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ABSTRACT

Interval Markov Decision Processes (IMDPs) are finite-state un-
certain Markov models, where the transition probabilities belong
to intervals. Recently, there has been a surge of research on em-
ploying IMDPs as abstractions of stochastic systems for control
synthesis. However, due to the absence of algorithms for synthesis
over IMDPs with continuous action-spaces, the action-space is as-
sumed discrete a-priori, which is a restrictive assumption for many
applications. Motivated by this, we introduce continuous-action
IMDPs (caIMDPs), where the bounds on transition probabilities
are functions of the action variables, and study value iteration for
maximizing expected cumulative rewards. Specifically, we decom-
pose the max-min problem associated to value iteration to |@Q| max
problems, where |Q| is the number of states of the cAIMDP. Then,
exploiting the simple form of these max problems, we identify cases
where value iteration over cAIMDPs can be solved efficiently (e.g.,
with linear or convex programming). We also gain other interesting
insights: e.g., in certain cases where the action set (A is a polytope,
synthesis over a discrete-action IMDP, where the actions are the
vertices of A, is sufficient for optimality. We demonstrate our re-
sults on a numerical example. Finally, we include a short discussion
on employing cAIMDPs as abstractions for control synthesis.
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1 INTRODUCTION

1.1 Motivation and Contributions

Interval Markov Decision Processes (IMDPs; alternatively called
bounded-parameter Markov decision processes) are a class of un-
certain finite-state Markov Decision Processes (MDPs), where tran-
sition probabilities between states are only known to belong to
intervals [8]. Due to their modelling flexibility and the availability
of efficient planning algorithms [8], IMDPs have recently gained
popularity in the control and computer-science communities for
verification of and control-synthesis for uncertain systems (see, e.g.,
[4, 5, 12, 14, 15]). However, due to the absence of computational
algorithms for IMDPs with continuous action-spaces, the action
set is, generally, assumed discrete [12, 14]. This is a restrictive as-
sumption as many realistic control applications involve continuous
underlying action-spaces. Furthermore, with the current available
algorithms, the only way to address continuous action-spaces is
either a) to discretize the action-space and deal with discrete-action
IMDPs, or b) solve the optimization problems associated to control
synthesis using heuristics, as recently proposed in [5]. Nonethe-
less, a) scales exponentially with the dimension of the action space,
rendering high-dimensional problems intractable. Moreover, b) -
and a), when the discretization is carried out blindly - results into
suboptimal solutions without suboptimality bounds.
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Motivated by the above, we introduce continuous-action Interval
Markov Decision Processes (CAIMDPs), where the transition proba-
bility intervals are functions of the action variables. We study value
iteration over cAIMDPs for synthesizing policies that maximize
finite-horizon pessimistic expected cumulative rewards (which is
referred to as the robust control problem), and identify cases where
value iteration can be solved efficiently. Specifically, we show that
the max-min optimization problem associated to value iteration
is equivalent to solving |Q| maximization problems, where |Q| is
the number of states of the cAIMDP. Then, exploiting the simple
form of these maximization problems, we distinguish the follow-
ing tractable cases: 1) linear (on the action variable) bounds on
transition probabilities and polytopic action set A, where the max-
imization problems are linear programs, 2) concave and convex,
respectively, transition bounds and convex A, where we have con-
vex programs, and 3) convex and concave, respectively, transition
bounds and polytopic A, which amounts to convex maximization
over polytopes. As a result, in these cases, control synthesis over
calMDPs, via value iteration, comes with guaranteed optimality and
fast computation. Moreover, we gain further interesting insights. For
example, in cases 1 and 3, synthesizing over discrete-action IMDPs,
where the action set consists of the vertices of A, is sufficient for
optimality. Overall, these results provide the necessary theory to
synthesize optimal policies efficiently over cAIMDPs.

We showecase our results on a numerical example, which demon-
strates that synthesizing over a cAIMDP is not only the only way to
optimality, but it is also computationally efficient, even when com-
pared to synthesizing over discrete-action IMDPs. Finally, we briefly
discuss about using cAIMDP-abstractions for control synthesis for
stochastic systems, touching upon constructing the abstraction and
obtaining suboptimality! bounds on the obtained policy.

1.2 Related work

While several existing works have focused on developing control
and verification algorithms for finite-state and finite-action IMDPs
[8, 11, 16], efficient algorithms for control of IMDPs with continu-
ous action-spaces are missing. A first attempt to close this gap has
been proposed in [5], where the authors present an algorithm to
synthesize policies that maximize a reachability probability based
on suboptimal heuristics and non-convex optimization. In con-
trast, here we derive an exact reformulation of value iteration for
cAIMDPs, which leads to tractable solutions based on linear or
convex programming, in many cases of interest. CAIMDPs are also
closely related to parametric MDPs, which are Markov decision
processes with finite state-/action-spaces, but where the transition
probabilities may depend on some parameters [3, 9, 13]. However,
a key difference is that, in parametric MDPs, the problem is to find
parameter values that are fixed and independent of the state of
the system. Instead, in cAIMDPs we seek feedback control policies
that depend on both time and state, thus requiring substantially
different approaches.

The policy computed over the (ca)IMDP-abstraction, even if optimal for the ab-
straction, will generally be suboptimal for the original system. That is because the
continuous state-space has been partitioned to a finite number of subsets, which
represent the (ca)IMDP’s states.
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1.3 Notation

R (resp., R>0) stands for the set of real numbers (resp., non-negative
reals). Given a polytope A C R", its set of vertices is denoted by
ver(A). Given a discrete set Q, we denote its cardinality by |Q|. By
1 we denote vectors, of appropriate dimension, of which all entries
are equal to 1. For a vector x € R", x > 0 (x < 0) denotes that all
its components are non-negative (non-positive, resp.).

