F; € Fi}. Hence, when writing o4 (Q) we actually have in mind o (Q(:|F)).

2This assumption is well defined by [10], Remark 4.16.

3(afMin), 7 is a penalty function in terms of (a).

4In general, time-consistency is defined as: p; = pi(—pits), t,s < T, t+s < T.
In this sense, our definition of time-consistency is a special case, called “one-step time-
consistency” in [4]. However, for the proofs in this article, our definition is sufficient and,
of course, always satisfied in the general case of time-consistency. On the other hand, one-
step time-consistency implies general time-consistency under our continuity assumptions
by Proposition 4.5 in [4]. Hence, our definition of time-consistency in terms of "one-step
time-consistency” is equivalent to the general notion of time-consistency.
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Notation 2.3. Define the set M of distributions in M(Py) by
M ={Q e M Py) | Q)< oo}.

Given the distribution Q € M, Q|z, denotes the restriction of Q to F; given
Fi1. As usual Q(-|F;) denotes the conditional probability distribution of the
process given history up to time t.

Taking into account that oy only depends on bayesian updates, we simplify
notation when appropriate and write a;(Q ®441 P) = cu(qey1prsa - - -)-

Assumption 2.4 (Main Assumption). Throughout this article we assume
the agent to assess risk in terms of a relevant time-consistent dynamic convex
risk measure (p;)i<r on the set of essentially bounded F-measurable random
variables as in [11] or, equivalently, assess utility in terms of time-consistent
dynamic variational preferences (m)i<r for end-period payoffs as in [15] with
no-discounting and risk neutrality. Furthermore, we assume continuity from
below for (pi)i<r, i.e. for all (X,), C L such that X, / X for some
X € L, we have pi(X,,) \, pe(X). Equivalently, we assume continuity from
below of (my)i<r, t.e. m(Xy) / m(X) for the above sequence.

Remark 2.5. Given the payoff process (Xy)i<r and stopping time T < T, [4]
and [11] show that, under Assumption 2.4, (pt)i<r and (m)i<r have a robust
representation of the form

(X)) = ess inf {E%X,|F] + o™ (Q)} = —pu(X),

with (™) <7, the minimal penalty, assumed to satisfy the no-gain condition.

Consider a distribution Q € M*(Py) such that, for all ¢, a;(Q) = 0 and
oo else: We achieve expected utility with subjective prior Q. As shown in
[15], multiple prior expected reward with @ C M¢(Py) is a special case of
variational expected reward with oy = 0 on Q and oo else. Hence, the present
article is a generalization of the approach in [20].

By the Fenchel-Legendre Transform, minimal penalty can be written as

o"™™(Q) = ess sup(E%[~X|F] — pi(X))

XeL>

5Tt can be seen in [11], Lemma 3.5, that this domain of a penalty is well defined in
case of relevant time-consistent dynamic convex risk measures as relevance allows to only
consider the set of locally equivalent distributions in the robust representation and time-
consistency in conjunction with relevance implies a;(Q) < oo for all t. We call a dynamic
convex risk measure (p;)i<r relevant, if Po[p,(—ela) > 0] > 0 for all t, e > 0 and A € F
such that Py[A] > 0.
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for all Q € M. The term “minimal” is justified as the robust representation
allows for multiple penalties (a;);<7, but the minimal one satisfies aj""(Q) <
a;(Q) for all Q € M. The minimal penalty uniquely characterizes the agent’s
preferences or, equivalently, risk attitude. Throughout, we assume a robust
representation in terms of minimal penalty for technical reasons.

The intuition of equation (1) is the following: Nature has to pay a penalty
for choosing a specific distribution at time t: a;. On the left hand side of
equation (1), nature uses the time-consistent way by just choosing a prob-
ability Q, pay the appropriate amount and do nothing in the next period
but go with the conditional distribution Q(-|F;). However, the right hand
side describes the possibly time-inconsistent way of choosing a probability:
It chooses today a distribution P that inuces the same distribution today
as Q but may differ from tomorrow on and pays the amount a,(Q ®;,1 P).
In the second step, i.e. after realization of F;,;, nature may deviate and,
conditionally on F;, choose a distribution Q. If this time-inconsistent way
of choosing a distribution is not less costly, (a;); satisfies equation (1). In
particular, the cost of choosing Q at time ¢ can be decomposed into the sum
of expected cost of choosing Q’s conditionals at time ¢t + 1 and the cost of
inducing Q|z,,, as a so-called one-period-ahead marginal distribution of the
payoff process at time ¢. The no-gain condition on (o), is the generalization
of the time-consistency condition in [20]: As shown in [15], if (o) is trivial,
the no-gain condition is equivalent to stability of the set of priors. This also
holds true in the not necessarily finite case as shown in e.g. in [4]. In course
of this section, we explicitly show time-consistency results.

Remark 2.6. (a) As motivated in Remark 2.5, the no-gain condition on
("™, is equivalent to time-consistency. We will make this explicit later.
(b) As stated in [12], Remark 1.1, continuity from below of m or p; im-
plies continuity from above of either one. Continuity from above is equivalent
to the existence of a robust representation of w, (or p;) in terms of minimal
penalized expected payoff. Continuity from below induces the worst case dis-
tribution to be achieved. We will make this explicit in Proposition 3.2. We
hence could change the inf into a min but stick to the notion above as this

seems common in the literature.

Remark 2.7. The following assumption is equivalent to m; (or equivalently
pi) being continuous from below:

dP
dPy

for each ¢ € R, t € N, being relatively weakly compact in L'(Q, F,Py).

P e M, (P) < c} :

Fi ‘



2 THE MODEL 10

Proof. Theorem 1.2 in [12] states the assertion in an unconditional setting.
Due to the properties of conditional expectations, the assertion also holds in
our dynamic set-up. O]

Remark 2.8 (Conditional Cash Invariance). One of the azioms of dynamic
variational preferences (and dynamic convexr risk measures) is conditional
cash invariance. In conjunction with a normalization assumption, this prop-
erty becomes: for all t < T and F;-measurable Xy, we have (X)) = X;.
As we do not consider the axiomatic approach, we immediately derive this
property from the robust representation as oy is assumed to be grounded:

(X)) = Xi + e%sej\zlf a"(Q) = X,.

The next result explicitly states the connection of time-consistency and
the no-gain condition. The proof is a special case of the proof of Theorem
4.22 in [4]. Tt is stated as it generates fruitful insights.

Proposition 2.9. Equation (1) implies time-consistency of (m)i<r. More
precisely, we have for all (X;)i<r and 7 < T

77-15()(7') - XT]I{TSt} + 7Tt(7rt+1(X’r))H{T2t+1} - 7Tt(ﬂ-t-l—l (X7'>>

Proof. See Appendix A.1 n

As in [15], we have the following result on the recursive structure of
variational expected reward m; at time ¢t. However, we achieve this result
for more general probability spaces but under the assumption of end-period
payoffs, risk neutrality and a discount factor of unity.

Corollary 2.10. Given equation (1), it holds

m(Xr) = X;lr<p + ess inf (/ 1 (X7 )dp + %(M)> Lir>e41y,

MGM‘]‘}+1

where
Ye(p) = e%s@i\ﬂlf A (p @11 Q) Vu e Mg,

and M|z, denotes the set of all distributions in M restricted on Fi1q condi-
tional on F;. To have this expression well-defined, we set ess infpe g ™™ (@411
P) := ess infpep @ (Q @441 P) with Q € M such that Q|x,,, (:|F) = u

Proof. See Appendix A.1 m
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v; might be viewed as nature’s penalty when choosing the one-period-
ahead marginal p. Hence, it is called one-period-ahead penalty in analogy to
[15]. In terms of 74, equation (1) becomes

o™ (Q) = E¥0) 3 (Q)IF] + %(Qlry. (1F)). (2)

Remark 2.11 (Bellman Principle for Nature). Given 7 < T, Corollary 2.10
can be rephrased as

(X)) = ess inf (E@|Ft+1 [Ti41 (X)) | F] + %(@|]Ft+1)> .

