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Abstract— We present formal methods of improving multiple
policies for solving controlled Markov set-chains with infinite-
horizon discounted reward criteria. The multi-policy improve-
ment methods follow the spirit of parallel rollout for solving
Markov decision processes (MDPs). In particular, these methods
are useful for on-line control of Markov set-chains and for
approximately solving MDPs via state aggregation. We further
discuss issues on designing a policy-iteration type algorithm
based on our policy improvement methods.

I. INTRODUCTION

When dealing with a Markov Decision Process (MDP) [6],
the state-transition probability matrix typically is assumed to
be uniquely given at each decision time. The probabilistic
state transition at each time is uniquely determined from a
given transition probability distribution associated with the
current state and the current action, whether the distribution
is stationary or non-stationary or whether it is known to a
decision maker or not.

Kurano et al. [5] extend the usual MDP model to the case
where the transition probability varies in some given domain
at each decision time, and its variation is unobservable or
unknown (see, e.g., [5] for example problems). In doing so,
they develop a novel model called a “controlled Markov set-
chain,” based on Markov set-chains [3], and study an optimal
control problem with a total expected discounted reward
criterion under some partial order. In their generalization of
the MDP model, each state and action pair is associated with
a range of probability distributions and, at each decision
time, a probability distribution is arbitrarily selected by
some unknown adversary of the system. In this view, the
controlled Markov set-chain model is suitable for designing
a robust controller. Furthermore, the model can be used
for sensitivity analysis of an MDP where the transition
probability parameters are perturbed. The model also can be
used as an approximate-solution approach for solving large
MDPs via aggregation of the states. By grouping the states in
a given MDP, we can induce a controlled Markov set-chain
model with a much smaller state space (see [2] for a related
discussion).
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Based on appropriately defined contraction operators, Ku-
rano et al. [5] establish an optimality equation satisfied by an
optimal policy (optimal in a certain partial-order sense), and
some results that induce a value-iteration [6] type algorithm
for solving problems modeled by controlled Markov set-
chains. A condition for policy improvement [6] for a single
policy is provided, but no policy-iteration (PI) type algorithm
based on the condition is discussed explicitly in their paper.

In this paper, we present formal methods for improving
multiple policies in a partial-order sense and discuss some is-
sues on designing a PI-type algorithm for controlled Markov
set-chains. Our multi-policy improvement methods follow
the spirit of parallel rollout [1] for solving MDPs. Along
the same line, they are useful for on-line control of Markov
set-chains and for approximately solving MDPs via state
aggregation. We further discuss issues on designing a policy-
iteration type algorithm based on our policy improvement
methods.

Some related models based on MDPs have been studied
in the operations-research literature by White and Eldeib [8],
and Satia and Lave [7], under the rubric of MDPs with
“imprecisely known transition probabilities.” Related work
has also been reported in the artificial-intelligence literature
by Givan et al. [2], who discuss “bounded parameter Markov
Decision Processes (BMDPs).” The controlled Markov set-
chain model is very similar to BMDPs. See Section 8 in [2]
for a discussion on the relationship of BMDPs with other
models. Kalyanasundaram et al. [4] study continuous-time
MDPs with unknown transition rates and average reward cri-
teria, and develop a PI-type algorithm based on single-policy
improvement, for obtaining robust (“max-min”’) policies.

This paper is organized as follows. In Section II, we
formally describe the controlled Markov set-chain model
and some preliminaries. In Section III, we then discuss two
versions of the multi-policy improvement method, and the
main theoretical results. We also discuss the design of a
PI-type algorithm for solving controlled Markov set-chains.
In Section IV, we briefly describe the use of our multi-
policy improvement results. We conclude the present paper
in Section V.
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II. CONTROLLED MARKOV SET-CHAINS

In this section we provide a formal description of
controlled Markov set-chains, following the notation of [5]
(see [5] for more detailed discussion). A controlled Markov
set-chain model is a four-tuple M = (X, A, R, P = (p,D)).
where X is a finite set of states, A is a finite set
of actions, R X x A — RT represents a bounded
nonnegative reward function, and P = (p,p) is an

“interval transition function.” To elaborate, let RLXIX‘
denote the set of vectors in RIXI with entrywise
nonnegative elements. Then, for each (z,a) € X x A,
p = p(|r,a) € RLX‘XI and p = p(:|z,a) € ]RixlX‘
with p < p (the relations <, <, and = used in a
vector or a matrix context are defined componentwise
throughout the present paper). We assume that (p,p) :=
{p|p is a probability distribution over X with p < p < p}
is nonempty. B