2 CONTINUOUS-ACTION INTERVAL MARKOV
DECISION PROCESSES (caIMDPs)

2.1 The basic elements of a caAIMDP

Continuous-action interval Markov decision processes (cAIMDPs)
generalize finite-state MDPs with interval-valued transition proba-
bilities and continuous action-spaces.

DEFINITION 2.1 (CAIMDP). A continuous-action interval Markov
decision process (CAIMDP) is a tuple I = (Q, A, P, P,R), where
o Q is the finite set of states,
o A C R™ is the set of actions,

e P:QXxAXQ— [0,1], where P(q, a,q’) is the lower bound
on the transition probability from state g € Q to state ¢’ € Q
under action a € A,

e P:QxAxQ — [0,1], where P(q,a,q’) is the upper bound
on the transition probability from state q € Q to state ¢’ € Q
under action a € A,

® R:Q — Ry is a bounded state-dependent reward function.

Forall ¢,q’ € Q and a € A, it holds that P(q, a,q) < p(q, a,q)
and Y ocq P(gaq) <1< 2qeQ P(q,a,q'). Given a state g € Q
and an action a € A, a transition probability distribution pgq :
Q — [0,1] is called feasible if P(q,a,q") < pga(q’) < P(g.a.q")
forall ¢’ € Q. The set of all feasible distributions for the state-action
pair (g, a) is denoted by Iy 4. We define T' = {Ty 4 : (¢,a) € Q X A}
to be the set of all feasible distributions for all state-action pairs.

A path of a cAIMDP is a sequence of states and actions w =
(q0,a0), (q1, 1), - . ., where (gi, a;) € QX A, and we denote w(k) =
(g ar) and w9(k) = qx, for k = 0,1,... We denote the set of all
finite paths by Paths®™. For a path w € Paths™, we denote its
last element by w(end) (i.e., for an (N + 1)-length path w(end) =
w(N) = (N, an))-

To describe the evolution of a cAIMDP-path, we also need to
introduce the notions of policy and adversary.

DEFINITION 2.2 (poLICY). For a cAIMDP, a policy 7 : Pathsf™ x
Q — A is a function that, given a finite path w € Paths'™ and a
state g € Q, returns an action. The set of all policies is denoted by II.
A policy is Markov, if the choice of action depends only on q and on
the path’s length.

DEFINITION 2.3 (ADVERSARY). For a cAIMDP, an adversary is a
function & : Paths™ — T Given a finite path w € Paths‘™, it returns
a feasible distribution pg,q € Igq, where (q,a) = w(end). The set of
all adversaries is denoted by =. An adversary is Markov, if the choice of
a feasible distribution depends only on w(end) and the path’s length.

Given a policy 7 and an adversary &, a cAIMDP-path evolves as
follows. At time i, given the finite path (qo, a9), . . ., (¢i—1,ai—1) and
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the current state g;, the policy 7 chooses the action a;. Then, the
adversary &, given the path (qo, ao), . . . (¢i, ai), chooses a feasible
distribution pg; q; € Iy, q;- The next state of the path g;1 is sampled
randomly from pg, g;.

In words, a policy is a control strategy, that, at each time, decides
the control action based on the history of the path. The adversary
represents the environment: once the control action is taken, the
adversary resolves the uncertainty stemming from the transition
probability intervals, thus fixing the -still stochastic- environment
for the current time step. Notice that, given a specific policy s and
adversary £, the cAIMDP collapses to a time-varying Markov chain.
Thus, given 7, &, an initial state qo, and a horizon N, a probability
measure is uniquely defined over (N + 1)-length paths v € Pathsfi®

[1].

REMARK 1. For ease of presentation, we constrain the definitions
of policy and adversary to deterministic ones. In fact, they can be
random, but, as Proposition 2.4 shows, the optimal rewards that we
study are achieved by deterministic, Markov policies and adversaries;
thus, it suffices to consider only deterministic ones.

2.2 Optimal policies, optimal rewards and value
iteration

In what follows, we implicitly assume that all mentioned max min
quantities (e.g., the ones in (1) and (3b)) are well-defined. Numer-
ous sets of assumption can be employed to impose this: e.g., as a
consequence of Proposition 2.4 below, it suffices that A is compact
and P, P are continuous functions of the action variables a.

Given 7, €, N, an initial state go € Q, and a factor y > 0, we
define the so-called expected cumulative reward:

RY ¢(qo) = E®

N .
D YR@I) | 7, €
i=0

where the expectation is taken w.r.t. the probability measure over
(N + 1)-length paths in Paths™ starting from state go. Notice that
R, as defined in Definition 2.1, depends only on states, not actions.

In this work, as done commonly in the literature [8], we con-
sider the robust control problem: finding a policy that maximizes the
expected cumulative reward generated by the worst possible adver-
sary (and the policy itself). In other words, we study the following
max-min problem?:

PrOBLEM (RoBUST CONTROL). Given a cAIMDP I, a factory > 0,
a horizon N, and an initial state qq, solve:

Ry (q0) = maxmin R, - (qo)- 6)

A policy 7y that solves (1), i.e.,

n*eargmaxmmﬂ g(qo)
mell §€E

is called a (pessimistically)® optimal policy. The optimal value Rf(qo)
of (1) is called (pessimistic) optimal (expected cumulative) reward.

2While this work focuses on the max-min problem, max-max, min-max, and min-min
problems can be addressed similarly.

3"Pessimistically”, as it optimizes the reward generated by the worst adversary. If we
considered the best adversary instead, which would amount to a max-max problem,
the policy would be called optimistically optimal.
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Solving (1) is computing an optimal policy 4 and the optimal
reward.

