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Abstract Markov decision process (MDP) is a decision making framework where a deci-
sion maker is interested in maximizing the expected discounted value of a stream of rewards
received at future stages at various states which are visited according to a controlled Markov
chain. Many algorithms including linear programming methods are available in the literature
to compute an optimal policy when the rewards and transition probabilities are deterministic.
In this paper, we consider an MDP problem where the transition probabilities are known and
the reward vector is a random vector whose distribution is partially known. We formulate
the MDP problem using distributionally robust chance-constrained optimization framework
under various types of moments based uncertainty sets, and statistical-distance based un-
certainty sets defined using ¢-divergence and Wasserstein distance metric. For each type of
uncertainty set, we consider the case where a random reward vector has either a full support
or a nonnegative support. For the case of full support, we show that the distributionally robust
chance-constrained Markov decision process is equivalent to a second-order cone program-
ming problem for the moments and ¢-divergence distance based uncertainty sets, and it
is equivalent to a mixed-integer second-order cone programming problem for an Wasser-
stein distance based uncertainty set. For the case of nonnegative support, it is equivalent to
a copositive optimization problem and a biconvex optimization problem for the moments
based uncertainty sets and Wasserstein distance based uncertainty set, respectively. As an
application, we study a machine replacement problem and illustrate numerical experiments
on randomly generated instances.
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1 Introduction

An MDP is a decision making framework to model the performance of a stochastic system
which evolves over time according to a controlled Markov chain. We consider the case where
the system has a finite number of states. At time ¢ = 0, the system is at some initial state
so € S, where S is a finite state space, according to an initial distribution y, and a decision
maker chooses an action ag € A(sg), where A(iso) denotes the set of finite number of actions
available to the decision maker at state so. As a consequence a reward R(sg, ag) is earned
and at time ¢ = 1, the system moves to a new state s; with probability p(so,ao, s1). The
same thing repeats at time ¢ = 1 and it continues for the infinite horizon. The decision taken
at time ¢, which could be deterministic or randomized, may depend on the history /4, at time
t, where h; = (so, a0, S1,-..,8:-1,dr-1, St ). Let H; be the set of all possible histories at time
t. A history dependent decision rule f; at time ¢ is defined as f; (h;) € p(A(s;)) for every
history h, with final state s;, where p(A(s;)) denotes the set of probability distributions on
the action set A(s;). A sequence of history dependent decision rules f* = ( S1)72, is called a
history dependent policy. The policy is called Markovian if each f; in the sequence (f1);2,
depends only on the state at time z. A Markovian policy (f;);2,, is called a stationary policy
if there exists a decision rule f such that f; = f for all z. Therefore, a stationary policy can
be represented as a sequence of the same decision rules (f, f,...) and with some abuse
of notations we can denote it as f, and define f = (f(s))ses such that f(s) € p(A(s))
for every s € S. As per a stationary policy f, whenever the Markov chain visits state s, the
decision maker chooses an action a with probability f (s, a). We denote the set of all history
dependent and stationary policies by POy p and POg, respectively. A history dependent

h
policy f € POy p and an initial distribution y define a probability measure PJ; over the

h
state and action trajectories, and E; denotes the expectation operator corresponding to the

probability measure Pf; h. For a given policy f” and an initial distribution 7, the expected
discounted reward at a discount factor a € (0, 1) is defined as [1,[32]

)

Va(y, fh) =(1- Q')E;/Ch (i o' R(X;, Ay)

t=0

=Z Z ga(y,fh;s,a)R(s,a), (@)

seS acA(s)

where X; and A, represent the state and the action at time ¢, respectively. For a given policy
i, the set {go (v, " s, a)}(s,a) is the occupation measure defined by

ga(y. fhis.a)=(1-a) Y a'P} (X, =s5.A =a). Vs €S, a € A(s).
t=0

When the running rewards and the transition probabilities are stationary, i.e., R(X; = s, A; =
a) = R(s,a) and P(X;41 = 8’| X; = 5,A; = a) = p(s,a,s’) for all ¢, we can restrict to
stationary policies without loss of optimality [1}[32]]. It follows from Theorem 3.2 on p. 28
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in [1]] that the set of occupation measures corresponding to history dependent policies is
equal to the set of occupation measures corresponding to stationary policies and further it is
equal to the set

Qu(y) = {p e RIXI | Z (s, a)(é(s’,s) —ap(s, a,s')) =(1-a)y(s'), Vs €8,
(s,a)eK

p(s,a) >20,VseS, ace A(s)},

such that the value of the expected discounted reward defined by (I) remains the same;
d(s’, s) is the Kronecker delta and K = {(s,a) | s € S,a € A(s)}. Therefore, the optimal
policy of the MDP problem can be obtained by solving the following linear programming
problem [32]]
T
max R, 2
PEQa(y) P @
where R = (R(S,a))ses,acA(s) 18 a running reward vector and T denotes the transposition.
If p* is an optimal solution of (2)), the stationary optimal policy f* can be defined as

p*(s,a)

f (s’ a) - ZaEA(s) p*(s’ a) '

VseS, aeA(s),

whenever the denominator is nonzero (if it is zero, we choose f* () arbitrarily from p(A (s)))
[1]]. In practice, the MDP model parameters R(-) and p(-) are not known in advance and
are estimated from historical data. This leads to errors in the optimal policies [26]]. Most
efforts to take into account this uncertainty focused on the study of robust MDPs where
the rewards or the transition probabilities are known to belong to a prespecified uncertainty
set [[22,28,41,46,47]. However, Delage and Mannor [9] showed that the robust MDP approach
usually leads to conservative policies. For this reason, a chance-constrained Markov decision
process (CCMDP) was introduced in [9]], where the controller obtains the expected discounted
reward with certain confidence. In [9]], the case of random rewards and random transition
probabilities are considered separately and it is shown that a CCMDP is equivalent to a
second-order cone programming (SOCP) problem when the running reward vector follows
a multivariate normal distribution and the transition probabilities are exactly known. When
the transition probabilities follow Dirichlet distribution and the running rewards are exactly
known, the CCMDP problem becomes intractable and the optimal policies can be computed
using approximation methods. Varagapriya et al. [42]] considered a CMDP problem with
joint chance constraint where the running cost vectors are random vectors and the transition
probabilities are known. They proposed two SOCP based approximations which give upper
and lower bounds to the CMDP problem if the cost vectors follow multivariate elliptical
distributions and the dependence among the constraints is driven by a Gumbel-Hougaard
copula.

In many practical situations, it is often the case that only a partial information about the
underlying distribution is available based on historical data. In that case, a distributionally
robust approach, is used to model the uncertainties, which assumes that the true distribution
belongs to an uncertainty set based on its partially available information. Such an approach
has been used in modelling the uncertainties of many optimization and game problems
[23,124,39]]. There are at least two popular ways to construct an uncertainty set for the
distribution of the uncertain parameters. The first one is based on the partial information
on moments of the true distribution and the second one is based on the statistical distance
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between the true distribution and a nominal distribution. The moments-based uncertainty
sets assume certain conditions on the first two moments [8,[101|31]]. The statistical distance-
based uncertainty sets contain all the distributions which lie inside a ball of small radius and
center at a nominal distribution which is usually considered to be an empirical distribution
or a normal distribution [13,23]]. To define a distance between the distributions, either a
¢—divergence [3l[23]] or Wasserstein distance metric is used [[13}{15|51]].

In this paper, we consider an infinite horizon MDP with discounted payoff criterion
defined in Section[T]where the reward vector is arandom vector and the transition probabilities
are known. The distribution of the reward vector is not completely known and it is assumed
to belong to a given uncertainty set. We formulate the random discounted reward with a
distributionally robust chance constraint which guarantees the maximum reward for a given
policy with at least a given level of confidence. We call this class of MDP as a distributionally
robust chance-constrained Markov decision process (DRCCMDP). The random reward vector
has either a full support or a nonnegative support. We consider both moments and statistical
distance based uncertainty sets. The main contributions of the paper are as follows.