If the system is in state € X and an action a € A is
taken at x, then the system makes a transition from state
x to a random next-state y € X according the probability
p(y|z,a), and a reward of R(x,a) is obtained. This process
is repeated at the state y. To decide what action a to take at
each state x, the decision maker only knows that p(-|x, a) is
arbitrarily selected from (p(:|z,a),p(-|z,a)). The decision
maker wishes to maximize the total expected discounted
reward over an infinite horizon. Note that if p = p, then
M reduces to a standard MDP [6]. -

We define a stationary policy 7 as a mapping from X to
A, and let IT be the set of all possible policies. We associate
with each 7 € II the | X |-dimensional column vector R(7) €
le‘, where the entry of R(w) associated with state z is
R(z,m(x)). Consider the set of stochastic matrices P(7) :=
(P, P), where

(P, P) = {P|P is a stochastic matrix with P < P < P},

and the rows associated with state = for P and P are
p(-|z,7(x)) and p(-|z,7(x)), respectively.

We will need some more notation involving sets of
stochastic matrices. Let

Mpxn = {-A = <sz>|A < Z,A,Z € RTxn}

Identifying any stochastic matrix P with the set (P, P) =
{P}, any state transition matrix is associated with some
element of M| x|« |x|. The product of A and B in M | x|« x|
is defined by

AB ={AB|A€ A, B e B}

(the product of the elements in M x|y and M| x|y x| is
also similarly defined). For any sequence {A;}$, with A; €
M x|x|x|» © > 1, the multiproduct is defined inductively by

AjAg - A o= (Ar -+ - A1) A, k> 2.

Similarly, for any vector v € RIX| and A € M x % x)s
vA = {vAlA € A}.

For a given policy 7 € 11, we define the value of following
« with an initial state x € X as

V() = em{z ~t <H Pi> R(m)
t=0 =0

P, € P(’]T),

i>1,P0:I},

where v € (0,1) is a discount factor, e, € R‘fl is the unit
vector whose entry associated with x is 1 and all of the other
entries are zero, and I denotes the identity matrix. (See also
Lemma 2.1 in [5] for more on this definition.)

Denote the set of all bounded and closed intervals in
R* by C(R™). Next, denote the set of all | X |-dimensional
column vectors whose elements are in C(R™1) by C (RL‘LX‘).
Note that given m € II, we have V™ (z) € C(R"), z € X,
and the value function V'™ is in C(R‘fl). Hence, we can
write V™ = [V, V"] with V™ V" e RX and ™ < V.

We now define a partial order (>,>) on C(RT): for
[c1,co) and [dy,ds] in C(RT), we write [c1,c2] > [dy,d2]
if ¢y > dy and ¢ > do, and [c1, 2] > [dy, da] if [c1, o] >
[dl, dg] and [Cl, Cg] 7& [dl, dg]

Using the above partial order, we then say that a policy
w* is optimal in II if there does not exist m € II such that
V™ < V™. Our goal for a given M is to find an optimal
policy m* € II. Note that the optimal policy may not be
unique, and, for two optimal policies 7] and 73, the value
of following each policy may be different, i.e., V ™ and V™2
are not necessarily equal. This is in contrast to the uniqueness
of the optimal value function in standard MDPs.

Kurano er al. [5] prove the existence of an optimal
stationary policy 7* and establish an optimality equation
uniquely satisfied by the policy’s value function V™ . They
also provide some results that induce a value-iteration type
algorithm [6] to compute V™ by defining relevant contrac-
tion operators (thereby obtaining 7*). They further provide
a sufficient condition for single-policy improvement (see
Corollary 4.1 and 4.2 in [5] and Lemma 1 below), but they
do not explicitly discuss any policy improvement method;
specifically, they do not provide any type of policy-iteration
(PI) algorithm in their paper.

III. MULTI-POLICY IMPROVEMENT

The policy improvement step of any Pl-type algorithm
for solving MDPs is based on improving a single policy.
Recently, Chang et al. [1] extend this single-policy improve-
ment method to a multi-policy improvement method using an
approach called “parallel rollout.” Applying a similar policy
improvement step to the case of controlled Markov set-chains
is nontrivial, because in the latter case we have to deal with
simultaneously improving the intervals associated with each
state (where “improvement” is in the sense of the partial
order). Our main goal here is to provide some useful results
regarding multi-policy improvement for controlled Markov
set-chains.