Qlr, €M7,

Intuitively, this constitutes a Bellman principle for nature’s choice of a
worst-case distribution® Given the optimal (worst-case) distribution from
time t+1 on, represented by its value w1, nature chooses a minimizing one-
period ahead conditional distribution Q|g,.,. Note, that the above expression
1s basically the same as the robust representation but in terms of a one-
step-ahead problem. This insight is particularly adjuvant when constructing
a worst-case distribution in Proposition 3.2 in terms of pasted one-period
ahead conditional distributions.

2.2 The Agent’s Problem

Given (X3)i<r, T € NU{o0o}, the agent has to maximize variational expected
reward (m(X;))i<r, i.e. the agent solves the following problem by finding an
appropriate stopping time 7 with respect to (F;)<r:

sup inf (E@[XT]}"O] +agﬂ“(@))

0<r<T QEM

among all stopping times that are universally finite, i.e.

Q}g/f\’/{ Q[r < ] =1.

Definition 2.12 (Value Function, Snell Envelope). (a) For the problem at
hand, the value (function) (V;)i<r at time t < T is given by

V, :=ess sup ess inf (]EQ[XT|]:¢] + a?m(@)) . (3)

T>r>t QeEM

6This should not be mixed up with the Bellman principle in the next chapter’s theorems
on optimal stopping: there, we achieve Bellman equations for the optimal stopping decision
of the agent, not for the worst-case distribution decision of nature.
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(b) For finite T', define the variational Snell envelope (U)i<r of (X)i<r with

min

respect to dynamic minimal penalty (o™ )< recursively by Ur :== Xr and
Ut := max {Xue%S }fllf (B [Upsa | 7] + Oéftnin(@))} fort <T. (4)
€

(c) Define the stopping time
= inf{t > 0|U; = X;}. (5)

By time-consistency the variational Snell envelope can also be written as:

U; = max {Xt; ess inf (/ Uprdp + %(/l)) }
HEM|F,

Subsequently, we show that the value function and the variational Snell
envelope coincide when 7' is finite. In the infinite time-horizon case, we show
the Bellman principle to hold for the value function allowing for recursive
solutions. Furthermore, it follows that 7 is an optimal stopping time, i.e.
a solution to the initial problem. Note, that the variational Snell envelope
coincides with the multiple prior Snell envelope in case of multiple prior
preferences as introduced in [20]. It coincides with the “good old” Snell
envelope as e.g. set out in [17] in case of a unique subjective prior.

3 Variational Supermartingales

From the approach to optimal stopping in terms of Snell envelopes or more
generally with multiple prior Snell envelopes as in [20], we know that the value
function satisfies some kind of martingale property until optimal stopping
and some kind of supermartingale property thereafter. We now come up
with an appropriate notion of martingale for dynamic variational preferences
generalizing the notion of multiple prior (sub-, super-) martingales in [20]:

Definition 3.1. Given dynamic minimal penalty (oi™™)ien satisfying equa-
tion (1). Let (My)ien be an (Fi)ien-adapted process with EQ[|M,|] < oo for
allt € N and all Q € M. (M;)en is called a variational (sub-, super-)
martingale with respect to (ai™™);en if the following relation holds for t € N:

1 Q min = (> < .
e%sejl\zlf(E [My1|F] + of™(Q)) = (=, <)M,
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[20], Lemma 6, shows an elegant way to characterize the concepts of mul-
tiple prior (sub-, super-) martingales in terms of (sub-, super-) martingales
with respect to a worst-case distribution P* € Q. However, this result is
owed to the simple structure of (a™™),cy in the multiple priors case. Un-
der variational preferences we can state a similar result for variational su-
permartingales as being a supermartingale “modulo penalty” with respect
to some worst-case distribution Q* € M. This non-vanishing penalty is
the reason why the intuition of an agent behaving as expected utility maxi-
mizer under the worst case distribution does not carry over from [20]. The
worst-case distribution is achieved recursively: At each time t, the worst-case
conditional one-step-ahead distribution is chosen. In [20], time-consistency is
needed to ensure the recursively pasted distribution to be again in the set pri-
ors Q. By definition of M and equation (1), we obviously have that pasted
distributions are again in M: of%(Q) < oo implies o}*™(Q) < oo. The
most important part in our construction is that, given equation (1), pasting
of worst-case one-step-ahead distributions is consistent with being of worst-
case type: Having achieved a worst-case distribution from t + 1 onwards, we
paste this with the one-step-ahead worst-case conditional distribution from t
tot+ 1 and achieve the worst-case distribution from time t onwards.

Proposition 3.2. Let (M;)ien be an adapted process and (a™™);en satisfy
equation (1).

(a) If (My)ten is a Q-submartingale for all Q € M, then (My)ien is a varia-
tional submartingale with respect to (a/™n);.

(b) (My)ten is a variational supermartingale with respect to (™™ )ien if and
only if there exists a Q* € M such that (M;)ien is a Q*-supermartingale
“modulo penalty”, i.e.

EY [Mya|F] + o™ (Q) < M.
In particular, (My)ien is a Q*-supermartingale, i.e. EQ [M,,|F] < M,.
Proof. See Appendix A.2 m

Remark 3.3. By lemmata in Appendiz A.2, the foregoing assertion can be
generalized to: 3 Q* € M such that Vt,s we have

EY (M| F] + ap(Q")snpy < M.

In the same token as in [20], we generalize standard results for super-
martingales to our notion of variational supermartingales.

Proposition 3.4 (Doob Decomposition). Let (Si)ien be a variational super-

martingale with respect to dynamic penalty (o™ )ien satisfying equation (1).
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Then there exists a variational martingale (M;)seny with respect to (ai™™)ien
and a predictable non-decreasing process (Ay)ien, Ao = 0, such that S; =
M; — Ay for all t and this decomposition is unique.

Proof. See Appendix A.3 O

In [20], the proof of optional sampling is immediate as the minimal penalty
vanishes; here we mimic the proof of the original optional sampling theorem.

Proposition 3.5 (Optional Sampling). Let (S;)ien be a variational super-
martingale with respect to dynamic minimal penalty (ad™™)sen Satisfying equa-
tion (1) and o < 7 be universally finite stopping times. Then

> : Q min )
S, > e%sejl\l/rllf (]E (S| Fo] + a (@))

Proof. See Appendix A.3 n

Corollary 3.6 (from Propsition 3.5). Let (S;)ien be a variational super-
martingale with respect to dynamic minimal penalty (a™™)sen satisfying equa-
tion (1). Then we have for every universally finite stopping time T

Siat > €ss Q}gﬁl (]EQ[ST/\(t—‘rl)’ft] + 04?“(@)) :

Proof. See Appendix A.3 O]

4 Main Results

We are now enabled to state and prove the main results of this article.
These directly generalize the results in [20] to dynamic variational prefer-

min

ences. Throughout, we assume (af™™);<r to satisfy equation (1).

4.1 Finite Horizon

Let T" < oo. The following result extends the fundamental Propositions
VI-1-2 and VI-1-3 in [17] to dynamic variational preferences:

Theorem 4.1. (a) The variational Snell envelope (Uy)i<r defined in equation
(4) is the smallest variational supermartingale with respect to (™)< that
dominates (X)i<r-

(b) We have Uy = V; for all t < T, i.e. the variational Snell envelope,
equation (4), equals the problem’s value function, equation (3).

(c) T from equation (5) is the smallest optimal stopping time, i.e. solves
the optimal stopping problem stated in Remark 77.
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Proof. See Appendix A.4 m

We now state a minimax-theorem allowing to interchange the “inf” and
“sup” in the formulation of the problem: It does not matter if nature chooses
a worst case distribution first and then the agent maximizes or vice versa.

Theorem 4.2 (Minimax-Theorem). For every t < T, we have

ess sup ess inf (]EQ X |Fy] + amin ) = ess inf [ ess sup EQ[ X | 5] + o™ .
s supes inf (E°LX, 173 +0f(Q)) = ess it ess sup B[] + 0™ (©)

Proof. See Appendix A .4 O

Remark 4.3. Posed in another way, we have

Uy = inf (E2[X,|F] + o™ (Q)) = ess inf (U2 + o™ (Q)),
; e;ifgpegeg( X\ F] + o™ (Q)) = ess inf (U7 + o)™ (Q))

where U;@ denotes the Snell envelope of the expected-utility optimal stopping
problem with subjective prior Q. Hence, we do not have the elegant result as
in [20] that the variational Snell envelope (Uy)i<r is the lower envelope of the
individual Snell envelopes (Ué@)tgp as the penalty is not necessarily zero.