1. We consider three different types of moments based uncertainty sets based on the
full/partial information on the first two moments of the random reward vector. For
the case of full support and nonnegative support,a DRCCMDP problem is equivalent to
an SOCP problem and a copositive optimization problem, respectively.

2. We consider four different types of ¢-divergences to construct statistical distance based
uncertainty sets. We show that a DRCCMDP problem is equivalent to an SOCP problem
when the nominal distribution is a normal distribution.

3. We consider the nominal distribution to be an empirical distribution when statistical
distance based uncertainty set is defined with Wasserstein distance metric. For the case
of full support and nonnegative support, we show that a DRCCMDP problem is equivalent
to a mixed integer second-order cone programming (MISOCP) problem and a biconvex
optimization problem, respectively.

4. We illustrate our theoretical results on a machine replacement problem [9].

The paper is organized as follows. In Section [2| we define a DRCCMDP under a dis-
counted payoff criterion. Section[3|contains a DRCCMDP under moments based uncertainty
sets and their equivalent reformulations for the case of full and nonnegative supports. A
DRCCMDP under statistical distance based uncertainty sets defined using ¢-divergence
metric and Wasserstein distance metric and their equivalent reformulations are presented in
Section [d] The numerical results on a machine replacement problem is given in Section [3}
We conclude the paper in Section [6]

2 Distributionally robust chance constrained Markov decision process

We consider an infinite horizon MDP defined in Section [T| where the transition probabilities
are exactly known and the running reward vector is a random vector defined on a probability
space (Q, ¥,P) which is denoted as R. Therefore, for each realization w € €, Ié(s, a,w)
represents a real valued reward received at state s when an action a is taken. We assume
that the random vector R does not vary with time. Since R is a random vector, for a given
policy f”* and initial distribution y, the expected discounted reward defined by (T)) becomes
a random variable. We consider the case where the controller is interested in a maximum
discounted reward which can be obtained with at least a given confidence level (1 —¢), where
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€ € (0, 1). This leads to the following CCMDP problem

sup y
yeR, fleFup

st P(Va(s, > y) >1-e 3)

Since the transition probabilities are exactly known, it follows from the discussion given in
Section [I] that we can represent the CCMDP problem (3) equivalently in terms of decision
vector (y, p) as follows

sup y
st. (i) P (pTﬁ > y) >1-e¢,
(i) peQa(y). “)

If then vector R follows a multivariate normal distribution, the optimization problem @
is equivalent to an SOCP problem [9]]. The above result can be generalized for elliptically
symmetric distributions because the linear chance constraint (i) present in (d) is equivalent
to a second order cone constraint [20]].

However, in most of the practical situations, we only have partial information about the
underlying probability distributions. Such situations can be handled with the distributionally
robust optimization approach, i.e., we assume that the distribution of R belongs to an
uncertainty set. This leads to the following DRCCMDP problem

sup y
. . TH _
s.t. (i) F1IE1%PF (p R> y) >1-¢
(i) peQa(y), 5

where F is the distribution of R and D is a given uncertainty set. The first constraint of (&)
can be written as

sup Pr (pTI? < y) <e€.

FeD
Note that Pr(pTR <y — ) < Pr(p"R < y) < Pr(pTR < y) for every # > 0. Therefore,
we can replace supgcp Pr (0TR < y) by suppcq Pr (0TR < ). Then, the problem (3) is
equivalent to the following problem

sup y

st. (i) sup Pg (pTlé < y) <€,
FeD

(i) p € Qa(y). (6)

In the following sections, we study different types of uncertainty sets of R which are defined
using i) partial information of moments of R, ii) ¢-divergence distance, and iii) Wasserstein
distance. For each uncertainty set, we consider the cases of full and nonnegative supports of
R. We derive equivalent reformulations of DRCCMDP problem (3) (or (6) equivalently) for
each uncertainty set.
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3 Moments based uncertainty sets

Let i € R!%! the mean vector and = > 0 a |K| x || positive definite matrix. We consider 3
types of moments based uncertainty sets of the distribution of R defined as follows:

1. Uncertainty set with known mean and known covariance matrix: The uncertainty
set of the distribution of R in this case is defined by

E(l{léap}) =1,
Di(p,u,2) = {F € MY |E(R) = p, ; N
E[(R-u)(R-p)']==2.
2. Uncertainty set with known mean and unknown covariance matrix: The uncertainty
set of the distribution of R in this case is defined by

E(Lige,y) = 1,
1)2(90,/1,2,60) =4F¢€ M+ E(Ié?\:/d, R P (8)
E[(R - ) (R - )] < 60%.

3. Uncertainty set with unknown mean and unknown covariance matrix: The uncer-
tainty set of the distribution of R in this case is defined by

E(l{ge,)) = 1,
D3, i, %,61,62) =\ F e MT| [B(R) = p] "™ [E(R) —p] <61, (0 9)
E[(R-p)(R-p)"] < 6%

where ¢ c RIX! is the support of R which we assume to be a convex set, M* is the set
of all probability measures on RI®! with Borel o—algebra, 61 = 0,682,600 = 1, u € RI(¢p);
RI(¢) denotes the relative interior of ¢. The notation A < B implies that B — A is a positive
semidefinite matrix and 1.y denotes the indicator function.

3.1 DRCCMDP with moments based uncertainty sets under full support

We consider the case when the random vector R has full support, i.e., ¢ = RI*!. We show
that the DRCCMDP problem is equivalent to an SOCP problem.

Theorem 1 Consider the DRCCMDP problem () where the distribution of R belongs to
the uncertainty sets defined by (), @), ©), and the support ¢ = RX|. Then, the DRCCMDP
@) can be reformulated equivalently as the following SOCP

max y

st (1) ulp- KIIE%pllz 2y,
(i) peQaly) (10)

where || - ||» denotes the Euclidean norm and « is a real number whose value for each
uncertainty set is given in Table[]

Proof The proof follows from the fact that for each uncertainty set the distributionally robust
chance constraint (i) of (3) is equivalent to a second-order cone constraint. The uncertainty
set (7) has been widely studied in the literature [7,[16]. For the uncertainty sets (8) and (9),
it can be proved using similar arguments used in Lemma 3.1 and Lemma 3.2 of [27] which
are based on the one-sided Chebyshev inequality [24]].
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Table 1 Value of « for moments based uncertainty set

Uncertainty set | D = Di(¢, u,2) | D=Dy(p,u,%,60) | D=D3(p,u,2, 1, 62)

« [1=c \/(1—?60 \/(l—?sz V3T

3.2 DRCCMDP with moments based uncertainty sets under nonnegative support

We consider the case where the support of the random vector R is a nonnegative orthant of
|K|-dimensional Euclidean space, i.e., ¢ = RL{K‘. We show that the DRCCMDP problem (6]
is equivalent to a copositive optimization problem.

Theorem 2 Consider a DRCCMDP problem (6) with ¢ = RL(Kl. Then, the following results
hold.

1. If the distribution of R belongs to the uncertainty set defined by (@, the DRCCMDP
problem (6) is equivalent to the following copositive optimization problem

max y

st. 1) —-t—-QoX—qTuc<e,

o -0 —%q +Qu |%K+1

ii e COP s

W \Trgmeute - uou)

o -0 ~3q+Qu+ap ) |%+1
iii e COP s
( )\—%qT+uTQ+/lpT —t—u"Qu—1-2y)

(iv) geS"™ a>o,
(V) peQa(y). (1)

2. If the distribution of R belongs to the uncertainty set defined by (@), the DRCCMDP
problem (6) is equivalent to the following copositive optimization problem

max y
st (i) —t-uTq-uTQu+6pZoQ <e,

L 0 -39 - 0pu CcoplXi+!