For each (z,a) € X x A, let

p(z,a) := (p(-|z, a), p("|z; a)).
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For each policy 7 € 1I, define the operators T _ ]R‘XI

R X and T, : RIXT — RIX as follows: for Vv,V € R‘j"
and for r € X,

T, (V)(z)=

Rz, m(x)) +7 > plylz, (@)Y (y) (1)

min
ep(x,m(x
peEp(x,m( ))yEX

V(y). 2

> plyl,

max
ep(z,m(:
pep(z,m(x)) yex

m(z))

It has been shown by Kurano e al. that for any m € II
with value function V™ = [V", V"], V™ and V" are unique
fixed points of T and T, respectively; i.e.,

T,V (x) = V'(z), ze€X
T.(V)xz) = V'), z€X.

We remark that for each w € II, P(7) = conv{P " (r) :
I=1,...,1n)} for some PO (n) € P(n),l =1,...,I(n),
where for D ¢ RIXIXIXI conv(D) is the closed convex hull
of D (see Lemma 1.1 in [5]). Thus, we can rewrite (1) as

I, (V)(z) =
Rz, m(x)) +

Hlln
1<l<l1 ")/

Zp(” (ylz, m(2))V(y)

for some [, (;), and similarly for the 7T'.-operator. This
leads to some computational simplification in applying the
operators.

We present below two versions of our multi-policy im-
provement method for controlled Markov set-chains based on
the idea of parallel rollout [1] for MDPs. The name “parallel
rollout” comes from the idea that we “roll out” or simulate
each available policy to estimate its value in parallel and then
apply the most “promising” action to the system in on-line
manner. The parallel-rollout method generalizes the policy-
improvement step of the PI algorithm to the case of multiple
policies.

Given a nonempty set A C II, we define ® = [®,®] €
CR) by

P(z) = meaiczﬂ(x), reX 3)
P(z) = {rneang(x), z e X. 4)

Next, for each = € X, we define the two sets A, and A, as

A, = arg maX{R(m, a)

acA

+7v max

ep(x,a
pEP( )yEX

p(ylz, a@(y)} Q)

and

A, =arg rglgf{ﬂ% a)

+7v min
pep(z,a)

S sz} ©

yeX

We then define a parallel rollout policy . € II with respect
to A to be any policy such that for all x € X,

A, NA A, NA, #0
Tpe(T) € ] 7
A otherwise .
Define the improvable state set T = {z|A, N A, #

),z € X}. The following theorem establishes that over
the set Z, the value of m, exceeds those of all policies
in A. In other words, by following 7y, both the lower
(value) bounds and the upper bounds of all policies in A are
improved simultaneously, provided the initial state belongs
to the improvable state set.

Theorem 1: For a given nonempty set A C II, and for the
policy 7}, defined in (7),
Tpr > e I
V7er(x) _I;leai(V (x), z€Z,
where the max operator is defined componentwise.

To prove the above theorem, we begin with a lemma,
which is similar to Corollaries 4.1 and 4.2 in [5].

Lemma 1: For any V € leﬁ and 7w € II, if

T, (V)(@) 2V(z), z€X ®)
V(z), z € X. Similarly, if
T.(V)(z)>V(z), v€X

V(z), xz € X.

then V™ (z) >

then V" () >

Proof: By successive applications of the 1" _-operator
to both sides of (8), and the monotonicity property of the
operator (see Theorem 3.1 in [5]), we have that for all z € X,

lim T(V)(2) > V().

By Theorem 3.1 in [5], iterative application of 7' on any
initial value function converges monotonically to the fixed
point V™5 ie., limy, oo Tn(V)(z) = V™ (), x € X. The
same argument applies to the T, case and this proves the
lemma. [ ]

We now prove the statement of Theorem 1.
Proof of Theorem 1: For any x € Z and any m € A, we
have

T, (®)(x) =
= R(z,mp(2))

min
pEP(z,mpr ()

S plyle, me(2)2(y)

yeX
= R
r;lgg( (®,0)+7 min Zp (], a)@ (y)>

by definition of mp,, wpr( yEANA,

> R(z,n(x)) + min z,m(z))P
= (2, 7(x)) ’Ypép(fv,‘rr(fc))yge p(yl (2))2(y)
> R(z,n(x)) + min E x,m(x))V"

(2, m(x)) A/;DEp(er(a:))ye p(yl (@)Y (y)
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by definition of &
= V™ (z).
Therefore,

T. (®)(x) > 2(x), ze€l.

=Tpr

By Lemma 1, for any z € 7 and any 7 € A,
Tpr > s .
V™ (2) 2 max V7 (2)
Similarly, for any « € Z and any 7 € A,
Tﬂ'pr (6) (x) =