For MDPs and for IMDPs with discrete action-spaces, it is well-
known that (1) can be solved by an iterative scheme called value
iteration. The following proposition extends this to cAIMDPs as
well:

PropoSITION 2.4. Consider a cAIMDP I. For any j = 0,...,N,
the following holds:

R. (q0) = V- (q0) )

where Vy_;(q) is defined, for any q € Q, through the following
iteration:

Vn(q) =R(q) (3a)
Ve-1(g) = R(@) +y max min Z p(dWid)  (3b)
qa /
fork=N,...,
Proor. See Section 7.1. [m}

The process of solving (3) for all iterations is called value iteration
and the obtained function Vy(-) is called value function. A direct
corollary of Proposition 2.4, is that there exist Markov policies (and
adversaries) achieving the optimal reward, defined as follows:

COROLLARY 2.5 (TO PROPOSITION (2.4)). Any Markov policy satis-
fying:

7x(q, N—k—1) eargmax mm Z p(@"Vi(q)
eA PE qaq eQ

is optimal, where 74 (q, i) denotes the action taken if the current state
is q and the current time is i.

REMARK 2. Note that, while in this work we only consider cumu-
lative rewards, similarly to IMDPs with discrete action-spaces, our
results can easily be extended to more general properties, such as
bounded-time fragments of PCTL [12] or LTL [10]. Infinite-horizon
(unbounded-time) extensions are also possible, but particular care is
needed to guarantee convergence of the value iteration of Proposition
2.4 due to the non-finiteness of A.

3 EFFICIENT FORMULATIONS OF VALUE
ITERATION OVER caIMDPs

By Proposition 2.4 and Corollary 2.5, we see that to compute the
optimal reward and an optimal policy it suffices to solve (3) for
all iterations k = N, ..., 1. However, solving (3b) is not straight-
forward, as it includes solving (for each q) the max-min optimiza-
tion problem maxge4 minper, , pT Vi, where we, abusively, denote

T T
Vi = [Ve(q1) Vigia)] s p = [plq1) rqiq)]
This max-min problem can be written as:

max min Vi

ac A perlQl

st.: P(gaq)-pi<0,i=12...]Q|
-Plgaq)+pi<0,i=12...,]Q, (Mm)
1Q

ZP:’—1=0
i=1
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where p; denotes the i-th component of vector p, and the constraints
guarantee that p is a probability distribution (equality constraint)
and belongs in Iy 4 (inequality constraints).

In this section, we decompose problem (Mm) to a number of
simpler problems, and identify special cases of A, P(-,a,-) and
P(-,a,-) in which problem (Mm) can be solved efficiently. First,
we state and prove this paper’s main result (Theorem 3.2): that
problem (Mm) is equivalent to solving the |Q| simpler maximization
problems in (MP). This gives rise to Algorithm 1, which performs
value iteration over cAIMDPs, where, instead of solving (Mm), it
solves (MP). Then, the simple form of the maximization problems
in (MP) allows us to identify special cases in which they, and thus
value iteration, are tractable. Furthermore, we show that when A is
polytopic and f’(-, a,-) and f’(-, a, ) are either linear or convex and
concave, respectively, performing synthesis over a discrete-action
IMDP with its action set being ver(A) is sufficient for optimality.

3.1 Decomposing the max-min problem to |Q|
max problems
To prove the main result, first we transform the original max-min

problem (Mm) to a maximization problem, by employing duality:

ProposITION 3.1. Consider the optimization problem:

Q| Q|
ma AL.P(g,a,q;) — Ay P a4, qi) —V
o ax ; L:P(¢.a.q:) ; uiP(g.a i)

©

st.: aeA, AL >0, AUZO
Vi—-AL+Ay+vl=0

where A, € R‘(’N,AU e RIQ v e R and AL, Ay, denote the i-th
component of A, and Ay, respectively. If (ax, AL, , Au,, Vx) solves (4),
then it also solves (Mm). Moreover, the optimal values of (Mm) and
(4) coincide.

PrOOF. See Section 7.2. m]

The variables A1, Ay and v are the so-called Lagrange multipliers.
Generally, even though just a max problem instead of a max-min
problem, optimization problem (4) is not easy to work with directly.
That is because of the product terms ALiP(q, a,q;) and AUl.ﬁ(q, a,q;)
(e.g., even when 13(-, a,-) and 13( a, -) are linear on a, problem (4) is,
generally, nonconvex). Nonetheless, by working around its special
structure, we are able to dissect it into |@| simpler max problems,
which constitutes this work’s main result:

THEOREM 3.2. Assume, without loss of generality, that Vi.(q;) >
Vi(qiv1) foralli=1,2,...,|Q| -1, i.e, that Vi is in descending order.
Consider the following optimization problem:

j-1
j_max o max ; (Vk(CIi) - Vk(qj))P(q, a,qi)
Q| )
+ > (Vk(qi) - Vk(qj))P(q, a,qi) + Vi (q;)
i=j+1
st.: aedA

(MP)
If ax solves (MP), then it solves (Mm). Moreover, the optimal values
of (MP) and (Mm) coincide.
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ProoF. See Section 7.3. [m}

By employing Theorem 3.2, we can devise an algorithm (Algo-
rithm 1) to solve value iteration over cAIMDPs, where, instead of
solving the stringent (Mm), we solve (MP), which can be solved effi-
ciently in many cases of interest, as it is revealed in the next section.
Observe how in each iteration of value iteration, we sort the value-
function vector in decreasing order, thus imposing the assumption
of Theorem 3.2 (hence why it is written that the assumption is
without loss of generality).