Remark 4.4. Set QM the worst-case distribution for dynamic variational
preferences and Q2 the worst-case distribution for multiple priors in Q as-
suming M = Q, i.e. the sets of distributions with finite penalty coincide.
Let (Vi)i<r denote the value function for dynamic variational preferences
and (VtQ)th the value of the optimal stopping problem with subjective prior
Q for an expected utility maximizer. We then have

Vi = ess sup (E@" X, F] + ap™(@Y)) > V2.

T>1>t

In particular, smallest optimal stopping times differ. Furthermore, we see

v, > Ve
In other words, sophistication of (aj™),<r increases expected reward. In-
tuitively: The agent has more information on the likelihood of distributions
available under variational preferences than under multiple priors and hence
values the problem more. Stated in other terms more important to applica-
tions in risk management: Convex risk measures assess risk in a more liberal
fashion than coherent ones given the sets of considered distributions coincide.
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4.2 Infinite Horizon

Let T' = 0co. We now show the value function to satisfy the Bellman principle:

Theorem 4.5. (a) The value process (V;)ien as defined in equation (3) is the

smallest variational supermartingale with respect to (o™ )ien that dominates

the payoff process (Xi)ien-
(b) The value process (V;)ien satisfies the Bellman principle, i.e.

V; = max {Xt, esteji\fllf (E° Vi | 7] + ozf“in(@))} for allt > 0.

(c) 7" := inf{t > 0|V, = X,} is the smallest optimal stopping time.

(d) Let (UF);<r denote the variational Snell envelope with respect to (af™™);<r
for the optimal stopping problem of (Xi)i<r truncated to finite horizon T <
o0o. Let (Vy)ien denote the wvalue of the infinite problem. Then we have
limy o UL = V; for all t > 0.

Proof. See Appendix A.5. O]

The last part of the foregoing theorem is particularly valuable for con-
structive solutions of infinite models in terms of limiting solutions of trun-
cated ones.

5 Examples

In this section, we consider optimal stopping problems for prominent exam-
ples of dynamic variational preferences. First, we consider stopping with
dynamic multiplier preferences or, equivalently, dynamic entropic risk mea-
sures. Secondly, we apply our theory to a generalized version of average value
at risk (gAVaR) particularly paying attention to time-consistency issues.

In [20], simplicity of examples is due to triviality of the dynamic minimal
penalty for multiple prior preferences. In particular, for monotone problems,
this fact allows to obtain a worst-case distribution by virtue of stochastic
dominance for the expectation operator. Then, the agent behaves as expected
utility maximizer with respect to this worst-case distribution. As the penalty
is not trivial here, we might have a trade off between stochastic dominance on
the payoff process and the penalty. Hence, the worst-case distribution cannot
be attained any longer by stochastic dominance for the payoff process even in
the monotone case. Furthermore, we observe that correlation is introduced
even in quite simple contexts.
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5.1 Dynamic Entropic Risk Measures

As first example we consider dynamic entropic risk measures as in [4] and
[11] or, equivalently, dynamic multiplier preferences as in as in [15].

Definition 5.1. For P < Q, locally, we define the conditional relative en-
tropy of P with respect to Q at time t > 0 as

. Z 7Z Z
H,(P|Q) := EF {m (é) ’ ]—}] — k¢ {7? In (7?) ' ]—'t} T(z.50},

where Z, == |
! dQ Ft

Basic properties of relative entropy are stated in [7]. As we assume local
equivalence, the indicator function in the last equation vanishes.

We now formally introduce dynamic multiplier preferences:

Definition 5.2. Let 6 > 0. We say that dynamic variational expected reward
(m£(X;))i<r is obtained by dynamic multiplier preferences given reference
model Q or, equivalently, by dynamic entropic risk measures, if its robust
representation is of the form

7¢(X,) = ess inf (EP[XTU-}] + Hﬁt(P|@)> . (6)

PeM

Intuitively, the agent expects a reference distribution Q € M most likely
and distributions further away — in the sense of relative entropy — seem to be
more and more unlikely.

Remark 5.3. The variational formula for relative entropy implies
m(Xr) = ~0I(EC[e 0| F)).

Proposition 5.4. Dynamic multiplier preferences with reference distribution
Q € M are time-consistent: Its robust representation has minimal penalty
a™(P) = 0H,(P|Q) fort <T, P € M. Hence, we have

R00) = Xy + s int ([ w6 aCON+ 0H (IQURD ) s
#€M|ft+1

where we set Hyq (u|Q(-|F)) = E“[ln(m_f%)] which, by abuse of no-

tation, we write as IE?“[IH(WLE )N, e Mz,
t+1
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Proof. The specific form of minimal penalty is shown in [11], Lemma 6.2;
time-consistency in [11], p.92. The intuitive representation in terms of one-
step ahead penalty can straightforwardly be achieved by Corollary 2.10; as
the calculations are simple but extensive, we do not state them here.

O

As we want to achieve explicit solutions, we further confine ourselves:

Assumption 5.5. Let the underlying probability space (2, F, (Fi)i<t, Po) be
given as the z'ndependent product of the time-t state space, (S,S,vy), S C R.
Then Py = ®L_,v, and F, is generated by the projection mappings ¢; : 0 — S,
t <s. In particular, the € ’s are i.1.d. with vy under Py.

As in [20], we confine ourselves to the set

dPP

bl .— PP P
M { ° dPy |

=D/ Vt, (B): C [a,b], predzctable}

Dl = exp(32t_, Bees — St L(Bs)) for some predictable process (By)i<r C
[a,b] C R and L(B,) := In [, e vy(dx).

Notation 5.6. The reference distribution of the entropic penalty write as
Q = P%, ie. (8})i<T denotes the process defining the penalty’s reference
distribution. Other distributions in MY write as P := P%. Then, the
entropic penalty with reference distribution Q is given by

apn () = 0P | S (82— ey — 3 [L(AY) — L(ﬁi)]‘ f] .
s=t+1 s=t+1

We write E? := EP’ and ﬁt(ﬂ2’61) = Ht(]P’ﬁZ’Pﬁl) as well as a™n(3?).
Note, in case Q = Py, we have (ﬁtl)KT — 0 and hence for P = P%°: mm(ﬁ2) =

oR” [ZsttH Bes — Es t+1 L(5;) Ft]

Hence, the value function is achieved by

V; = esssupess inf R
t<r<T B?Cla,b]

T
X, 40 ( S (8- e, )

s=t+1
ft]

T
- 3 - 1)
= max {Xt ;s inf B [Vir + 0 (B30 — Bira)er

s=t+1
5t+1€[a b]

(L)~ L)
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In particular, we see that the value of the problem — and hence the worst case
distribution — depends on the reference distribution Q = PP of the penalty.

To further solve problems under entropic risk, we constraint ourselves to
monotone problems:

Assumption 5.7. X; := f(t,¢), t < T, where f is a bounded measurable
function that is strictly monotone in the state variable €;.

For monotone payoff processes under multiple priors it is shown in [20]
that U, is increasing in ¢;. However, having a look at the proof therein, we
see that this crucially depends on ¢; being independent of F;_; which does
not hold in case of dynamic variational preferences. Furthermore, in [20] the
calculation of a worst case measure is done by virtue of stochastic dominance
on the payoff process. It is intuitive that this cannot work as elegant under
variational preferences as the penalty is not trivial. In particular, in the
entropic case, the worst-case measure depends on the reference distribution
Q: there might be a trade off between stochastic dominance on (X;); and the
penalty: The penalty increases the further nature moves away from Q and in
direction of a distribution minimizing the expectation of the payoff process.