(i I -To o )€ ’

Lo 0 3(=q +p) — Q) [K+1

(iii) RSy — 7 2 T }ECOP ,

Gv) 0eS™ 1o,
(V) peQa(y). (12)
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3. If the distribution of R belongs to the uncertainty set defined by ®), the DRCCMDP
problem (@) is equivalent to the following copositive optimization problem

max y

st. (i) r+t<e,
1
(ii) (7%72‘;’) e CopIXI+!,
2

(ii)) 72 (522 +up") 0 0+ p g+ VElI22 (g +20p) |1,

. (0 3(q+p)\ |%]+1
(iv) \%(q+/lp)T rz_l_/ly}eCOP ,

v) 0eS™ axo,
(vi) peQa(y), (13)

where  COP/XI+! = {M e SIKH | xTMx >0, Vx e REK‘H}, S™ is the set of all real

symmetric matrix of size n X n, S} is the set of positive semidefinite matrices of size n X n,
o denotes the Frobenius inner product and (—) denotes a block matrix (or a partitioned
matrix).

In order to prove the first result of Theorem 2] we need the following lemma.

Lemma 1 Consider an optimization problem

sup  Pr(p'R <y), (14)
FeD(¢,pu.2)

where ¢ = ]R[Kl. If the feasible set of (14) is non-empty, the dual of (14) is given by
inf —t-QoX—-qTu
st () Areeyy +q"6+£706 = 26" Qu+u"Qu+1<0, Ve e R,
(i) Qes™,
such that strong duality holds.
The proof is given in Appendix@
Proof (Proof of Theorem[Z))

1. Let the distribution of R belongs to the uncertainty set D (¢, u, X). Using Lemma the
optimization problem () is equivalent to the following problem

sup y
s.t. (i) —z—QOE—qT,u <e,
(i) ¢"¢+€£706—26TQu+p"Qu+1 <0, veeR,
(i) 1+¢"¢+70¢ —26TQu+p"Qu+1<0, Ve RN, pTe <y,
(iv) QeS8 pea(y).
(15)
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The constraint (ii) of (T3) is equivalent to:
EDUE. DT 20, veerH,
where U € SII*1 guch that

-Q —3q+0u)

U= .
\-3¢"+u"Q -1 - u"0u)

Here, (¢7, 1) denotes the row vector of size 1 X (|| + 1) with the last component equals
1 and the first |X| components are the components of £. The above inequality can be
rewritten as

TUx >0, Vx e RIFM JIx[], = 1.

Using Proposition 5.1 in [21]], we deduce that the constraint (ii) of (I3) is equivalent to
U € COP!™*! The constraint (iii) of is equivalent to:

1+ (EDUET, DT >0, veeRT pTe <y, (16)

Define,

= i /15 5U? b .
sp frgé?m max  L(4.£.U.p.y)

. a7
sp=max min  L(4,&U,p,y).
A20 g /X

where £L(A,£,U, p,y) = -1+ (T, DUET, )T+ 2(pT¢ — y). In [8]], the authors use the
Sion’s minimax theorem [40] to interchange the minimum and the maximum. However,
since ¢ is not compact, we cannot apply the Sion’s minimax theorem directly in this
case. We show that ¢ can be restricted to a compact set without loss of optimality. For a
given U and p, we have

sp < maXL(/l, 0’ U,pa )7)
=0

=max(~t - p'Qu -y 1) =~ = p'Qu~-1<oo (18)
>

Therefore, using the min-max inequality sp < sp < oo. Let U; = U + %Iw(m and
pi=p+ %1, for every i € N, where I/, denotes the identity matrix of size |K|+1, 1
denotes the vector with all components equal to 1. It is clear from the construction that

pi > 0 componentwise. Since, L is a continuous function w.r.t U and p, we have

LOLE U piny) — L(A,€U,p,y), VEeRF 1 >0.

Since, the min and max operators preserve the continuity, we have

i—o0
min ma A E U, pi,y) — min ma ALEU,p,y).
.fe]é'f(' max  L(1.£.Ui.pi-y) §e]é‘f(‘ max  L(1.6.U.p.y)

i—o0
max min A, & U;, pi,y) — max min ALEU,p,y).
Azzfge]é‘f(‘ L(4,&, Ui, pi»y) Az(’fgeﬂéyﬂ L(4,&,U,p,y)

This implies that, if sp = sp holds for any U;, p;, i € N, it also holds for U, p. For an
arbitrary U; and p;, let the the optimal solutions of minimax and maximin problems
defined by are (&p, Ap) and (ép, Ap), respectively. We prove that &p and &p are
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bounded, i.e., there exists Yp > 0 and Yp > 0 depending on U;, p; and y such that
|I€pll2 < Yp and ||ép|l2 < Yp. Itis clear that Ap = 0 and p; &p — y < 0. Hence, we have

sp= =1+ (&, DU, DT,
1 1
= ~1+ (& DUE DT + 5116115+ o7

From constraint (i) of (T3), it follows that (£}, DU (&5, 1)T > 0. Therefore, if ||£p||2 —
o0, sp — oo. Therefore, ||ép||2 is bounded by some real number Y p > 0 which depends

onU;,p;andy. Asé € RKK‘ and p; > 0, componentwise, we have

liminf A(£)(pi & =) 2 0,

[1&]l2—e0
for any A(£) > 0. Then,

sp = =1+ (ép, DUi(€p, DT +Ap(pf ép — ¥),
1 1
= =1+ (ép, DUEp, )T + S l1épll3 + 57 + b (pi ép = ).

Itis clear that zi [I€p] |§ — oo and the other terms are lower bounded by some nonnegative
number. Therefore, sp — oo when ||£p||, — 0. Hence, ||ép]|> is bounded by some real

number Yp > 0 which depends on U;, p; and y. Let Y = max(Yp, Yp). Then, is
equivalent to

sp = min max  L(4,& U, plLy).
gerll | 1g]lp<x 420

Sp = max min L& UL P y).
20 gerlM|1g 1 <Y
Note that the set {f | &€ RL(K‘, [1€l]2 < Y} is compact. Therefore, from Sion’s minimax

theorem sp = sp for every U;, p;, i € N. For any & such that pT¢ > y, it is easy to see
that

max  L(4,&,U,p,y) =0
=0

The condition sp < oo gives pT¢ < y and A = 0 which in turn implies that

sp= min  L(0,£,U,p,y) = 0.
pTé<y

Therefore, (T6) is equivalent to sp > 0. Then, there exists a sequence of nonnegative
numbers A; > 0 and a decreasing sequence of positive numbers 6; > 0, such thatf; — 0
as j — oo, for which the following condition holds

{— 1+ DUE D + ;0" —y) 2 -0, VEeRK jen, (19

1;20,VjeN.
For each j € N, define

Fea(8;) ={(U,p,y,2) | -1+ (£, DU, DT+ A(p ¢ = y) = —0;, 1 > 0}.
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The feasible region defined by (I9) is equivalent to ﬂ Fea(6;). For any i < j,
Fea(0;) c Fea(0;). Therefore, Fea(6;) | ﬂ Fea(é?) as j — oo, The feasible set
Fea(0;) as j — oo is given by

€ DzE" D" 20 vee R, 00
120,
where Z € SI%I*! and
7| -0 —39+Qu+p |
\=3q"+uTQ+ T —1—uTOu-1-2y)
Using similar arguments as above, the constraint (20) is equivalent to
Z e COP™H > 0. 1)

This implies that the constraint (iii) of (I3) is equivalent to (2I). Hence, DRCCMDP
problem (@) is equivalent to (TT).

2. Let the distribution of R belongs to the uncertainty set D (¢, u, =, 8o). From Theorem
3.4 [8]], the dual of the optimization problem supz . Pr (pTR < y) can be written as

inf (=t —pu"g—p"Qu+ 600 Q)
s.t. (i) l{pT§<y}+t+q & - E Q§+2p Q£<0,VEeR,
(i) Qes™,

I‘K\

and the strong duality holds. The rest of the proof follows from the similar arguments
used for the case of the uncertainty set D (¢, u, X).