Algorithm 1 Value Iteration on cAIMDPs

1: for g € Q do

2 Wn(q) < R(q)

3: end for

4: fork=N,...,1do

50 [Vsorteds indicesgorteq] = sort(Vy)  esorts Vi in descend-
ing order and stores it in Vy,,seq. indicessy,seq describes
the arrangement of the elements of Vi into Vi, 404, ie.
Vi = Vsorted(indicessorreq)-

6. for qin indicessoreq do

7: Vk-1(q) = R(q) + y*Solve(MP)

place Vi with Vg, seq-
8: end for
9: end for

>where in (MP) we re-

It remains to deduce when is it easy to perform line 7 of Algo-
rithm 1, i.e. to solve (MP). Notice how (MP) is in a much simpler
form to analyze than the primal max-min problem (Mm): a) they
are just max problems, b) their only decision variable is the action
a and the constraint set is A, and c) the functions P(g, g, ¢;) and
P(q, a, q;) appear linearly, which facilitates convexity arguments.
It is this simple form that allows us to deduce when they can be
solved efficiently, in the following section.

REMARK 3. Notice that the derived maximization problems (MP)
and value-iteration algorithm share similarities with the algorithm
proposed in [8] to solve value iteration over discrete-action IMDPs.
First, they both sort the value-function vector in each iteration. Fur-
thermore, in both algorithms, given a specific action a, a combination
of additions of lower and upper bounds on transition probabilities is
found, which is optimal w.r.t. the ordered value-function vector. The
number of possible such combinations is |Q| in both cases. Neverthe-
less, contrary to here, in [8] there is a stopping criterion, based on
which the algorithm may terminate before computing all |Q| com-
binations. The existence of such a stopping criterion for problems
(MP) (i.e., for the continuous-action case) is an open question, and a
potential affirmative answer would significantly reduce computations.

3.2 When can value iteration for cAIMDPs be
solved efficiently?

By inspecting (MP), we are able to identify cases where value itera-
tion for cAIMDPs can be solved efficiently.

The linear case. In the case of polytopic A, and linear P(-, a,-),
b(.a-), solving problem (MP) amounts to solving |Q| linear pro-
grams (LPs):
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COROLLARY 3.3 (TO THEOREM 3.2). If A is a polytope and both
P(-,a,-) and P(-, a, -) are linear on a, then the maximization problems
in (MP) are LPs.

Moreover, notice that an optimal a4 lies on the vertices of A,
since the problems in (MP) are LPs with A as the constraint set.
Thus, another corollary of Theorem 3.2 is that, instead of solving
(MP) in line 7 of Algorithm 1, we could solve the original max-
min problem (Mm) only for a € ver(A), which amounts to solving
|ver(A)| LPs:

COROLLARY 3.4 (To THEOREM 3.2). If A is a polytope and both
P(.a,-) and 13(~, a,-) are linear on a, solving the max-min problem
(Mm) amounts to solving the following |ver(A)| minimization LPs:

max  min Vi
aever(A) peRlQl

st.: P(gaq)-pi<0,i=12...]Q|
-P(gaq)+pi <0, i=12...,]Q ©)
Q|

> pi-1=0
i=1

REMARK 4. Equivalently, Corollary 3.4 guarantees that it is suffi-
cient to construct a discrete-action IMDP with its action set being
ver(A), and solve the synthesis problem over the discrete-action
IMDP.

Corollary 3.3 amounts to |@| LPs with n # decision variables and
A as a constraint set. On the other hand, the approach of Corol-
lary 3.4 (or Remark 4) amounts to |ver(A)| LPs with |Q| decision
variables. Note, however, that to solve the LPs of Corollary 3.4,
one can employ the algorithm proposed in [8], which has been
shown to be very efficient (see also Remark 3). Intuitively, when
[ver(A)| >> |Q], then the approach of Corollary 3.3 might be pre-
ferred against the one of Corollary 3.4, and vice-versa. Nevertheless,
a thorough experimental study has to be conducted, to decide when
to use each.

REMARK 5. Max-min problems with linear objective functions and
constraints, in their general form, are studied in [6]. It is therein where
it is proven that an optimal solution is attained at the vertices of the
constraint set. Moreover, an algorithm is proposed that decomposes
the original max-min problem to a number of LPs, which in our case
would be O(|Q|%) LPs. Here, we are able to derive more computa-
tionally efficient results, because we exploit our specific problem’s
special structure (e.g, the knowledge that P(q,a,q’) < P(¢,a,¢’) and
YyeaP@aq) <1< TycqPlgaq))

The concave/convex case. When A is convex, P(+, a,-) is con-
cave and P(-, a, -) is convex on a, then the maximization problems
in (MP) are convex programs (CPs):

COROLLARY 3.5 (To THEOREM 3.2). If A is convex, f’(-, a,-) is
concave on a and P(-, a,-) is convex on a, then the maximization
problems in (MP) are convex programs (CPs).

In such case, standard convex optimization algorithms (see [2])
can be employed to solve (MP) and perform value iteration over
the given caIMDP.

The convex/concave case. When A is a polytope, P(-, a,-) is
convex and P(-, a, -) is concave on a, we have the following:
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COROLLARY 3.6 (To THEOREM 3.2). If A is a polytope, P(-,a, )
is convex on a and IA’(', a,-) is concave on a, then the maximization
problems in (MP) amount to maximizing a convex function over a
polytope. Thus, an optimal solution lies at the constraint set’s vertices.

PRrooF oF COROLLARY 3.6. The fact that maximizing a convex
function over a polytope attains a solution at the vertices is well-
known; e.g., see [18, Theorem 32.2]. O

In this case, we can either solve all |Q| problems in (MP), by
evaluating the objective function on the vertices of A, or we can
solve the |ver(A)| LPs (5), which, again, is equivalent to building a
discrete-action IMDP, as explained in Remark 4. Either way, when
|[ver(A)| is small, value iteration can be solved quickly.