R(x, mp(x)) + max
( p( ) 7p€p(f677rpr(r))

> plyle, mpr(2) B (y)

yeX

> plylz, m(2))B(y)

> R(z,m(z))+v max
pep(z,m(z))
yeX

by definition of 7,

> R(z,n(z)+7 max > pyle,w(@)V" (y)
pEp(z,m(z))
yeX
by definition of ®
= V().
Therefore, for any « € 7 and any 7 € A,
5 Tpr N —T .
Viri(z) > rgleaicV (x) 9
The above implies that for all 7 € A and x € Z,
Vi) = [V (), VT ()],
> [V(x),V ()],
= V7™(z).
Therefore, for any z € Z,
Tpr > e
V(o) 2 max V™ (@),
which completes the proof. [ ]

We remark that at state x € X —Z7, we have the freedom to
choose any action. If we choose 7, (z) € A, forz € X -7,
by following the parallel rollout policy, we can improve at
least the lower bounds of all policies in A (or the upper
bounds of all policies in A by choosing an action in A,).
In that case, by the partial order, there does not exist 7 € A
such that V™ > V7er if there exists at least one state z €
X — 7 such that V™ () > max ca V" (2).

We now consider another policy defined from A for
multi-policy improvement with the ®-function defined by (3)
and (4). Given A C II, define

Al = {r|lrell,n(z) € A,,Vx € X}  (10)
2|A] {n|r e, n(x) € A,,Vx € X}, (11)

where A, and A, are given in (5) and (6), respectively.
Define 7y, to be any policy such that for x € X,

[

ac

Tpr(x) € arg mix{R(x, a)

Zx

+v max z,a) max V . (12
s, 3ol mos "W} a2

The policy 7, can be interpreted as follows. By defining
Tor(2), © € X, over A, it first improves all of the lower
bounds of the policies in A. Then, 7, does its best to
improve the upper bounds of all of policies ¢ that improve

all of the lower bounds of the policies in A:
¢(z) € arg rgleaj({R(a a)

+y min Zp (yle, a)® ()}. (13)

pEp(z,a)

The following theorem is a “localized” version of Theorem
4.1 in [5]. For a given nonempty A C II, we say that 7 is
optimal with respect to A if there does not exist 7 € A such
that V* < V™, (If A = II, then 7 is an optimal policy for
M in the usual “global” sense.)

Theorem 2: For any given nonempty set A C II and for
the policy 7, defined in (12), 7y, is optimal with respect to
A.

Proof: We first show that for all 7 € II with 7(z) €
A, xeX,

V(@) >V (z), zeX

and

V™ (z) > max V"™ (z), z€X.

TEA

(The argument is similar to that of the proof of Theorem 1.
We only show the essential steps here.)

Define ¥ = [¥,T] e CRX) such that ¥(x) =
max,ea V™ (z), v € X and ¥(x) = maXrecA [A] V' (x),
x € X. For any z € X and any 7w € A, we have

Ifrpr (@)(z)
= R(z, Tpr (x))

thw )T (y)

pEp(r Wpr(r))

> R(x,m(x)) + min x,m(x))¥
> R(x,m(x)) Wpep(m(r))zp(yl m(z))L(y)
yeX
by definition of 7y, Tpr(z) € A,
> R(z,n(z))+7 min > plyla, ()Y (y)

pep(z,m(x)) yex
= V7(x).
Therefore, by Lemma 1, for any z € X and any m € A,
Tpr > s )
V7 (2) 2 max V7 (2)
Similarly, for any € X and any m € 4, [A],
T, (V) (z) =
> R(z,m(z))+v max

> plylz, (@) ¥ (y)

pep(z,m(x)) vex

>yl m(@)V (y)

yeX

> R(z,n(x)) ++v max

pep(z,m(x))
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w(xz) € A,,
m(z) € A,,

which implies that for all m € II with

V' (2) >V (), zeX. (14

Now observe that if there exists m € ~A such that V7™ <
V'™, then the following must be true: V™" (z) < V™ (x),x €
X. But this is impossible unless V™ = V"r, If that is the
case, then 7(z) € A, € X. To see this,

V™ (z) = V7 (2)
= R(x,7pe(7))

+r _min S plyle A@)V ()

pep(w:ﬂ—pr x yex
= R(x,7pe(7))
+y  min Y pyla, fpe(@) YV (y)

pEP(z,7pr () Jex
= R(x,7pe(7))
+ min Z p(ylxaﬁ—pr(x)) inaXK” (y)

pep(ap(e)) £ ‘€A
= max(R(ama)
acA
4+~ min p(y|x,a)max£’rl(y)>
pep(z,a)yex €A

= R(z,n(x)) + min z,m(x))V"(y),
(o) +7, min ) 3 ol )L

which implies that 7(z) € A,. )