3. If the distribution of R belongs to the uncertainty set D3 (¢, 4, %, 81, d2), using Lemma
1 of [[10] the dual of the problem supy ., Pr (0TR < y) is given by

inf (r+1)

st (i) 721y —€'06-ETq, vVEeRK,
(i) 1> (625+up") 0 Q+p g+ VEilZ2 (g +20p)]la,
(i) QS

and strong duality holds. Again, the rest of the proof follows using similar arguments
used in the case of D; (¢, u, X).

Remark 1 Copositive optimization has been studied in the literature. In practical applica-
tions, the copositive constraints can be approximated conservatively by SDP (semidefinite
programming) constraints. We refer to [5}|6L148] for some recent researches about SDP
approximations.
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4 Statistical distance based uncertainty sets

In this section, we consider uncertainty sets defined using statistical distance metric known
as ¢-divergence and Wasserstein distance. For each uncertainty set, we propose equivalent
reformulation of DRCCMDP problem @) (or (6)).

4.1 Uncertainty set with ¢ -divergence distance

We consider an uncertainty set defined using statistical distance metric called ¢-divergence.
In such uncertainty set, a nominal distribution is known to the decision maker based on the
available estimated data. The decision maker believes that the true distribution of R belongs
to a ball of radius 64 and centered at a nominal distribution v and the distance between the
true distribution and v is given by a ¢-divergence. We show that the DRCCMDP problem
(@) is equivalent to an SOCP problem for various ¢-divergences.

Definition 1 The ¢—divergence distance between two probability measures v and v, with
densities f,, and f,,, respectively, and full support RI%! is given by

ENTAG
o = [ o248 racerae.

For different choices of ¢, we refer to [3]] and [29]. Let v € M* be a nominal distribution
with a density function f,. The uncertainty set of the distribution of R based on ¢-divergence
is defined by

Dy(v,04) = {F e M | I4(F,v) < 04}, (22)
where 64 > 0.

Definition 2 The conjugate of ¢ is a function ¢* : R — R U oo such that
¢"(r) =sup{rt—¢(1)}, Vr eR.
120

Lemma 2 Consider an optimization problem

inf  Pr(p"R >y). 23
Fennth o) F(p y) (23)

Then, the dual problem of is given by
-1+
A

sup {ﬁ—/l%—/w*( )PV(O)—M* (%g)(l —PV(O))},

2>0,B€R
where O = {f eRIKl | pTe > y}, such that the strong duality holds.

Proof We rewrite the primal problem (23) as a following semi-infinite programming problem

vp = inf /RW 1o(§)F(£)d¢

F>0
F(&)
(&)

(i) /R F@d=1. (24)

st (i) fv(§)¢(

dé < 6y,
RI%I )f ¢
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The dual problem of (24) is given by
Vp =

: F(§)
su —A04 + inf / (1 F(&)-BF()+A ( - ))d}}
AZO’};R {B ¢ F(f)zo{ » 0(§)F(&) - BF (&) + A1, (£)¢ 7 &
where A is the dual variable of the constraint (i) of (24) and 3 is the dual variable of the
constraint (ii) of (24). Since 6, > 0, the Slater’s condition holds which implies that the
strong duality holds, i.e., vp = vp. The rest of the proof follows from Theorem 1 of [23].

We study 4 cases of ¢p—divergences whose conjugates are given in Table[2] Using Lemma

Table 2 List of selected ¢—divergences with their conjugate

Divergence ¢(t),t >0 ¢*(r)
Kullback-Leibler tlog(t) —t+1. e -1
-1, r <-1,
Variation distance |t —1]. r, -1<r<l,
o0, r> 1.
-1, r <-2,
Modified y? - distance (t-1)2. 2
r+, r>-2.
r
Hellinger distance (Vr = 1)2. E’ rr;ﬁ’

the following result holds.

Theorem 3 Consider the DRCCMDP problem (B) under the uncertainty set defined by (22))
for the ¢-divergences listed in Table[3] If the reference distribution v is a normal distribution
with mean vector u, and positive definite covariance matrix X,,, the DRCCMDP problem
@) is equivalent to the following SOCP problem

max y
st () Py — @V F(04. Ol 2 .
(i) p € Qqu(y), (25)

where @Y is the quantile of the standard normal distribution and the values of 0y, € and
f (8, €) for different ¢-divergences are given in Table

Proof Using Lemma 2] we prove that the constraint (i) of (3) is equivalent to the following
constraint

P,(p"R =) = f(04,€). (26)

Since v is a normal distribution with mean vector y, and covariance matrix X,, it is well
known that (26) is equivalent to the constraint (i) of (23). The details of the proof for the
Hellinger distance case is given in Appendix [B| The proofs for Kullback-Leibler, Variation
distance and Modified y? - distance follow from Propositions 2, 3 and 4 of [23].
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Table 3 The function f for selected ¢—divergences

Divergence f (8¢, €) 04, €
e
Kullback-Leibler infxe0,1) % 0s>0,0<e<l
Variation distance l1-€e+ T"’ 0y >0,0<e<l
) —e2)—(1-
Modified y? - distance l—e+ V400 (e—€2)-(1-2) 0y 0p>0,0<e<i
20442
—B+VA
S
_0.,)2
where B=-(2-(2-64)%)e€ - %
Hellinger distance 2 2 0<6p<2- V2,0<e<1
(2-64)
C=|—F—-¢€
A=B2-4C=(2-04)2[4-(2-604)% e(1-e).

4.2 Uncertainty set with Wasserstein distance

We consider an uncertainty set defined using statistical distance metric called Wasserstein
distance. We show that the DRCCMDP problem (6) is tractable if the reference distribution
v follows a discrete distribution whose scenarios are taken from historical data. We refer to
Villani [43}/44]] for more details of the Wasserstein distance metric.

Let ¢ be a closed, convex subset of Rl and p € [1, o). Let 8(¢p) denotes the Borel o—
algebra on ¢. Let P (¢) be the set of all probability measures defined on 8B(¢) and P, (¢)
denote the subset of £ (¢) with finite p— moment and it is defined as

Pple) = {ﬂ €P(e) | /s 1€ = £ol|5 u(d€) < oo for some & € w}.
Eegp

It follows from the triangle inequality that the above definition of #,, (¢) does not depend
on &.

Definition 3 (Wasserstein distance) The Wasserstein distance W), (u, v) between vi, v, €
Pp () is defined by

P
W =( [ sy
oxe

YEPy vy (PX @)

where P, ,, (¢ X ¢) denotes the set of all probability measures defined on B(¢ X ¢) such
that the marginal laws are v and v;.

The uncertainty set using Wasserstein distance is defined by

Ds(¢,v,p.0w) ={F € Pp(o) | Wp(F,v) < Ow}, 7
where v € P, (¢) and 6w > 0.
Lemma 3 Consider an optimization problem
sup Pr(p R < y). (28)
FeDs(p.v.p.0w)
Then, the dual problem of (28) is given by
. I] _ . _ [] _
inf {ww L inf [y =211} = 1oy | v(dx)} : 29)

such that the strong duality holds and the optimal values of the primal and the dual problems
are finite.
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Proof Let E be a Polish space with metric d, $(E) be the set of Borel probability measures
onE, v e P(E)and ¥ € L'(v), where L'(v) represents the L' space of v - measurable
functions. It follows from Theorem 1 of [[15]] that the following strong duality holds

sup { / WEU(E) | Wy v) < ew}

HeP ()

= inf {/10",)‘, - A géfa [AdP(&,0) = P(&)] v(dg“)} < 00, (30)

A€R,A1>0

provided the growth factor given by Definition 4 of [[15] is finite. We apply this result in our
case by choosing E = ¢, d as an Euclidean metric and ¥(¢) = l{prsy} for all £ € ¢. For
this choice of W(¢), it is easy to see from Definition 4 of [[15] that the growth factor is zero.