Example 5.8. Let f be increasing and the reference distribution be P*. We
encounter for the first term in the value function, B [f(1,e,)|F]: P* is
stochastically dominated, i.e. minimizes that term on M@P. P* also mini-
mizes the penalty: Hy(3%|a) is increasing in 52 on [a,b], H, > 0 and zero if
and only if P?* = P*. Hence we have equivalence of the problem under dy-
namic multiplier preferences and the expected utility problem under the worst
case distribution P* as in Theorem 5 in [20]:

Proposition 5.9. Let f be increasing, T < oo, and 7 denote the optimal
stopping time for the classical optimal stopping problem of (X;)i<r under
subjective distribution P?, i.e. 7% solves maxo<,<r E*[X;]. Let Q = P* be the
reference distribution for the penalty. Then, T* s the solution to the robust
problem with dynamic multiplier preferences (7§)i<r.

Proof. For all increasing bounded measurable functions h : 2 — R and all
t > 1, we have by Lemma 13 in [20]

E*h Fiiil = essinfE”[h Fo_l+ min 0H, (5%a
[ (Et)’ t 1] 62[(117% [ (Et)| t 1] gZE[a,b} t 1(5 | z
=H;(ala)=0

_ inf Eﬁz B ]f[, 2
ess inf ( [h(e)|Fia] + OH 1 (8 ]a)),
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where the last equation follows as the joint minimizer of both summands is P?.
Given this result, we can mimic the proof of Theorem 5 in [20]: Let (Uy)i<r de-
note the variational Snell envelope of the problem with multiplier preferences
and reference distribution P* and (Uf*):<r the classical Snell envelope with
respect to subjective prior P*. For t =T, we have Ur = X = f(T,er) = U§
and hence increasing in ep. As by induction hypothesis U, is an increasing
function of €1, say U;11 = u(€;41) for some bounded measurable increasing
u, we have for all t <T

U, = max {f(t, €), essinf (Eﬂ2 (U1 |Fe] + Qﬁt(52|a))}
,@26/\/[[“’6]

= max< f(t, &), Ea[UtH]ft]—i-Gﬁt(ala)
=0

= mnax {f(t, Et), ]Ea[Ut+1|ft]} = Uta
[

The argument in the foregoing proof for the case Q = P* is that P* mini-
mizes EF[f(t,¢,)] as well as H,(P|a). Of course, this does not hold true if the
reference distribution Q@ = P is such that A} is not identical a. Then, we
have a trade off between a decrease in the first term, E¥[f(¢, ¢;)], which is in-
dependent of P?' | and an increase of the penalty in the second term, ﬁt(]P’W b,
the further nature deviates from the reference distribution P?".However, mov-
ing from P?' in direction of the upper extremal distribution P?, both terms
increase:

Proposition 5.10. Let Q = P?" € MY be the reference distribution of the
entropic penalty, and f be increasing. Then, the worst-case distribution P>
satisfies 37 € |a, B}] Vt.

Proof. For h as above, we have

ess it {E[h(e)| Fia] + Hia (818 } < B (el Foma] + Hia (15

for all 52 € [}, b] for all t as H,_1(3'|5") = 0 and > 0 else and furthermore
]@52 [h(er)|Fi_1] is increasing in 32 as seen in the proof of Lemma 13 in [20]. As
H,(-|8") is strictly increasing on [}, b], we have strict inequality on |3}, 0]. [

Remark 5.11. In particular, we see that the worst case distribution depends
on the specific form of f, not just on f being increasing. This has severe
consequences for the complexity of calculations: Let us for example take the
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case of an American call as considered in [20]. When out of the money,
nature cannot just apply a distribution low enough to likely staying out of the
money but also has to take care of being close enough to Q not to increase the
penalty too much. In particular, the one step ahead worst case distribution
depends on the current state: In case of dynamic variational preferences,
correlation is already introduced for the call that has independent rewards
under multiple priors as shown in [20].

In general, we obtain a negation of Theorem 5 in [20] for our approach:

Remark 5.12. Let (32); denote the process of the worst-case distribution for
the monotone problem under dynamic multiplier preferences (m§)i<r. Then,

U = maX{XﬁEBE“[UtHU:t]+9Ht+1(3t2+1|wl('|ft))}

> max {Xt;EB?“ [Ut—i-l‘«/ft]} = UtB27

where Ut’é2 denotes the classical Snell envelope of the optimal stopping problem
under subjective prior given by 3%. In particular, we see that

= irtlf{Xt = Ut} > irtlf{Xt _ UtB2} _ 7_,32*'

The intuition in [20] is not valid anymore: The agent does not behave as
the expected utility mazimizer under the worst case distribution. Howewver,
sophistication of the penalty has increased the problem’s value.

Example 5.13 (American Options in CRR-Model). Consider an agent with
expected reward (7§)i<r given by parameter 6 = 1 and reference distribution
P’ i.e. the agent to consider the market as “emerging”. We consider Amer-
ican options for the Cox-Ross-Rubinstein (CRR) model: Let  := {0,1}7,
T < oo. Let ¢, : Q — {0,1}, t < T, be the projection mappings and Py such
that €’s are i.i.d. under Py with Pole; = 1] = Po[e; = 0] = 1. Let M pe
given as in Assumption 5.5. As in [20], we then have for all 5 := (B;); that
PPle, = 1|1Fi—1] € [p; p), where p := 1_6:;1 and p := % Let P* be again the
distribution induced by the constant process with 3y = a for all t and equiva-
lently for P*. Then, under P%, s are i.i.d. with P*[e,] = p and equivalently
for P with P*[e;] = p.

The “ingredients” of the CRR-model are given by a risk-less asset with
value process By = (1 + 1) for some fized interest rate r > —1 and a risky
asset with value process Sy at t such that So =1 and

_ o (1+d) ife1=1,
St+1 - St { (1 + C) Zf €t+1 — O;
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where we assume the constants to satisfy —1 < ¢ < r < d for the model not
to allow for arbitrage opportunities.

Let AP(t,S;) bei an American put and, hence, decreasing in Sy for all t.
Let (U})i<r denote the classical Snell envelope of AP(t,S;) under subjective
probability P°, i.e.

Ub(t, S;) = max {Ap(t, S pUL(E+ 1, 8,(1+d)) + (1 — p)UL(E+ 1, Sy(1 + c))} .

The following assertion holds: The variational Snell envelope (Uy);<7 of the
American put problem with dynamic multiplier preferences (7f);<7 and refer-
ence distribution P? satisfies (U;);<r = (U?)i<r. In particular, the worst case
distribution is given by P and, as the penalty vanishes for this distribution,
the optimal stopping time is given by 7* = inf{t > 0|AP(¢, S;) = U?} = 7%,
i.e. the optimal stopping time 7% of the problem under subjective prior P°.

The proof of this assertion is immediate by virtue of stochastic dominance:
As in Appendiz H in [20], we show for the variational Snell envelope (Up)i<r
that Uy = u(t,S;) = UL, t < T, for a function u that is decreasing in the
second variable: First, we have Up = AP(T, St) = UL by definition. For an
inductive proof, we write with a slight but intuitively understandable misuse
of notation Hy(pys1 @ pras ® ... [PV for p; € [p;p] and note that H(p®
P®...[P") =0 and > 0 else. From the induction hypothesis, we have u(t +
1,Si(1+d)) <u(t+1,5(14c)) and hence

Ut:max{Ap(t,St) o min {prau(t+ 1,81+ d)
Pt+1€[p;p]

+(1 = peg)ult + 1, 5:(1 + ¢))
+H(piy1 QPR ... |]P>”)}}
= max {Ap(t,St) ;o pu(t+1,8:(14+d)+ (1 —plu(t+1,5:(1+c))

+Ht(ﬁ®ﬁ®...|IP’b)}:Uf.
=0

In a way, the result in the example is more like a self fulfilling prophecy
as the agent assumes the worst-case distribution to be the most likely one.
The same holds true for an American call with reference distribution P*: In
that case, the reference distribution is also the worst-case one. However, due
to the tradeoff effects, P* is not the worst-case distribution for the American
call when P? is the reference distribution; as P’ is not worst-case distribution
for the American put when P* is the reference one.