4 NUMERICAL EXAMPLE

Here, we demonstrate this work’s theoretical results on a numer-
ical example. We consider the concave/convex case and we com-
pare the results obtained by synthesizing over a caAIMDP with
the ones obtained by discrete-action IMDPs (discretized versions
of the cAIMDP). We constructed a randomly generated caAIMDP
I7=(QA,P P, R) with |@Q| = 25 states, concave/convex transition
bounds and a 3-dimensional action space (n# = 3). The action set
is the following cylinder:

A={aecR®: (a1 -05)%+(ay—0.5)%2 <02, a3 € [0,1]}

The horizon N =10 and y = 1.

We computed the robust optimal policy and expected cumulative
reward R (q) (for all g) over the cAIMDP, via convex programming,
as instructed by Corollary 3.5. Moreover, we obtained policies and
the corresponding rewards R;(q) (for all g) by performing syn-
thesis over discrete-action IMDPs, which are discretized versions
of the original cAIMDP: a discrete-action IMDP is constructed as
Idsiscr = (Q, ﬁs,ﬁ, }A), R), where ﬁs C A is a finite set of s ac-
tions randomly sampled from the continuous action set A; that
is, |As| = s. Specifically, we computed R;(q) for different values
of s. Note that, since randomness is involved in the experiments4,
we performed them multiple times®. Moreover, to perform synthe-
sis over the discrete-action IMDPs (i.e. to solve the s associated
LPs), we used the algorithm of [8]. Finally, optimality tolerance for
convex programming was set to 1074

Figure 1 depicts the optimal reward R« (g) obtained from the
caIMDP and rewards Rs(q) obtained from some of the discrete-
action IMDPs, for different values of s. As expected, in all cases
Rx(q) = Rs(q), since R« (g) is the optimal reward, whereas Rs(q)
is suboptimal. Moreover, Table 1 shows the average percentage of
suboptimality of Rs(g), i.e. the quantity:

Ru(@)-Rs(q) %,

100 - mqax R (@)

for all different values of s. Furthermore, it shows the average com-
putation time for each experiment. We observe that performing

“In the case of value iteration over the cAIMDP with convex programming, the initial
condition for the optimization is picked randomly, which affects the total computa-
tion time. In the case of discrete-action IMDPs, the sampled actions affect both the
computation time and, especially, the reward R (q).

5Value iteration over the cAIMDP has been performed 3 times. The experiments on
discrete-action IMDPs for s = 1, 8, 27, 64, 125 have been performed [20, 11,9, 6, 3]
times, respectively.
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Figure 1: The optimal reward R4 (q) (solid line) obtained from
the caAIMDP, and rewards R;(q) (dashed lines) obtained from
discrete-action IMDPs.

Table 1: The first five lines report average cpu times and
average suboptimality percentages for value iteration over
discrete-action IMDPs obtained by randomly sampling s ac-
tions from the continuous action-space. The last line re-
ports the corresponding results for value iteration over the
caIMDP.

#samples s | CPU Time (s) | 100 - maxq %—(f;(q)%
1 88 16.51%
8 668 7.86%
27 2170 517%
64 6225 4.59%
125 9736 4.32%
caIMDP 2212 0%

synthesis on the cAIMDP is approximately as expensive as syn-
thesizing over a discrete-action IMDP with only 27 actions (only 3
points per dimension of the action space). That is while R27(q) is
significantly suboptimal with an average suboptimality of 5.17%. In
fact, even with 125 sampled actions (5 points per dimension), the
suboptimality percentage is considerable. From this experiment,
we deduce that synthesizing over a cAIMDP is not only the way to
optimality, but also it is computationally efficient even compared to
discrete-action IMDPs. In fact, for even higher-dimensional action
spaces, it is expected that it is the only tractable choice.

5 DISCUSSION: caIMDPs FOR CONTROL
SYNTHESIS FOR STOCHASTIC SYSTEMS

We now, briefly, describe how this paper’s results can be employed
for control synthesis for stochastic systems.

Giannis Delimpaltadakis, Morteza Lahijanian, Manuel Mazo Jr., and Luca Laurenti

5.1 Abstracting stochastic systems via cAIMDPs

Consider the controlled stochastic system:

X1 = f (Xpe, @k, wie) (6)
where x; € X is the state of the system at time k, ap € A is
the action at time k and w; € R™v are ii.d random variables
with a known probability distribution p,,. The paths of the sys-
tem are again sequences w = (x1,4d1), (x2,a2),..., and we de-
note the system’s set of finite paths by Pathsgfls. Assume a state-

dependent reward Rsys : X — Rx¢. Given a specific control policy

X: Pathsgl;‘s
and a factor y > 0, the expected cumulative reward over the sys-

tem’s trajectories is defined as:

X X — A, a horizon N, an initial condition xq € R™*

N
EX |3y Roys(@T() | x
i=0

where P,, is a probability measure over the system’s paths induced
by p+v and the initial condition x¢. This expected reward constitutes
a metric describing the system’s behaviors under policy y (e.g., a
reachability or safety property, a quantitative measure such as
convergence speed, etc.). The objective is to synthesize a policy ys
that maximizes the expected reward.

In the literature of IMDP-abstractions for control synthesis for
stochastic systems [5, 12, 14], the above problem is solved by ab-
stracting the system via an appropriate IMDP, finding an optimal
policy over the constructed IMDP and mapping this policy back
to the original system. Nevertheless, as already mentioned in the
introduction section, the action set A is, generally, assumed dis-
crete a-priori. To the best of our knowledge, the only exception
is [5], which keeps the action-space continuous, but the max-min
problem of value iteration is solved using heuristics.