Since {f e | plé< y} is a closed set, it is a Borel measurable set. Hence, it is clear that
¥ e L'(v) forall v € P(¢). Then, (30) reduces to

Ts . » ) »
sup Pr (P R < y) = in {/10 —/ inf [/1||§—§|| 11 ]y(dé’)}.
FeDs(@,v,p,0w) 120 w o €20 2 {pT€<y}

We consider the case when p = 1 and v is a data-driven reference distribution, i.e., it is
a discrete distribution with H scenarios &1, ...,&g, where &; € ¢, foreveryi = 1,...,H.
Using Lemma 3] we propose a deterministic reformulation of the DRCCMDP problem ().

Lemma 4 [f the distribution of R belongs to the uncertainty set defined by @7, the DRC-
CMDP (6) can be reformulated equivalently as the following deterministic problem

sup y
1 H
s.t. (1) Ow — E Zgi <le,
i=1

(ii) inf ||&-zlh2l+g,Vi=1,...,H,
y

z€p,pTz<
(iii) >0, peQqu(y), g <0,Vi=1,...,H. (31)
Proof Using Lemma [3} since v is a discrete distribution with H scenarios &1, ..., g, the

constraint (i) of (6) can be equivalently written as

H
1< .
ABw — H ;legi [/1”51 =zl - l{pTzsy}] <€ A12>0.

By introducing auxiliary variables #;, i = 1, ..., H, the above constraint can be rewritten as

(i) 0w - L3 ti<e 120 )
) infep (16— 2lb = proay | 200 Viz 1B
The constraint (ii) of (32) is equivalent to the following two constraints
(i) infeepdll§i -zl 21, Vi=1,....H, 3
(i) infyepprocy All&i—zla— 124, Vi=1,....H.

Since A > 0, inf,e, ||& — 2|2 = 0. Then, the constraint (i) of (33) is equivalent to #; < 0,
foreveryi = 1,..., H. Moreover, if 1 = 0, from the constraint (ii) of (33), #; < —1, for every
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i=1,...,H, which in turn implies —% Zfi \ 1; > 1. This violates the constraint (i) of (32).

Hence, 1 > 0. Let [ = ﬁ and g; = %, foreveryi = 1, ..., H. Therefore, the constraint (i) of

(©) is equivalent to the following constraints

Q) 0w -5 Xl g <le,
(11) infzego,pngy”é?i_Z”Z Zl'l'gi’ Vi= 1,~~~>H, (34)
(iii) >0, g,<0,YVi=1,....H.

This implies that the DRCCMDP () is equivalent to (3T).

The constraint (ii) of (BT)) includes inf term which makes it difficult to solve the problem
directly. We show that the optimization problem (31)) is equivalent to a MISOCP problem
and a biconvex optimization problem for the case of full support and nonnegative support,
respectively.

4.2.1 DRCCMDP under Wasserstein distance based uncertainty set with full support

Lemma 5 If o = R/X|,

inf 1€ - zll> = max

(0’ prE -y
prz=y

—) Vi=1,....H.
lloll2

The proof is given in Appendix [C] Using Lemmal[3} we have the following result.
Lemma 6 The optimization problem (31) is equivalent to the following optimization problem

sup y
1 H

st (i) ﬁHW—ﬁZbiSte,
i=1

(i) max(O,pT&—y)Zb,-+t,Vi:l,...,H,
(i) ol £B, t>0,8>0,p€Qu(y), bi <0, Vi=1,...,H. (35)
Proof Using Lemma the constraint (ii) of problem (3T)) can be written as

pTé&i—y

max (0,
llell2

) >l+g,Vi=1,..,H.
Let 8 > 0 be an auxiliary variable. Then, under the transformations ¢t = §I, b; = Bg;, for
every i =1,..., H, itis easy to see that (31)) is equivalent to (33).

H 1) such that p € Qa(y), B = |lpll2. b; = 0, for every

i=1,...,H,t= HTW||p||2 and y = min;=y__ g (p"&) — 19TW||p||2 is a feasible solution of
(B3). Therefore, the optimal solutions of (33) and the following optimization problem are

It is clear that a vector (y, p, 8, (b;)
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the same

sup y
| H
st. (i) ﬁew—ﬁ;bism,
(ii) max(O,pTg-:i—y)Zbi+t,Vi:1,...,H,

(i) y> m
i=1,...,

Gv) llpll2<B,t=20, B>0,p€Qu(y), b; <0, Vi=1,...,H. (36)
We reformulate the problem (36) as an MISOCP problem. In order to do that, we define a
Lemma 7 For every feasible solution of 36), M > |y — o &\ foralli=1,... H.
The proof is given in Appendix D}

Theorem 4 Consider the DRCCMDP problem (6). We assume that the distribution of R
belongs to the uncertainty set defined by 7) and ¢ = R|X|. Then, the DRCCMDP (@)) can
be reformulated equivalently as the following MISOCP

max y

H
1
st () Bow — Z b; < te,
i=1

Gi) Mu;>bi+t,Vi=1,... H,
(i) M(1-n)+p"&-y2bi+t,Vi=1,...,H,

(iv) n;€{0,1},Vi=1,...,H,

™) llpl <Bt=0,8>0,p€Qu(y),bi <0, Vi=1,... H. (37)

Notice that the parameter M is the well known big-M constant.

Proof Since, the distribution of R belongs to the uncertainty set defined by {27), the DR-
CCMDP problem is equivalent to (36). We show that (36) and (37) are equivalent. It is
clear that a vector (y, p, 8, (bi)gl,(m gl,t) such that p € Q4 (y), B = llpll2, bi = 0,
t = QTW||p||2, ni=1,foreveryi=1,...,H, and y = minj=y,_ g (p &) - HTW||p||2 is a
feasible solution of (37). Therefore, the optimal solution of (37) does not change if we add
constraint (38) given below
. Tz 0W
yz min (p°&) = —llpll, (38)
i=1,..., H €

to the feasible region of (B7). Now, it is enough to show that the constraint (ii) of (36) is
equivalent to (ii) — (iv) of (37). Let the constraint (ii) of (36) be satisfied, i.e.,

max(o,pTgi—y)zbiH,\ﬁ:l,...,H. (39)

Foreachi=1,..., H, we consider two cases as follows:
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Case 1: If max (0, pT&; — y) = 0, by choosing n; = 0, (39) is equivalent to the constraint (ii)
of (37). Moreover, using Lemmal[7} we have

M>l|y-p'él
Therefore,
M=) +p & —y>M—|y—p &l >0 b; +1.

Case 2: If max (0,p7&; —y) = pT& — y, by choosing 1; = 1, (39) is equivalent to the
constraint (iii) of (37). Moreover, using Lemma[7] we have

Mni=M=>p & —y>b;+1.

This implies that there exists n; € {0, 1} such that (ii) — (iv) of (37) are satisifed. Conversely,
suppose (ii) — (iv) of (37) has a feasible solution. If ; = 1, the constraint (iii) of (37) implies
the constraint (ii) of 6). If ; = 0, the constraint (ii) of (37) implies the constraint (ii) of

(36).

Remark 2 An MISOCP problem can be solved efficiently with BONMIN, PAJARITO or
BARON solvers.