"Formally: }::\[t(thrl ®@ Pry2 @ ... |PY) = fIt(]P’ﬂ\]P’b) with (8¢)i<r such that PBle; =
1|Fi—1] = pi for t < T; well defined as py, ..., p; drops by general definition of H,.
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5.2 Dynamic Generalized AVaR

In the financial industry value at risk (VaR) still is a standard method for
risk quantification and risk management. Prominence of VaR is due to its
simplicity and intuitive appeal. Though widely used, VaR is not convex:
Applying VaR, a risk officer runs the danger or accumulating a highly risky
portfolio. A standard example is inter alia given in [16]. Being aware of
VaR’s shortcomings, average value at risk (AVaR) is introduced taking into
account not only loss probabilities in terms of quantiles, as VaR does, but
also the amount of possible loss. Nevertheless, AVaR is still intuitive and
easily implemented by virtue of

1
AVaRy\(X7) = X/ VaR,,(Xr)dm
0

for some level A €]0,1[. It can be shown that AVaR satisfies a robust repre-
sentation with minimal penalty

amin(@) — { 0 if CcllT;(% S %a

oo else.
Hence AVaR is a coherent risk measure. Elaborate discussions on AVaR can
be found in [16]. A generalization, called utility based shortfall risk measure,
is introduced in [12]. A convenient representation for AVaR which has an
immediate generalization to a convex risk measure, called generalized AVaR
(gAVaR) here, is given in [12]. This convex risk measure gives raise to a
variational preference in the canonical way.

As shown in [6] as well as [2] the natural dynamic extension of AVaR, and
hence of gAVaR, in terms of conditional expectations is not time-consistent.
We thus define a time-consistent dynamic version of gAV aR, directly induc-
ing a time-consistent dynamic variational preference, recursively in terms of
the penalty function as in [15] by composing one period ahead penalties.

To introduce a dynamic version, we start with the static convex risk
measure gAVaR for some end period payoff Xr € LY as in [5]:

Definition 5.14. For (0, 3,p) €]0,00[x]1, 00[x[1, 00[, define the risk mea-
sure gAVaR for Xp € LY, called generalized Average Value at Risk (gAVaR):

1
gAVaR)?(Xr) == min {5 (s — XT)JFH;j - s} :

where || - ||, := (EFol#r | - V’])% denotes the usual p-norm.
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For ease of notation, we do not explicitly state the parameters but just
write gAVaR instead of gAVaRg ? when these are obvious. We have:

Proposition 5.15. (a) For (8, 3,p) € ]0,00[x]1,00[x[1,00[, gAVaR,? is

- GAVa d
a convex risk measure with minimal penalty ammgAVR(@) = CH% ;
T g
where q 1= z%’ d:= % and ¢ = 4131 =4d~". Hence
d d
gAV&Rg’p(XT) = sup § E¥U7r[—X;] — ¢ H Qls, :
QeM dPo| 7y
(b) For 0 €]0,1], 5 =p =1, we have || A0y |0 = esssu ]dQ‘fT | and hence
sy L1 =p=1 dPO‘]:T oo T p dﬂm0|]:T
the robust representation becomes
d 1
gAVaRy' (Xr) = sup {E@VT [—X7] [0 < Ol < —}
QeM dPo|rp — 0
= AVaRy(Xr).
Proof. cp. [5]. O

A time-consistent dynamic version of AVaR for end period payoff X
is recursively achieved in [6]. Mimicking this approach by virtue of the
definition of time-consistency for dynamic convex risk measures, i.e. p;, =
pi(—pis1), we would obtain a time-consistent dynamic version of gAVaRg P
However, this would not be in terms of a robust representation needed to
achieve explicit solutions in terms of worst-case distributions. Hence, we use
the minimal penalty a™****** of the static gAVaR as defined in Proposition
5.15: We apply the recursive procedure from [15], Theorem 2, in terms of

one period ahead penalties (v¥"*),<1 to achieve a time-consistent dynamic

minimal penalty (a®***"), 7. Define v/ on M|z, by

wl Y[\’
(.. 7))

a?ingAvaR(Q)(w) = { 0 Q=1 for w € Q,

,Yi]AVaR(Q|ft+l(_|f't)) = c (E]P’O

. ingAVaR
and recursively (o™ )e<r:

Definition 5.16. Let F, € F;. Set

oo else

mingAVaR

a; (Q@(F) = /aﬁ?gAvaR(Q(-lfm))d@(-IFt)+7§’AV“R(@(-IE)IEH)

if Q(Fy) >0,
oM Q)F) = oo if Q(F) =0,
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min8AVaR

fort <T. Hence, for Xp € LY, we define (13 i<t bY

mingAVaR

7rta (XT) = eﬁSQSe/ixfllf {E@ [XT’Ft] + Od;njngAVaR (Q)} '

min8AVaR . . . . . .
Remark 5.17. (79 )e<T 1S a time-consistent dynamic variational pref-

erence: It is a dynamic variational preference by virtue of its definition in
terms of a robust representation. Time-consistency follows by Proposition

s gAVaR . . . . .,
2.9 as (aj™™ Vi<t 1S defined recursively in terms of the no-gain condition.

Thus, we have a recursive representation for the variational Snell enve-
R

lope of time-consistent dynamic variational preferences (7f! )i<r. This
representation enables us, given an explicit structure of (X¢)¢<r, to solve the
problem for an optimal stopping time 7* as in Theorem 4.1.

mingAVa

6 Conclusions

We have generalized the theory of optimal stopping with multiple priors as
set out in [20] to dynamic variational preferences introduced in [15] or, equiv-
alently, dynamic convex risk measures in [11]. To achieve our results, we have
introduced the notion of variational supermartingales as a generalization of
the usual notion of supermartingales. For this concept, we have obtained re-
sults including a Doob decomposition and optional sampling. These enabled
us to generalize the classical optimal stopping approach for an expected util-
ity maximizer in [17] (Section VI.1) in terms of Snell envelopes to the case
of dynamic variational preferences by virtue of variational Snell envelopes.
We have achieved minimal optimal stopping times and an explicit character-
ization of worst-case distributions. We have shown that the solution to the
infitite horizon problem can be approximated by a sequence of solutions for
an approximating sequence of finite horizon problems. A further insight is
a minimax theorem similar to a minimax result in [23] but making use of
time-consistency.

Our results were applied to prominent examples: dynamic entropic risk
and dynamic generalized average value at risk. For the latter, we are not
aware of any reference having considered this notion in a dynamic context.

To conclude, the virtue of the present article is that optimal stopping
problems are now solved for dynamic variational preferences or, equivalently,
dynamic convex risk measures. This is important for applications on financial
markets: coherent risk measures, as a robust approach reducing model risk,
are too conservative. Convex risk measures are a comprehensive vehicle to
more liberally assess risk while still being robust, as no specific probabilistic
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model is assumed, and satisfying the “margin of conservatism” required in
the Basel II accord.

Our approach leaves a realm for further generalizations. It seems possible
to achieve the results in this article for general time-consistent (monotone)
monetary risk measures, i.e. relaxing the convexity assumption. Of course,
in that case, the robust representation in terms of penalty o does not hold
anymore. However, as explicitly stated, the variational Snell envelope does
not need a robust representation and can hence be generalized to more general
risk measures as done in [4], Chapter 5.3. It is shown that the value function
is time-consistent and again a monetary risk measure. Due to a missing
robust representation, the solution is not explicit. The next direction in
which theory might be generalized is to relax the assumption of the payoff
process being essentially bounded. Several of the cited references consider
convex risk measures for LP processes or, as in [5], risk measures defined on
Orlicz spaces.

Besides these theoretical considerations, further examples and concrete
applications might be elaborated: dynamic convex risk measures based on
expected shortfall, inter alia elaborated in [12] and [9], are a generalization
of dynamic entropic risk measures or dynamic multiplier preferences when
loss is not exponential.

At last, the problem might be considered in a continuous time setting.
Several approaches to convex risk measures in a time-continuous framework
are available: In [3], dynamic convex risk measures are achieved by virtue of
BMO martingales. A special case of this approach is given in [22] via BSDE
resulting in g-expectations as introduced in [18].