With the results derived in this work, we can avoid unnecessary
discretizations of the action set or heuristics with no formal guaran-
tees. To abstract a system (6) by a cAIMDP, the state space X is par-
titioned into |@Q| sets g; C X, which represent the cAIMDP’s states,
and the transition bounds are defined as follows for all g;, q; € Q:

P(gi,a,qj) < Jnf Po(f(x.aw) € g;). (7)
P(qi.a,q;) > sup Py (f(x,a,w) € ;) 3)
x€q;

The caIMDP-reward is defined by R(q) = infxeq Rsys(q). By ex-
tending [4, Theorem 4.1] to cAIMDPs, we can show that the optimal
expected cumulative cAIMDP-reward lower-bounds the optimal
expected cumulative reward over the system’s trajectories:
N

DV Reys(@T() | x

i=0

©)

: N X
max mgm R, £ (q0) < m)?x EP‘;

where xg € qo. Furthermore, the optimal reward obtained via the
cAIMDP is larger than or equal to an optimal reward obtained via
a discrete-action IMDP, as its action set is a subset of the cAIMDP’s
action set.

In order to enable the results presented in Section 3.2 and ren-
der value iteration easy-to-solve, the bounds ﬁ(-, a,-) and f’(-, a,-)
have to be (piecewise) linear or concave/convex or convex/concave
on the action variables. For instance, this is the case for a large
class of switching diffusion models where the continuous action
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controls the probability of switching between different modes of
the system [19]. In more general cases, the functions infyeq; and
SUPycq, Pw(f(x,a, w) € qj) may need to be lower-/upper-bounded
via (piecewise) linear, convex or concave functions.

5.2 Suboptimality bounds

A policy derived through a cAIMDP-abstraction is generally sub-
optimal for system (6), even though the algorithms presented here
do compute a policy that is optimal w.r.t. the given caAIMDP. That
is because the cAIMDP is an abstraction of the original stochastic
system in (6), and not an equivalent representation. Nevertheless,
caIMDPs can be used to obtain so-called suboptimality bounds:
bounds on the difference between the optimal reward computed
via the cAIMDP and the true optimal reward:

N .
Z Yleys(wq(i)) | x
i=0

Xo . N
m)z(ix E]PW - max mgln ng(qo)
This quantifies how suboptimal a policy obtained via a cAIMDP is; if
the obtained result is not satisfactory, then the cAIMDP-abstraction
has to be refined with a finer partition of the state-space X or with
tighter transition bounds.

Again, by extending [4, Theorem 4.1] to cAIMDPs, it can be
shown that, if we define the reward function of the cAIMDP as
R'(q) = SUPyeq Rsys(q) (previously, we used inf), the optimistically
optimal cAIMDP reward upper bounds the true optimal one:

EX < maxR'Y
m)?x P., r?zagx ”,g(qo)

N .
D Y Reys(@T() | x
i=0

where R’]z\rl,g(q()) =EP [Zfio YR (09(d) | 7, §], and the expecta-
tion is w.r.t. the ptobability measure over the paths of the cAIMDP.
Thus, max, ¢ R’ftj,é,(qo) — max, ming le\zj,g(q()) provides a subop-
timality bound.

The above requires solving max ¢ Rg é,(qo), which amounts
to a value iteration, in which, instead of a max-min problem, the
following max problem needs to be solved:

max TV
acA,peRlQl
st.: P(gaq)-pi<0,i=12...,]Q|
-P(gag)+pi <0 i=12...Q, (10
Q|

> pi-1=0
i=1

Referring to the three cases distinguished in Section 3.2, problem
(10): a) in the linear case, is also an LP, b) in the convex/concave
case, is a CP, but ¢) in the concave/convex case, its constraint set is
nonconvex: the intersection of sub-level sets of convex and concave
functions. Hence, in the linear and the convex/concave case, prob-
lem (10) can be solved efficiently, to generate a tight suboptimality
bound. In the concave/convex case, we could derive an upper bound
on the optimal value of problem (10), e.g., by using an SMT solver

7.
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6 CONLUSION

We have introduced continuous-action interval Markov decision
processes (CAIMDPs), and studied value iteration for optimizing pes-
simistic expected cumulative rewards. Specifically, we have shown
that the max-min problem associated to value iteration can be de-
composed to |Q| maximization problems. The simple form of these
max problems allowed us to distinguish cases where they, and thus
value iteration, can be solved efficiently. It also provided us with
further interesting insights, such as cases where synthesis over
discrete-action and continuous-action IMDPs is equivalent. These
results have been demonstrated on a numerical example.
Furthermore, we have, briefly, discussed how caAIMDPs can
be employed for control synthesis for stochastic systems. Specifi-
cally, we have given guidelines on how to construct the cAIMDP-
abstraction such that it falls in one of the aforementioned easy-
to-solve cases. We have, also, shown how to obtain suboptimality
bounds on the policy generated by the cAIMDP-abstraction.
Future work includes: i) studying convergence of the value itera-
tion for infinite horizons, ii) addressing rewards that depend both
on the state and the action, iii) investigating if the |Q| maximization
problems can be simplified even further, and iv) a thorough study
on cAIMDP-abstractions and on obtaining suboptimality bounds.