4.2.2 DRCCMDP under Wasserstein distance based uncertainty set with nonnegative
support
Lemma 8 Let ¢ = RY(‘ and consider an optimization problem

inf |I& - zlla. (40)

z€p,pTz<y
The dual problem of [@0) is given by
max  Ai(p'& —y) - {1
st NIG=diplla <1, & e RXL A 2 0,
such that the strong duality holds.
The proof is given in Appendix [E}

Theorem 5 Consider the DRCCMDP problem (6). We assume that the distribution of R

belongs to the uncertainty set defined by 27) and ¢ = RL(Kl. Then, the DRCCMDP (@) can
be reformulated equivalently as the following biconvex optimization problem

max y
1 H
s.t. (i) Qw—ﬁzgiﬁlf,
i=1
(i) (e &-y) -l >1+g, Vi=1,... H,
(i) ||&—-Aplla <1, Vi=1,....H,
(v) ;20,5 eRX 150,4<0, peQu(y). Vi=1,....H. (4]

The proof follows directly from Lemma[d]and Lemma ]

Remark 3 The optimization problem (#I) is a non-convex reformulation with biconvex
terms. It can be solved by DMCP solver in CVXPY or nonlinear nonconvex optimization
solvers, e.g., IPOPT without any guarantee of running time.
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5 Machine replacement problem

In this section, we consider a machine replacement problem where a machine in a factory
has a life-time of N years. At every stage a maintenance of the machine is scheduled but a
factory owner can decide whether to repair or do not repair the machine. There is a high
probability that the machine behaves like a new one if it is being repaired and its life gets
reduced by a year if it is not being repaired. The factory owner incurs maintenance cost if
he decides to repair the machine. It can be modelled as an MDP problem where the life of
a machine represents the state of underlying Markov chain, i.e., there are N + 1 states. The
first state represents a brand new machine. At each state there are two actions: i) "repair”, ii)
"do not repair". The transition probabilities of the Markov chain with respect to each action
is given by Figure[5] where the solid lines and dotted lines correspond to action "repair" and
"do not repair”, respectively. The maintenance cost corresponding to every state-action pair
is not exactly known and is realised after the decision is made. Therefore, it is modelled with
arandom variable. We assume that for every state action pair (s, @), the maintenance cost is
defined as é(s,a) = K + Z(s, a), where K represents the fixed cost and Z (s, a) represents
a variable cost which is a random variable. The machine generates a revenue L(s,a) at
state-action pair (s, a) and the profit for each (s, a) € K is given by

R(s,a) = L(s,a) — K — Z(s,a). (42)

The factory owner is interested in maximizing the expected discounted profit. We assume
that the factory owner has a finite number of the same machines which are modelled using
the same Markov chain. Therefore, we compute the optimal repair policy with respect to a
single machine and the same repair policy can be applied for all other machines.

Fig. 1 Machine replacement MDP with two actions: "repair" (with solid lines) and "do not repair" (with
dashed lines)

All the numerical results below are performed using Python 3.8.8 on an Intel Core
i5-1135G7, Processor 2.4 GHz (8M Cache, up to 4.2 GHz), RAM 16G, 512G SSD. We
compare the performance of DRCCMDP for each uncertainty set with the CCMDP model
@ where the distribution of R is assumed to be a normal distribution. In our numerical
experiments, we set the number of states to 10, the threshold value € = 0.1, the discount
parameter @ = 0.85 and the initial distribution of states y to be uniformly distributed. For
the above instance, || = 20 and R is a 20 x 1 random vector with mean vector y given by

u(s.a) = L(s.a) = K = uy(s,a), 43)
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where p is the mean vector of the random cost vector Z. We take K = 10, the functio L
and the mean cost u corresponding to each state-action pair are summarized in Table ]
For example, at state 1, if the "repair" action is taken, the factory owner has to pay a random
cost with mean g, (1,1) = 10. If the action "do not repair” is taken, the mean value of the
random cost is i, (1,2) = 0. The last state is considered to be risky and not repairing may
lead to the machine breakdown. This is the reason we take the mean cost equal to 5 if "do
not repair" action is taken at state 10. The covariance matrix = of R is randomly generated
using the following formula

Z = W + D20, (44)
where A is a 20 x 20 random matrix whose all the entries are real numbers belonging
to [0, 1] generated by the command "A=numpy.random.random(size=(20, 20))", Dy is a
20 x 20 diagonal matrix with Dy (10, 10) = 4, D5¢(20,20) = 9, Dy(i,i) = 1, for every
i # 10, 20 and all other entries equal to zero. For the above instance, X is diagonally dominant
with high values at entries (10, 10) and (20, 20) which is due to the fact that action at risky
state can have large variance corresponding to both actions. We use the above y and X for
all the moments based uncertainty sets. For ¢-divergence based uncertainty set, we take the

Table 4 Random cost Z and Revenue L

W "Repair" r]e);a?:t "Repair" rl::a?:[ Table 5 Other parameters
State(s) (s, 1) ) L(s,1) L(s,2)
1 10 0 30 30 Known mean -
2 10.1 0 30 29.9 unknown covariance =09
3 10.2 0 30 29.8 Unknown mean S5 =6 =1
4 10.3 0 30 29.7 unknown covariance ==
3 104 0 30 296 $—divergence 04 =0.01
6 10.5 0 30 29.5 L Ow =0.01
5 0.6 0 0 304 Wasserstein distance | " 7 1)
8 10.7 0 30 29.3
9 10.8 0 30 29.2
10 10.9 5 30 29.1

nominal distribution v as a normal distribution with mean y, = p and covariance matrix
%, = X where u and ¥ are defined by (@3) and (@4), respectively. For Wasserstein distance
based uncertainty set, we take the number of observations H = 1000. The scenarios (g-:,)g .
are randomly generated by the reference distribution v. We generate a standard Gaussian
vector by the command "x=numpy.random.normal(0,1,20)". Using vector x, we generate a
Gaussian vector with y,, and X, by using & = Bx+u,, where u, and X, are the mean vector
and the covariance matrix defined by (3) and (@4), respectively, and B is the Cholesky
factorization of X,. To get the Cholesky factorization of a matrix, we use the command
"numpy.linalg.cholesky". We summarize the other parameters related to all the uncertainty
sets in Table

We compute an optimal policy of the CCMDP problem (@), where R follows a normal
distribution with mean vector and covariance matrix defined by and (@), by solving an
equivalent SOCP problem [9]. The optimal policies of the DRCCMDP problem for all the
uncertainty sets are computed by solving the proposed equivalent optimization problems. We
present the optimal policies of CCMDP and DRCCMDP with full support and nonnegative
support in Tables [6] and [, where p is the probability of "repair” action and 1 — p is the
probability of "do not repair" action. It is clear from Tables [6] and [7] that the optimal repair
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Table 6 Optimal policies of CCMDP and DRCCMDP with full and nonnegative supports

N e b e e R ey
olicies | Gaussian | | " o " y K v (Modified x?) (variation)
State(s) o 1p) nown covariance | unknown covariance | unknown covariance o) 1D
(®.1-p) (.1-p) (p.1-p)
1 0, 1) (0, 1) 0, 1) 0, 1) 0, 1) ©, 1)
2 0, 1) (0, 1) 0, 1) 0, 1) (0, 1) 0, 1)
3 0, 1) (0, 1) 0, 1) 0, 1) 0, 1) 0, 1)
4 ©, 1) 0, 1) 0, 1) 0, 1) 0, 1) 0, 1)
5 (0, 1) (0, 1) 0, 1) 0, 1) 0, 1) (0, 1)
6 0, 1) 0, 1) (0, 1) 0, 1) (0, 1) ©, 1)
7 0, 1) (0, 1) 0, 1) 0, 1) 0, 1) O, 1)
8 0, 1) (0, 1) (0, 1) 0, 1) (0, 1) 0, 1)
9 0, 1) (0.64, 0.36) (0.64, 0.36) (0.6, 0.4) (0.27, 0.73) (0.05, 0.95)
10 (0.9, 0.1) (0.91, 0.09) (0.91, 0.09) (0.91, 0.09) (0.9, 0.1) (0.9, 0.1)