A  Proofs

A.1 Proof of Proposition 2.9

Proof of Proposition 2.9. (i) 7 < t: In this case, X, is F;-measurable and in
particular F;,;-measurable. Hence, by conditional cash invariance, we have

Wt(XT) =X, = 7rt+1<X7‘)

and hence m(X;) = m(me1(X5)).
(i) 7 >t + 1: “<”: 1If, for all Q € A, we have

o)™ (@) < E? [} (Q)|F] + ess inf o™ (Q ®11 P),
then also

o™ (Q @11 P) < E¥*0F [01(Q @441 P)| 7] + o™ (Q).
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It is immediate that
{E°[X | Fra] + 1 (P) : P e M}
is downward directed. Hence, there exists a sequence (P,),, C M such that
EP (X, Fop] + a3 (B) N\, mea(X,).
As M is closed under pasting, we obtain for all Q € M and such P,:

0 (X5)

ess (i@nf (EY* P IX | F) + o)™ (Q @41 P))

EQ®t+1Pn (XA F) + a™(Q @411 Py)

EQPa X | F] +EQP [0 (Q @4y Py)| ] + 0™ (Q)
=EQ [EFn [)‘(:lfm] | %]

E® [E™[X,|Fia] + o3 (BL)| Fi] + o™ (Q).

IAINA

Hence, letting n — oo, we achieve for all Q € M
m(Xr) < E® [me (Xo)| F] + o™ (Q).
Applying the essential infimum to this expression yields
T (Xr) < (e (X7)).
“>7. Assuming
0™(Q) 2 E2 [af3(Q)F) + ess inf 0} (Q @i P)
for all Q € M, we obtain

ECLXC|F] + o™ (Q)

> EYX,|7] +E [aff3(Q)|F] + ess inf o™ (Q @0y P)

> ess inf (E®@ 1P [EC (X, | Frpa] + ¥ Q)| ] + o™ (Q @11 P))
> eISP’Se./i\Ellf (E®=0F [r0 (X)) Fi] + 0™ (Q @41 P))

> m(m (X)),

Applying the essential infimum, we achieve

T(X7) 2 (T (X))
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Proof of Corollary 2.10. By conditional cash invariance, we have
7.‘—13()(7') - XTH{Tgt} + ﬂ-t(ﬂ—t—‘rl(XT))]I{TZt-f—l}‘
As w41 is Fyy1-measurable we have, whenever 7 > ¢ + 1,

mi(m (X)) = s inf (B3mea (X)|F] + of ™ (Q))

= ess Inf | E*5 P (X0)| ]+ ™ (R @1 P)

-~

ERIFt+1 [me41(X7)|Ft]
= ess inf (]E'u [7Tt+1 (X’T) |f;§] + Ofinin (,LL ®t+1 ]P))

ueM|ft+1 PeM

= inf | E*[m1(X;)]F inf o)™ P
355t (1 (X7)] tHf%Seiﬂl " (1 @t z

A.2 Proof of Proposition 3.2

The following lemmata directly generalize Lemmata 9 and 10 in [20] to dy-
namic variational preferences applying interim results from [11].

Lemma A.1. Let Z € LF. Then, for any stopping time 7, the set
{E°[Z|F] + o™ (Q) : Q € M, P7|. =Pyl }

is downward directed, i.e. for any Q1,Qy € M with Q1|£. = Qo|£, = Pol£.,
there exists Q3 € M with Qs|z, = Po|£. such that

E®[Z|F,] + aF™(Qs) = min {E® [Z]7] + 2™ (Q1);E®(Z] 7] + 2™ (Q2) }

Proof. Let Q; and Q, be chosen as above. Consider some arbitrary set
B € F. and define Q3 by virtue of

dQs dQ, dQ,
A g o, 02
aP, PR, B R,

We have Q3 € M, Qs|z, = Py|£., and by [11], Lemma 3.3, we have the local
propery of dynamic minimal penalty:

a™™(Q3) = Ipa™™(Qy) + Igca™™(Qy) < oco.
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Now, define B € F, by
B = {E®[Z|F,] + a"(Q2) > EX[Z|F] + a7"(Q)}
Then, by definition of Q3 and the local property, we have

E%[Z|F,] + oM™ (Qy)
= (E¥[Z|F] + ™ (Q1)) I + (E®[Z|F] + o™ (Q2)) Ipe
— min {EQI[ZL?ET] + o™ (Q,); ER[Z|F,] + OérTnm(QQ)} ;
which completes the proof. n

Lemma A.2. For all 4 € M|z, there exists P* € M(:|Fis1) such that
™ (1 @141 P7) = ess infpep((z) " (1 i1 P).

Proof. By the weak compactness of the set of density processes, it is sufficient
to show that there exists a sequence (P,), C M(:|F41) such that

Q™ (1 @pp1 Pr) N\ Pee/)\%ls(~\ij-‘nil) @™ (1 @1 P).

Hence, it suffices to show that for all 1 € M|z, the set
{0 (1 @441 Pn) 1 P € M(|Fip0)}

is downward directed, i.e. for every P1,Py € M(:|F11), there exists a P3 €
M (| Fiy1) sucht that

min { @} (1 @41 P1), o™ (1 @41 Pa) } = o™ (1 @411 Py). (8)
Indeed, set A := {a"™ (1 @411 P1) < ™ (1 @441 P2)} and define P3 by

dPs dlP, dlP,

St B N Paut)

B, a4 dP,
By Lemma 3.3 in [11], we have o™ (u ®;y1 P3) = Taa™™(pu @1 P1) +
[yoa™™ (1t ®411 Po) since pp @441 Py = (10 @411 P1)la + (4 @441 P2)l 4. Hence,
equation (8) to holds. O

Lemma A.3. Let Z € L, s <T, and 7 a stopping time. Then there exists
P™ € M sucht that P7| . = Po|, and

ess inf (EU[Z|F) + &™(Q)) = BT [Z|F] + o™ (P7)[{ssry.-
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Proof. In case 7 > s, the assertion obviously holds true by conditional cash
invariance: Both sides of the equation equal Z.
Hence, we consider the case 7 < s. To show: 3 (P,,),, C M with
Pp| 7 = Po|, such that
ess inf (EYZ|F] + a™(@Q)) = lim E™[Z|F] + o™ (P,,).
€

m—00

= EP~[Z|F]+ o™ (P,,)

for some P, € M by weak closeness assumption as P,, —,,00 Poo weakly.
Setting P, =: P” then concludes the proof.

It leaves to prove existence of a sequence (P,,),, C M with the above
properties: As in the proof of Lemma 10 in [20], Bayes rule as well as the
dependence of «; only on the F,-conditional distribution allows us to restrict
attention to Q € M such that Q = Py on F;. This is made explicit in
Corollary 2.4 in [11]. Hence, existence of the sequence is assured by Lemma
A.1 showing the set {E®[Z|F ]+ - (Q) : QeM, P =Py} to
be downward directed. O

Corollary A.4 (from Lemma A.3). For all Z € LgS,, 3u* € M|z, s.t
ess inf (E[Z]F] + (1)) = B [ZF] + ().

.U‘GM|.7:15+1
Lemma A.2 and Corollary A.4 prove Proposition 3.2:

Proof of Proposition 3.2. ad (a): Let (M;)ien be a submartingale for every
Qe M,ie.

E°[My1|F) > M, YQe M
: Q min
= e%se/l&llf {E%[My1|F] + o™(Q) }
> ess inf E%[M, inf o™
= ess Inf EX[M,1 | Fi] + ess inf o)™ (Q)
= ess inf E%[M, > M,.
ess in (M| Fi] > M,
ad (b): “<” Let Q* € M be such that M; > EQ[M,|F] + o (Q*).
Then obviously, M; > ess infgen {E%[M11]|F] + o™ (Q) } and hence (M;)ien
is a variational supermartingale w.r.t. (a™"),cy and a Q*-supermartingale:
M, = E¥ [My|Fi] + o™™(Q") = E¥ [Mys | 7).