7 TECHNICAL PROOFS
7.1 Proof of Proposition 2.4

SKETCH OF PROOF OF PROPOSITION 2.4. By the transformation
presented in [16, Appendix A] for finite-action IMDPs, the robust
control problem can be equivalently transformed into a turn-based
zero-sum game. Consequently, similarly to [16], we can employ the
same reasoning as in the proof of [17, Theorem 1], to show that:

R1(q0) = VN—;(q0)
where Vi _ j comes from the following Bellman recursion:

Vn(q) = R(q)

Vit = RGq) +yma [ min 3 p(q))Vela!u(adat)

m
Perqﬂ q/ c Q

where M is the set of probability distributions® over A. We now
notice that for any p € M:

[ min 3 p(qWilg u@da < max min 3 plqVeld')
APElaa g acsPelaa e

This implies that the optimal choice is a Dirac distribution cen-

teredinany a € arg max ¢ 4 minper, , Lg'c@ (¢ )Vi(q’). Conse-

quently, we can replace the maximization over M with a maximiza-

tion over A, i.e.:

max | ~min p(q)Vi(q")p(a)da =
HE A PElga 7eQ
max min p(@)Vi(q)
ac A pelga 7<Q

[m]

®Maximization takes place over the set M of probability distributions on A, because,
as mentioned in Remark 1, policies can be probabilistic. Nonetheless, it is shown that
optimal policies are deterministic (or, in other words, Dirac distributions).
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7.2 Proof of Proposition 3.1

First, let us prove the following lemma:

LEmMA 7.1. Consider the following max-min problem:
max min e’
ac A peP,f(a,p)<0

Assume that it is feasible and bounded, and that strong duality holds
for the inner minimization problem and its Lagrangian dual (see, e.g.,

[2]):

Vae A: min ¢'p = max g(a, v 11
pEP,f(a,p)<0 p Azo,vg( ) ( )
Then max min ¢c"p= max g(a, A, v). Moreover:
ac A peP,f(a,p)<0 ac AA>0,v

(Ax, Ay, Vi) € argmax g(a,A,v) = ax€ argmax min ch
ac€AN>0,v acA PEP.f(ap)<0

Proor oF LEMMA 7.1. We have that:

Yae A: Ay, Ax, Vi) = ma a,A,v) = min e’
9(@x: A V) Azof(vg( ) pepfapy<o’ ¥
(12)
where, for the inequality we used the definition of (ax, A4, vx) and
for the equality we used (11). Moreover, we have:
s A V) = Av) = i T 13
9(ax, Ax, Vi) An;aoqu(a* V) pep D o® p (13
where for the first equality we used the definition of (ax, A4, vx)
and for the second one we used (11). Replacing (13) into (12) we
get:
p= min e’
PEP.f(ap)<0
Since the above holds for all a € A and since ax € A, then:

Vae A: min c
PEP.f(ax,p)<0

¢"p = max min

min
PEP,f(ax,p)<0 ac A peP,f(a,p)<0

which, since the left-hand side is equal to g(ax, Ax, vx), proves that

max min ¢"p = max g(a A v). Moreover, it implies
a€A peP,f(a,p)<0 a€A,A>0,v
thatay € argmax  min ¢ p. The proof is complete. ]

acA PEP.f(ap)=<0

Now, we are ready to prove Proposition 3.1.

PRrROOF oF ProPOSITION 3.1. The Lagrange dual function that cor-
responds to the inner minimization problem of (Mm) is:

Q|
g(a,/lL,)LU, V) = inf [pTVk+Z/1Li (F’(q, a, qi) _Pi)"'
peRl@l =

Q| R Q]
+Z/1Ui(—P(q,a,qi)+pi)+v p,——v]

i=1 i=1

Q| Q|

= > M Pgaa) - ) M Pgaq)—v
i=1 i=1

+ inf [pT(Vk AL+ Ay + v]l)]
peRrlal
For any a € A, the Lagrangian dual problem of the minimization
problem in (Mm) is (see [2]):
max  g(a, AL, Ay, v)
AL,Au,V (14)
st.: AL =0, Ay =0, veR
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Asdone in [2], to maximize g(a, A1, Ay, v), we have to make Vi —Ar +
Ay+v1 =0, or otherwise the term infpeRIQ\ [pT(Vk —Ar+Ay+vl)

will always be —co. Thus, (14) becomes:

Q| Q|
max ZAL,»P(q, a,qi) — Z Ay P(q.a,qi) —v

A= i=1

st.: AL >0, Ay =0, veR Ve —Ap+Ay+vl =0

(15)

As the inner minimization problem of (Mm) is an LP, strong duality
holds between the minimization problem of (Mm) and (15). Thus,
we can apply Lemma (7.1), and the proof is completed. O

7.3 Proof of Theorem 3.2

ProoF oF THEOREM 3.2. From Proposition 3.1, we only need to
solve (4), in order to calculate the optimal value of (Mm) and to
find an optimal action ax that solves (Mm). Thus, for the following,
we focus on (4).

Eliminating the A-variables. First, we eliminate the equality con-
straint, and thus the variable Ay, by replacing A;, = Vi + Ay +v1 in
the objective function and all other constraints:

Q] Q|
max Y (Vi(gi) +Au, + V)P(g, @ q0) = ) A P(g.a,41) — v =
U i=1 i=1
Q| ) e )
max > Vi(g)P(gaq)+ ) du, (P(gaq) - P(g.aq)
i=1 i=1

aly,v

<0
Q] 5
+v (Z P(q,a,qi) — 1)
i=1

<0
st.: aeA, Ay=z0, veR Vi+Ay+vl =0
(16)
For any given a and v, since (P(q, 4, ¢;)—P(g, a, ¢;)) < 0and Ay > 0,
the variables Ay, have to be made as small as possible, in order to
maximize the objective function. Due to the two constraints Ay > 0
and Vi + Ay +v1 > 0, this is encoded as Ay, = max (O, Vi (qi) — V).

Thus, optimization problem (16) becomes:

Q|
max ) Vi(g)P(g.a.q)
=1
Q|
+ Z [max (O, ~Vie(qi) - v) (P(q.a,qi) - P(q.a,qi))

i=1

<0
Q-
+v (Y P(g.aq)-1)
i=1

1

<0
st.: aeA veR
(17)
where both constraints Ay > 0 and Vi + Ay + v > 0 have been
by-construction eliminated by fixing Ay, = max (0, Vi (qi) — v).
We are now left only with the optimization variables a and v.