Table 7 Optimal policies of CCMDP and DRCCMDP with full and nonnegative supports (continued)

o . . . Nonnegative Nonnegative Nonnegative .
¢—divergence ¢—divergence | Full support K Ko o Ao o Nonnegative
(Kullbach-Leibler) | (Hellinger) | Wasserstein nea ean nea Wasserstein
(0.1-p) (p.1-p) (p.1-p) known covariance | unknown covariance | unknown covariance (p.1-p)
(,1-p) ®.1-p) (,1-p)
0. 1) 0. 1) 0. 1) 0. 1) 0. 1) 0, 1) 0. 1)
0, 1) 0, 1) 0, 1) 0, 1) 0, 1) 0, 1) 0, 1)
0, 1) ©, 1) ©, 1) ©, 1) ©, 1) ©, 1) ©, 1)
0, 1) ©, 1) ©, 1) ©, 1) 0, 1) ©, 1) ©, 1)
0. 1) 0. 1) 0. 1) 0. 1) 0. 1) 0, 1) 0. 1)
0. 1) 0, 1) 0, 1) 0. 1) 0. 1) 0, 1) 0, 1)
©, 1) ©, 1) ©, 1) ©, 1) ©, 1) ©, 1 ©, 1)
©, 1) ©, 1) ©, 1) ©, 1) ©, 1) ©, 1) ©, 1)
(0.25, 0.75) (0.28, 0.72) (0.02, 0.98) (0.62, 0.38) (0.62, 0.38) (0.59, 0.41) (0.01, 0.99)
(0.9, 0.1) (0.9, 0.1) (0.9, 0.1) (0.91, 0.09) (0.91, 0.09) (0.91, 0.09) (0.9, 0.1)

policy corresponding to all the uncertainty sets for first eight states is same. At state 9 the
probability of repair is greater than the probability of do not repair for moments based
uncertainty sets whereas for statistical distance based uncertainty sets the probability of
repair is less than the probability of do not repair. This shows that the statistical distance
based uncertainty sets give better optimal policy as compared to moments based uncertainty
sets. At the last state, the optimal policy is to choose repair action with a very high probability
for all the uncertainty sets.

We present the time analysis by considering the number of states for all uncertainty sets
between 1000 and 10000. All the parameters are taken similar to the case of 10 states. The
results are presented in Figure [5] which shows that the CPU time is almost always the same

to solve SOCP (T0) with k = /1= and the MISOCP while additional CPU time is
required to solve the SDP relaxations of the copositive optimization problem (TI)) and the
biconvex optimization problem @I)).

6 Conclusions

We study a DRCCMDP problem under various moments and statistical distance based
uncertainty sets defined using ¢-divergence and Wasserstein distance metric. We propose
equivalent SOCP, MISOCP, copositive optimization problem and biconvex optimization
problem, depending on the choice of the uncertainty set, for the DRCCMDP problem. All
these optimization problems except biconvex optimization problems and copositive opti-
mization problems can be solved efficiently using known optimization solvers. We perform
numerical experiments, using the optimization solvers in python, on a machine replacement
problem using randomly generated data. The numerical experiments are performed on the
DRCCMDP problem up to 10000 states and it is very clear from our time analysis that these
problems can be solved very efficiently.
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Fig. 2 CPU time (in seconds) to solve SOCP (T0) with x = /1=€, MISOCP (37), copositive optimization
problem (TT) and biconvex optimization problem I} with different number of states.
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A Proof of Lemmalll

Consider the optimization problem

,2) = 1 1R dF (R
vp(u, X) Filg/w {(pTR<y y4F (R)

st (i) / dF(R) =1,
7
) [ R-p)(R-pwTar(R) =z,
7]
(iii) / RAF (R) = u, (45)
@
where C* is the set of all positive measures on R‘;Kl. The dual problem of [@3) is given by

w(u,Z) =inf —t-QoX-q'u
s.t.. (i) l{pngy}+qT§+§TQf_2§TQ/1+,uTQ,u+t <0, V¢ ERL‘_M’
(ii) @ € S, (46)

where 7, g, and Q are the dual variables associated with the constraints (i), (ii) and (iii) of [@3), respectively.
In Theorem 3.4 of 8], under the assumption p € RI(¢), the authors show that the Dirac distribution &,
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lies in the relative interior of the distributional uncertainty set which implies that the weaker condition of
Proposition 3.4 of [37] holds. However, it is not trivial to find a strictly feasible point inside our distributional
uncertainty set. Let (z%, Q;‘., q;) jen be a sequence of feasible solutions of (@6) such that

~1; = Q0T —qi u— vp(u, %), as j — oo. 7

For each j € N, let r]’f = max(0, q;f) - q}f, where max (0, q;f) denotes a |%|-dimensional vector with ;™
component equal to the maximum value between 0 and the i™ component of q; foreveryi =1,...,|%K|. Let

€; be a strictly positive decreasing sequence such that sjrj*. — 0 componentwise and €; — 0, when j — co.

Let x; = €;1, where 1 denotes the vector with all components equal to 1. Then, rJ’fT

each j € N, consider the following conic optimization problem

xj — 0as j — oo. For

J(u, %) = s /1 dF (R
vp(ll ) ;gg v {pTR<y} (R)

st () /dF(R):l,

7

() [ (R-p)(R- TR R) =3,
@

(i) p < / RAF(R) < p+x;. (48)

@
The dual problem of {8} is given by
v]g(p,Z):inf —z—QoZ+(r—h)T,u+rTx]~
s.t. (i) l{prsy}+(h_r)Tf+fTQf_2fTQ#+ﬂTQﬂ+t <0, V¢ GR‘;M’

(i) h,rer g e s, (49)

where ¢, Q, r and h are the dual variables of the constraint (i), (ii) and (iii) of [@8), respectively. The vector
(t,Q, h,r) such that t = z;f, 0= Q;‘., h = max (0, q;f), r= r;f is a feasible solution of @9). Hence,

j * * «T «T .
vé(y,Z) <-t;-QjoX—q; p+r; xj, VjeN (50)
Since the feasibility set of (T4) is non-empty, there exists a nonnegative distribution F* such that E(F*) = u

and Cov(F*) = Z. Let F; be a distribution with support ¢; := {§ || &€ RZ(, &> %, componentwise},

defined by
* xj Us
F(£) = Fj(é+ ). V& Rl

It is clear that F; is a feasible solution of [@8) and ¢; c RI(¢). Hence, F; belongs to the relative interior

of the distributional uncertainty set which implies that strong duality holds, i.e., vl{ (u,%) = vé (u, %) for
all j € N. Since the objective function of {#8) is a continuous function of F and x; — 0 as j — oo, then

v]{ (1, %) = vp(u,X) as j — oo. Therefore, it is sufficient to prove that v]g (1, 2) = vp(u,X) as j — oo.
It is clear that the feasible sets of [@9) and (6} are equivalent and objective function of {@9) has additional
positive term. Therefore,

V) (D) 2 vp(u. D), ¥ j €N (s1)

Using @7), (50) and (51)) and the fact that rj’foj — 0as j — oo, we have Vé(ﬂ,z) — vp(u,X) as j — co.

B Proof of Theorem|§| - Case Hellinger distance

From Table@ the conjugate of ¢ has the following form

¢*(r) = { T (52)
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Let

L= s [p-a0s-a0° (‘3—*3) 701 -6 (&) a -0} (53)

A>0,BeR
The constraint (i) of () is equivalent to
L>1-¢€. (54)

‘We consider two cases as follows:
Case 1: Let & < 1. Since A > 0, the following inequality holds

L_l<'§<1_
A p

(B\_ B . (B-1\_ _B-1
o(3)25 o ()2

Consequently, it follows from (33)) that

From (52), we have

12 ﬁz
(A-B(A-B+1) A-B

L= sup {IP’V(O) —AH¢}.

A>0,8<1

Let 17 = 2 — B. Then, we can write

L= sup
A>0,7>0

el se--o].

Letg(1, 1) = A2 ( 7};‘(’,(7?1)) - %7) +A(2 - 64) — n. It is a second-order polynomial of A and the coefficient of

A2 is negative because 0 < P,,(O) < 1and 7 > 0. It is well known that the maximum value of a second order

. . . 2 . _ .
polynomial f (x) = ax?+bx+cwitha <0is ¢ — i’—u and it holds at x = ﬁ Hence, the maximum value

of g(4, i7) holds at * = % Since Oy < 2, A* > 0. Therefore, for a given 77 > 0, the optimal

Py (O H 1 i
1](7(]7+l)) - %, which implies that

~ (2-64)n(n+1)
L‘ii%{‘"* 4 +1-2,(0)) } &)

value L holds at A* and L = ¢ — %,Wherec =-1n1,b=2-604,a=

Letu=n+1-P,(0), then 7 > 0 is equivalent to u > 1 — P,,(O) and we can write

_ 2 _ 2 —
Lo W {((2 04) _1)u+<2 04)*Fy (0) (By(0) - 1) 1

u>1-Fy (0) 4 4 u

— 2 —
t1-p,(0)+ 22 00) (iPV(O) 1)},
= sup  G(u),

u>1-P, (0)

where G (1) = aju + % + ¢1 such that

_ (2 - 9¢)2 _ (2 - 9¢)2Pv(0) (PV(O) - 1)
aj= -1, b= 2 ,
(2-64)* (2P, (0) - 1)

c1=1-P,(0)+ :
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Since 0 < 64 <2and 0 < P, (0) < 1,a; <0and by <0.Itis clear that G is decreasing on (u*, ),
increasing on (—u*, u*) and decreasing on (—co, —u*), where

b (2- 9¢)2
\f \/4 T PO (10, (56)

G(u*) = aju” +—+L1 —24/a1by +cy.