“=" By making use of Corollary 2.10, we will explicitly construct a worst-
case distribution Q" € M that satisfies

My, > ess inf (B[M,| ] + o™ (Q))

= E¥[My|F] + o™ (Q)
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for t < T, attained due to continuity from below. Let M(-|F;) denote the
set of all distributions in M conditional on F;. We have

M; > ess inf (E¥[My| 7] + o™ (P))

PeM
= ess inf EQFe41 [T (Mig) |F) + 7(Qlg, (| F))
s, eMIz,, —_—

Miqq
by Corollary 2.10
- EQ*l}_’f“ [MtJrl‘ft] + fYt(Q*’}'H-l("ft))
with Q" as achieved in Corollary A.4
= E¥Rn [Myy1|Fi] + ess u»e/\/tiﬁf )Oéimn(@*|ft+1('|-7:t) ®¢41P)

| Fer1
= EQ*MH&HQ*('IEH)[Mt+1’-7:t] + Oé;,nin<@*‘]'—t+l("ft) t+1 @*<"-7:t+1>>
by Lemma A.2 and Bayes rule on the first summand
= EYP M| F]+ o™ (Q (| F))
= E¥ (M| F] + o™ (Q"),

where Q*(-|F) := Q*| £, (:|Ft) @141 Q*(-|Fes1) is the pasting of the Q*|£,’s,
s > t, and Q" the respective recursive pasting. The last equality makes use
of the fact that the dynamic minimal penalty only depends on conditionals —
hence justifies our intuitive notation — and that the conditional expectation
is the unconditional one with respect to the conditional distribution. O

A.3 Proofs of Propositions 3.4 & 3.5

Proof of Proposition 3.4. (a) Uniqueness: Let S = M — A as in the assertion:

ess inf (EQ[StH — S+ A — AR+ a?m(Q))

Qem
— 1 Q o min
= e%Se/l\l;[lf (E [Mt+1 Mt|ft] + Qy (@))
_ : Q min _ _
= e%sg/l&lf (E [Mt+1|ft] + y (Q)) Mt O7

as M is assumed to be a variational martingale. By uniqueness of o™, due
to the relevance assumption, and as A is assumed to be predictable, we have

A = Ay —ess inf (B¥[S,0 — S| + o™ (@)

This shows uniqueness of A and hence of M.
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(b) Existence: Define (A;)ien by virtue of Ay = 0 and

Arpr = A - e(%se}\fllf (EQ[StH — S| F] + a™(Q)) .

Then, A;y1 € Fy, i.e. (Ay)en is predictable and non-decreasing as (S;);en is
a variational supermartingale. Set M, := S; + A;, then

. Q min o
e%sejl&lf (B} M| R + o™ (Q)) — M,
= e%Se./i\Ellf (E%[Sps1 — St + A1 — A F] + "™ (Q))

= Ay — A+ e%seji&lf (EQ[St+1 — Si|F] + Oé;nin(Q)) =0.

Thus, (M;)sen is a variational martingale with respect to (a™");ey. O

Proof of Proposition 3.5. We know from Proposition 3.2 that there exists a
worst-case distribution P* € M such that

Sy > EY [Spa| F) + o™ (P7).

(i) First, we show that for fixed N € N a stopped “supermartingale modulo
penalty” (Sya¢)ien is again one such. Le.

Snne > EF [Sna@+) | Fe] + a?in(P*)H{Nﬂ}- (9)
Indeed, we have

t
Snae = So+ Z]I{Nzk}(sk — Sk-1)

k=1

t
> Sp+ Z]I{Nzk}(sk — Sk-1)

k=1
L1y (BT [Ser — S F] + o™ (PY))

t
= E¥ So + ZH{NZk}(Sk’ — Sk_1) + ]I{NZtJrl}(StJ’_]_ — S| F:

k=1
+a" (P*) v sy
= EY [SnaeenlF] + o™ (P xsgy-

(ii) Note: By (i), we have for a variational martingale (M;);en

EY [Myy] = EY [Mynag+1) + a?in(P*)H{N>t}|ft]
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and in particular

t—1

My + Z a?m(P*)H{N»}] VN, t.

=0

EY [Mo] = EX

Moreover, it holds

t—1 00
Jim EY [Myae+ Y o™ (P)nsqy) = EF [My]+E D o™ (P nsgy)-
=0 =0

Hence,

EF" [M,] = EF [My] + EF

> ol (B )Ly
=0

We set 37 @ (P*) [y = S0y a™(P*). Now, let B € F, and define
SB .= olg + klge, TP :=71lg+ klge,

where x := sup N. Then S? and T'? are stopping times. By equation (1):

o—1 k—1
EY | MIp+ > o™ (P | +EF | Mg+ ) a?in(P*)ﬂBc]
L =0 =0
[ SB—1 TB_1
= E¥ |Mgo+ Y af™(P)| =EF [Mo] =B | Mo + Y o™ (P")
i=0 1=0
- T—1 k—1
= E¥ |MJIg+ ) of™(P)g| +EY | Mg + ) af‘in(]P)*)HBc] :
L =0 =0
and hence

EF [M,15] = EF

4y a?m@*»h] .

=l

Since this holds true for all B € F,, we have

T7—1
EY (M, |F,] = EF [M, + Y o™ (P*)| 7],
i.e.
7—1
M, =E" | M.+ Y a™(P)| Fp | + 2™ (P*) 50}
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Summing up, we have shown for 7 > o

M, > BV (M| F,] + o™ (B) > ess inf (BM:|F,] + o)™ (Q))

for a variational martingale M; for 7 = o

Ma' = MT - EP* [MT|fU] - e%SE./i\ﬂlf <EQ[MT’fU] + affnln((@))

as «, is grounded and M, € F,. Hence, for 7 > o

My > E7[M:|Fo] + ag™(P*) s

: Q min
e%sejl&llf (]E (M| Fs| + o (Q)) )

>
>

For (S)ien being a variational supermartingale, the conjecture then follows
from Proposition 3.4:

ess inf (E2[S, — S,|F,] + al™(Q))

QeM
= inf (EQ[ M min M, +A, —A_ <O.
ess inf (EYM-|Fo] + o™ (@) — My + 4, — A, <0
~~ o <0
<0

Hence,

> : Q min )
S, > e%sejl&lf (IE [S:|Fo] + al (Q))

]

Proof of Corollary 3.6. From the first part of the proof of Proposition 3.5,
we have

*

EP [ST/\(t-‘,-l)’ft] + Oé,lfnin<P*)]I{T>t}

. Q min
e<s@seiﬂlf (ER[Sra@en|Fe] + 4™ (Q)) -

ST/\t

AVARLY,

In case 7 < t we have

; Q min _ : min _
ess inf (EV[S,[ 7] +a"™(Q) = S; +ess inf a™(Q) = S
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A.4 Proof of Theorems 4.1 & 4.2

The following proof is analog to the respective one in [20].

Proof of Theorem 4.1. ad (a): By definition we have U; > X;, t < T, and

U, > ess inf (E° U] 7] + e (Q))

for all t < T — 1. Hence, (U;)i<r is a variational supermartingale with re-
spect to (a"™),«7 exceeding (X;)i<r. Let (Z;);<r be another such variational
supermartingale with respect to (af"™),<p. We show (Z;)i<r > (U;)i<r in-
ductively: By definition Zp > X = Up. Assuming Z;,1 > U, 1, we achieve

Zy = e%Se/i\l}f E%[ Z1 | F) + o™ (Q)

>Ui41
> ess inf (B2 U] F] + a™(Q)) -

Thus, as by assumption Z; > X;, we have hence shown (a):
Zy > max {Xt, GSQS /i\l/ftlf (EQ[Ut+1|.7:t] + Oéinin(@))} =U;.
€

ad (b): We first show “>": By Proposition 3.5, we have for the variational
supermartingale (Up)i<r > (Xi)i<cr and all t <7 < T

Us 2 ess inf (E2[U-| 7] + af™(Q)) = ess inf (BX[XC|F] + o™ (Q)) -

Hence, we have

U; > ess supess inf (]EQ[XTLE] + a?in((@)) =V,.

t<r<T QeM
To show “<”, we define the stopping rule
7, =inf{s > t: Us; = X, }.