Interval Markov Decision Processes with Continuous Action-Spaces

Deriving |Q| simpler max problems from (17). Problem (17) con-
tains the product max (O, —Vk(qi)—v) (P(q, a, qi)—P(q, a,qi)), which
is hard to analyze directly. Let us further simplify it. Since V} is in
descending order, optimization problem (17) can be broken down
to |@Q| + 1 simpler problems, as follows:

(1) The 1st optimization problem is the same with (17), but v is

restricted by the inequality constraint v < —Vi(q1).

(2) The (|@Q| + 1)-th optimization problem is the same with
(17), but v is restricted by the inequality constraint v >
“Vi(q1@)-

(3) For j € {2,...,|Q|}, the j-th optimization problem is the
same with (17), but v is restricted by the inequality con-
straints —Vi(gj-1) < v < =Vi(q;).

Let us examine each case separately.

Case 1: Since v < —Vi(q1), then v < —Vi(q;) for all i =

.,|@Q|. Thus, max (0, —Vi(qi) — V) = —Vi.(qi) — v for all i.

Hence, optimization problem (17) becomes:

max Z Vk(qi)ﬁ(q, a,qi)+v (Z I3(q, a,qi)—1)
i=1 i=1

st.: aeA, v<-Vi(q1)
Now, to maximize the objective function, given any a, v has to be
made as big as possible, i.e. v = —=V;.(q1). Hence, the optimization
problem transforms to the following:
Q|

max Z (Vk(qi) - Vk(q1))f’(q, a.qi) + Vi(q1) =
i=1

] ) (18)
max Y (Vi) = Ve(gn)}P(g.0.90) + Vicgn)

i=2
st.: aedA

Case 2: Since v > -Vi(qq|), then v > —Vi(q;) for all i =
1,2,...,]|Q|. Thus, max (0, —Vi(qi) — v) = 0 for all i. Hence, opti-
mization problem (17) becomes:

Q| Q|
max > Vi(a)P(g.a.q) +v () P(g.ag) - 1)
’ i=1 i=1

<0
st.: aedA vz -Vi(qq)

To maximize the objective function, given any a, v has to be made
as small as possible, i.e. v = Vi (q|q|)- Hence, the optimization
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problem transforms to the following:
Q| )
max le (Vk(qi) - Vk(fI|Q|))P(q, a,qi) +Vi(qiq)) =
i=

lQ|-1 (19)

max Z (Vk(qi) —Vk(q|a\))P(q, a,qi) + Vi(qq)) =
i=1
st.: aeA

Case 3: In this case, we have that:

0, i=12...,j-1

max (O, —Vi(qi) - V) - {—Vk(fh‘) -v, i=j,...,1Q|

Then, optimization problem (17) becomes:

]
max > Vie(4)P(g. ¢,41)
Q|
+Z (= Vietan - v) (P(g.a.a) - P(g.0.00))|
7 ]
+v() Plgag)-1)=
i=1
Q)
max Z Vie(a)P(g.a,91) + 3 Vi(a)P(q @)
i=j
]
+v(ZP(q,a ql>+ZP<q,a a) - 1)
st.: aeA, -Vi(gj-1) <v<-Vi(q))

Now, for any given a, the term Z{z_ll P(q,a,qi) + Zl l P(q, a,qi)—1
is either negative or positive. In the first case, we Would have to
make v as small as possible, i.e. v = =Vj(gj-1). In the second case,
we would have to make v as big as possible, i.e. v = =V (g;). Thus,
we can break down the above optimization problem to the two
following problems (20) and (21):

j-1
max )" (Ve(gi) - Vie(gj-1))P(g. . )

i=1
Ql
+ 3 (V@) = V(g )P(g..00) + Vie(gj-1) =
i=j
2 (20)

.
max " (Vi) = Vi(j-1))P(.0.q1)
i=1
Q|
+ 2 (Vieta) = Vietaj=0) ) P(q. a.q0) + Ve (gj-1)
i=j
st.: aeA
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j-1
max > (Velgi) - Ve(g)) ) Plg.a.q0)
i=1

Q|
+>) (Vk(qz') - Vk(‘]j))P(CIa a,qi) + Vi (qj) =
i=j
j-1 ; (21)
max >, (Vk(Qi) - Vk(qj))P(q, a,qi)
i=1
Q| X
+ Z (Vk(qz') - Vk(CIj))P(CI’ a,qi) + Vi (q;5)
i=j+1
st.: aedA
Thus far, we have that (4), and thus the primal problem (Mm),
has been broken down to the combination of problem (18), problem
(19) and |@Q| -1 instances of problems (20) and (21). However, taking
a closer look, we see that (21) with j = m is identical to (20) with
Jj = m+ 1 (their objective functions are identical, as well as their

constraint sets)’. Moreover, (19) is identical to (21) with j = |Q|.

Finally, (18) is the same problem as (20) with j = 2, which can also
be written in the form of (21) if we put j = 1. In other words, it
suffices to only consider (21) for j = 1,. .., |Q|. To conclude, solving
(4) is equivalent to solving the following optimization problems for

j=1,...,]Q|:

j-1
mélx Z (Vk(CIi) - Vk(CIj))P(q, a.qi)
i=1

|Q
+ Z (Vk(qi) - Vk(‘]j))p(% a,qi) + Vi (q;)
i=j+1
st.: aeA
O
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"Denote by fj(a) the objective function of (21) and by g; (a) the objective function
of (20). Then, we have:

fm(a) — gm+i(a) =

m—1 m-—1

> (Vetan) = Vielam))Pg @) = Y, (Vian) = Vie(am))P(g. @ 1)
i=1 i=1
Q| Q|

o (V@) = Vilgm) )P@.a.g) =) (Ve(a) = Vi(am))P(a.a.q0)

i=m+1 i=m+1

+ Vi (gm) = Vi (gm)

=0
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