Ifu* <1-P,(0), we deduce that (1 -P,, (0), o) C (u*, o). Since G is decreasing on (1", c0), it implies
that G is decreasing on (1 — P,,(O), o). Hence, the optimal value of G is attained when u = 1 - P,,(O),
i.e, 7 = 0. From @ L = 0 which violates the constraint @) Therefore, u* > 1 — P, (O) > 0. Since, G is
decreasing on (u*, o) and increasing on (1 — P, (O), u™), then u = u* is the optimal solution of G (1) and
L = -2+/a b + c¢. Therefore,

_ 2 _ 2
L——Z\/(z u) (1-(2 pa )Pv<0)<1—wv<0>>

(2-64)*(2P,(0) - 1)
2 .

+1-P,(0) +

Then, (34) is rewritten equivalently as follows

~ 04)2 - 04)?
_2\/(2 04) (1_ (2~ 99) )PV(O)(l—PV(O))

4 4
2-04)* 2-04)*
> (1_(‘15))]1)1,(0)_,_(‘7’)_ (57)
2 4
By taking the square on both side of (37)), we get
(2-64)°
(2-04)° (1 - =B )1 -By0))
(2- 0,4)? 2-00° |
l- ——|P(0O)+ ————— €] . (58)
2 4
By rewriting (58), we get the following second-order inequality in P, (O)
(P, (0))*+BP,(0)+C >0,
which is equivalent to
(PV(O) - xmax) (PV(O) - xmin) >0, (59

where Xmax = M , Xmin = B =B-VA and B, C, A are given in Table It is clear that (|3_7|) is equivalent
to either P, (O) > xmax or Py, (O) < Xmin- Moreover, Xmax and Xpi, are solutions of the following two
equalities

— - B 2 - g
_2\/(2 09)° (1 - (2 9¢)2)X(1 —-x) = (1 - (2- %) )x+ (2= 94) - €, (60)

4 4 2 4
and
(2-60)% [ (2-6,)° (2-604)%| | (2-64)?
2\/ 7 1- 7 x(1-x)=|1- ) X+ 7 - €. 61)
. (2-04)*
Since 64 <2 - \/5, we deduce that 1 — —5— < 0. Therefore, we have

_ 2 _ 2 _ 2 _ 2
(1 - (2 29(/)) )xmin (2 40¢) — € > (1 - (2 26¢) )xmax+ (2 40¢) — €,
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which implies that Xmax is a solution of (60) and X is a solution of (6I). Hence, the condition Py, (O) < Xpmin
implies that

2-64)%
(1_(‘/’) € >0,

2

_ 2 _ 2 _ 2
)]P’V(O)+(2 40¢> _52(1_@ 26¢> )xmm+<2 4e¢> _

which violates the constraint (37). Then, (37) is equivalent to P, (O) > Xmax, i.€., the constraint (i) of (3 is
equivalent to

. -B+VA
PpfR2y) 2 ——.

Case2:Let1 < % From (32), ¢* (%) = oo, which in turn implies that L = —oo and it violates the constraint

3.

C Proof of Lemmal5]

Foreachi =1, e H , we consider two cases as follows: _
Case 1: Let pT &; < y. In this case, it is clear that inf Ty [|& — z||2 = 0 and the optimal value holds at
=& ) )
Case 2: Let pT&; > y. Geometrically, the term inf ;v ., [1& — z||2 can be interpreted as the distance
T.<y 1€ = z||> holds

atz =z". prTzf <y, since pT&; > ¥, we deduce that there exists zo on Seg(z”", &) such that gTzo =y,
where Seg(z*, &) = {z lz=z"+t(&-2%), O0<t< 1}. It is clear that ||& — z*|]2 > ||& — z0ll2-

between &; and the hyper plane {z | pTz = y}. Assume that the optimal value of inf o

However, ||& — z:‘ || = inf PTz<y ||& — z|l2, which gives a contradiction. Therefore, pTz* = y. We can
write inf PTzsy ||& — z||2 equivalently as
inf [|&; - z||»
st. plz=y. (62)

Using the KKT conditions, the optimal solution of (62)) satisfies
2(& -2 - ap =0, (63)

where A is the Lagrange multiplier associated with the equality constraint. By taking the inner product of (63)
with p, we have

2(& -2 p-Alpll; =0,
which implies that

. _ T
/1:2(1{::1 Z)P.

(64)
llel13
On the other hand, by taking inner product of (63) with & — z*, we get
201& =293 - p" (& -2 =0. (65)

Using (&), ©3) and p z* = y, we have
—
E o pgi-y
& =zl = =
llell2
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D Proof of Lemmal[7]

Let (y, p) be a feasible solution of (36) which implies that the constraint (i) of (6) holds. Since, reference
distribution v always belongs to uncertainty set (27), we have

H
1 Ta
ﬁzll{pTéiSy}=]P’y(p R<y)<e (66)
i=
It follows from (66) that there exists &; such that pT & > y which in turn implies that

i SR
y< max (p"&) < max |pT&|+—llpll- (67)
i=1,....H i=1,....H €
Moreover, from the constraint (iii) of (36), we have

. z Ow =, Ow
y> min (&) - —=llpll > - max_|p" & - —llpll- (68)
i=1 H € i H €

Using (68) and (67), we get the following inequality
- > Ow ,
yI+1pT &l <2 max |pT&l+ —=llplb, Vi=1,....H. (69)

Using (69), Cauchy-Schwartz inequality, and the fact that p is a probability measure, we have

ly-p'&l <M.

E Proof of Lemmal]

The optimization problem infze]Rm B [|& = z||» can be reformulated as following SOCP problem
Ul

Tz<y
min ¢
st. (i) plz<y,
() t2I&-zlh,

(iii) z e R (70)
The Lagrangian dual problem of (70) is given by

max min  L(t,p,z, i, 5. 4i),
;20.;erK gz r1€R.zeRIKl

where £(t,z,4;,8,&) =t+;(pTz—y) - g‘l.Tz +B(||& —z||o—1t) such that A;, 8 and £; are the Lagrange
multipliers associated with constraints (i), (ii) and (iii) of (70, respectively. The inner minimization problem
can be written as

TGy = min {1(1=B)+BIIE —zlb+ dipTe = e - iy an

teR,z€

It is easy to see that J (2;, &, B) = —o0 if B # 1 and it implies that the dual objective function value is —oo.

By using the strong duality of a primal-dual pair of SOCPs, the objective function value of primal problem is

-0, i.e., infzeRm T [1&i — z||2 = —co which is a contradiction. Therefore, 8 = 1 and the dual problem
U

z<y
of is given by

max J (2, &, 1).
2;20,¢;erX
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Using a change of variable z; = &; — z, we have

J(Ai, ¢, 1) = mif‘lm {“ZI [l2 + (& —/li,D)Tm} + i (0 & -y) - T &.

z1 €R!

The above minimization problem is unbounded unless ||; — 2;0]|2 < 1 and it leads to the following dual
problem of (70).

max A; (pTé'i -y) - §iT§~i
st. (i) &G -Aipll2 <1,
(i) A >0, erX. (72)
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