Now, fix t < T. If we can show the stopped variational supermartingale
(Usary )i<s<T to be a variational martingale with respect to (@), o, We

are done: Indeed, in that case we have, as 7,7 > ¢,

Uo = ess inf (E%[U+|F] + o™ (Q)) = ess inf (E?[X,+|F] + o™ (Q))

QeM
< ess supess inf (E°[X,|F] + o™ (Q)) = V..

t<r<T QeM
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Hence, it leaves to show the variational martingale property of the stopped
variational Snell envelope (Ugnz )i<s<r: Let t < s < T.
(i) Whenever 77 < s, we have U(s11)a = Urs = Usprr and hence

s inf (E[U(ssiyars |Fs] + aM™(Q)) = ess inf (EQ[Usnrz | Fs] + ™(Q))

o : min _
= Usnry +ess inf a™(Q) = Usnry.-

s

(ii) For 77 > s, we have (by (a) and the definition of 7;) Us > X and hence

Uspry = U, = max {Xs,e%s@i\zlf (E@[Usﬂ\}—s] + a?in((@))}

_ . Q min
estejl&lf E°l Usr  |F] +ag™(Q)

:U(s+l)/\7'£‘<

(i) and (ii) show the stopped variational martingale property.
ad (c): Let t = 0. Then by definition

=70 =inf{s > 0: Us = X}
and (Ugp.+)s<r is a variational martingale with respect to («

ess sup ess }\E{lf (EUX )+ af™@Q) = Vo=U,

0<r<T Q€

min

) <. Hence

_ . Q . min
esése/l\fllf (E [Ur|Fo] + o (Q))

= esgse/i&lf (E%[X -] + o™ (Q)) .

Hence, 7* is optimal. Morover, any stopping time such that Po[7** < 7] > 0
cannot be optimal as in that case, by definition of 7% and part (b),

Vo > ess inf (E2[X,] + af™(Q).
0

Proof of Theorem 4.2. “<”:. This inequality is shown in [21] for general minimax-
problems.
“>". By virtue of Proposition 3.2 there exists a Q* € M such that

ess sup ess inf (EUXA|F] + o™ (@)

T>r>t Q€
= ess sup (EY [ X |F] + o)™ (Q)r>)
T>7m>t

> ess infess sup (E?[X,| 7] + o™ (Q) >4
QEM T>7>¢

= ess inf ess sup (EQ (X | Fe] + Oé?lin(@))

QeM  T>7>¢
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min

as o™ is grounded, i.e. on {7 = t}, we have

. Q min — : min —
ess nf (E¥[X| 7] + a"™(Q)) = X + ess inf o™ (Q) = X,

A.5 Proof of Theorem 4.5
Again, the proof follows the lines of [20].

Lemma A.5. Let (™) be a dynamic minimal penalty satisfying equation
(1). Fort €N, the set
T > t}

is upward directed, i.e. for any two stopping times 71, T2, there exists a stop-
ping time, say, T3 >t such that

{ess inf (E2[X, |7 + o™ (Q))

QeM

. Q min
ess inf (E%[X,| 7] + of™(Q))

= max {Q inf (E2X, 7]+ 0f™(Q) 5 ess inf (EYX| 7] + of™(Q)) } .
Proof. Define A € F; by

A= {oss int (B9 7]+ P (@) > e (Bl + 0™(@) }

and the stopping time 73 := 74 + 0.
“>7”. By Lemma A.3, there exists Q3 € M such that

e&s@i&f (EQ[XTgLﬂ] + ozflin(@)>
= EB[X,|A] + o™ Q)5

= E®[X,| ALy + EV X, | F]Lie + o™ (Q3)[rysina + 0™ (Qs) s iynac
= (B (X0 ] + o™ (@) 5y ) L + (E® (X | F] + 0™ (Q3)Ir,01 ) Lac

> . (@ min . Q min

> essinf {E X, | F] + o (Q)} L+ ess inf {IE [Xo, | 7] + o (Q)} Iyc
_ . Q min . . Q min

= max {ease}\r/tlf {E (X, | Fi] + o ((@)} ; e(%sejlaf {E (X, | F] + af (Q)}} ,

where the second equality follows from the local property of minimal penalty,
[11] Lemma 3.3.
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“<”: Since
E%[X,,| ) + o™ (Q)
= (E°[X,|F) + o™ (Q)) Ia + (B [X | F] + o™ (Q)) Lye,
we have

. Q min
ess inf {E (X | 2] + o} (Q)}

= essinf {E@ X, | Fi] + a;gnin(@)} Ly + ess inf {E@ (X |7 + a;nin(@)} 140

< max {e&% inf {E%[X 7] + o™ (@} ; ess inf {EYX, 7] + a?in(@}} -

]

Proof of Theorem 4.5. ad (b): “>": By Lemma A.5, there exists a sequence
(7)1 of stopping times, such that

ess inf (E°[X,, | Fsa] + Q) % Vit

QeM

Hence, making use of time-consistency and continuity from below, we have

e(%seji\fllf (E2 (Ve |7 + o™ (Q))

= lim ess inf (EQ {ess inf (E"[X,, | Fia] + )2 (P)) ’ ft} + Ozflin((@)>

k—oo QeM PeM
= Jim ess inf (E°[X,| 7] + of"™(Q)) < Vi

Furthermore, by definition of (V})en, we have V; > X; and hence Vt > 0
V; > max {Xt> ess inf (B [Viga |7 + Oéinin(@))} :

“<” Given 7, t, set 0 := max{7,t+1}. Then, by conditional cash invariance,

. Q min
e(ase/l&lf (IE [(X-|Fi] + of (Q))

= Xillr<y +egs inf (EQ[X 1] + a™(@) Trsrin)

= X<y
+ e(as@i&f <EQ [e]}sbse/i&f (EP[XULEH] + Ozf}:ﬂl((@)) ‘ ft] + afﬁn((@)> Iir>e41y

IN

max {Xt, ess i (B9(Viga ] + a?m@))} ,
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as ess infpe v (EF[Xo|Fipa] + 021(Q)) < Viga.
This shows “<” since the above inequality holds for all 7 > ¢ and hence

for the ess sup,,;. Hence (b) is achieved.
ad (a): By (b) we have for all ¢

Vi > e(%Se/i\Etlf (EQ[VtHU}] +a™(Q)) and V> X,
Hence, (V;)sen is a variational supermartingale with respect to (af™");en and

Vi > X;. Let (W})en be another variational supermartingale with respect to
(), ey exceeding (X;)ien. By Proposition 3.5 we have for all 7 > ¢t € N

Wi = ess inf (E¥[W|F] + af™(Q)) 2 ess inf (E¥[X:| 7] + af™(Q))

as W, > X, and, hence,

W, > ess sup ess inf (E@[XTLE] + a?in((@)) =V,

>t QeM

ad (c): As in the proof of Theorem 4.1, we can show (Vir,«)sen to be a
variational martingale. By our continuity assumption, we hence achieve

e%seji\fllf (EQ [V« | Fo] + ag‘ﬁ“(Q))
fo] + Oé](r)nin(@)) = V.

= i inf (E¢[Viu,-

s (B0
ad (d): Since (X;)ien is assumed to be bounded, (U] )< is bounded,
too. Furthermore, enlarging the set of stopping times when considering the
process up to 7'+ 1 instead of T, we have Ul < U!*™!. Hence, the limit
U := limg_, Ul is well-defined for all ¢. Hence, by continuity from below

uf
Ur = zll_{glo max {Xt; eSQSe/i&lf (EQ[U£1|]—}] + a?in(@»}

= max {Xt; eSQSE}&lf (EC[U | 7] + a?in(@))} :

Thus, (Uf®)ien is a variational supermartingale with respect to (a™™);cy
exceeding (Xi)ien. We now show (Vi)ieny = (UP°)ien, where (Vi)ien is the
infinite horizon problem’s value function: By (a) and (U;)ien being a varia-
tional supermartingale exceeding (X;);en, we have (U )ien > (Vi)ien. From
the finite horizon problem, we have for all 7" and ¢

Ul = esssupess inf (E°[X,|F] + o)™ (Q))

t<r<T QEM

< ess supess inf (EQ (X | F) + a?ﬁn((@)) =V.

t<r<oco QEM
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Hence, for all t, it holds

U7 = Jiny UF < Vi

This shows (V;)ien = (U°)ien and completes the proof. O
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