By (14), there is no = € X such that V""" (z) < V' (z)
for any m € A_[A]. Therefore, there does not exist m € A
such that V™ < V™. This implies that 7, is optimal with
respect to A, which completes the proof. [ ]

We remark that the following policy symmetrically defined
as

Tpr(x) € arg ma_LX{R(a:, a)
a€A,

+7 min Zp (ylx,a) max V™(y )}(15)

pEp(z,a) vexX T€A,[A]

for x € X is also optimal with respect to A.

Based on the above policy improvement results, the fol-
lowing PI-type algorithm follows naturally. (Below, we use
(15); alternatively, the algorithm can be constructed using
(12) instead of (15)).

0. Imitialization: k£ = 0 and set m( arbitrarily in II.
1. Policy Evaluation: obtain V' ™,
2. Policy Improvement: obtain 741 by (15) with A =
{mi}.
3. Stop Condition: If V™" = V""" then stop. Otherwise,
k «— k+1 and go to step 1.
Several observations can be made on this Pl-type algo-
rithm. First, the upper bounds are monotonically increasing,
ie., for all k,

Therefore, 7 cannot beat 71 in terms of the partial order.
In fact, 7y, is optimal with respect to {mg, 71, ..., Tk—1}. Be-
cause there are finitely many policies and the upper bounds
are monotonically increasing, the algorithm converges to a
policy in a finite number of steps—|II| steps in the worst
case. Let ™" be the converged policy. We know that 7 T
achleves the best upper bound; i.e., for all 7 € T, V" (z) >
Vi(z), z € X.

Pick any optimal policy 7* € II. It cannot happen that
there exists a state 2 € X such that V™ (z) > V™ ()
because if that were the case, it would contradict with the
definition of optimality. Therefore,

VE(z) <V™ (z), zeX.

From (15), 7" improves the lower bounds of all of the
policies (including 7*) that improve the upper bound of
the best-upper-bound-achieving policy 7*. Suppose that there
exists an optimal policy that achieves the best upper-bound;
denote it as p. Then,

VT (z) > VP(z), zeX.

These observations imply that 7T* achieves V” ie., VTr =
Kp . Therefore, it must be true that vh =Vv". Otherwise, p
cannot be an optimal policy. Hence, we have that V? = V7 .

We can apply a similar reasoning to the PI-type algorithm
with (12), but with the following Stop Condition: If V™ =
V7 1 then stop. Otherwise, k — k + 1 and go to step 1.

Summarizing, if there exists an optimal policy p (or p) in
the partial order that achieves the best upper-bound function
(or, resp., the best lower-bound function), then the Pl-type
algorithm with (15) (resp. (12)) converges to a policy T*
(resp. ©*) such that VP = VT (resp. VP = V=) with the
corresponding stop condition.

We can extend the above single-policy improvement algo-
rithm into a multi-policy improvement algorithm. At iteration
k > 0, we have a set of policies II; € II, instead of a
single policy, and we evaluate each policy 7, € II; and
obtain 7,41 by applying (12) with A = II;. We then set
Mit1 = {7rt1} UQpp1, where Qp4q is an arbitrary subset
of II. Note that we have significant freedom in our choice of
Q. One possibility is to run the single-policy improvement
method in parallel and put the sequence of the policies
generated into Q.

The result of Theorem 1 also gives rise to a (heuristic)
PI-type algorithm if we use (7) instead of (12) or (15),
with the following stop condition: if either V™ = Y ™k+!
or V" = V™" then stop (alternative conditions are also
possible). In this case, w41 improves both the lower and
upper bounds of 7 over the improvable state set of .
Therefore, a converged policy, if it exists, improves all of
the policies that have appeared in the algorithm, over the
intersection of their improvable state sets.

IV. APPLICATIONS

Even though the two well-known algorithms—value itera-
tion and policy iteration—are available for solving MDPs, it
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is generally understood that solving MDPs with large state
and/or action spaces in practice using these algorithms is
impossible. Numerous efforts have been devoted to solving
MDPs approximately and/or heuristically. Similarly, we can
expect that solving controlled Markov set-chains with large
state and/or action spaces via the value-iteration type algo-
rithm studied by Kurano ef al. is also practically difficult.

Following the spirit of parallel rollout [1], it is often true
that for a given problem, we already have some heuristic
policies available. For example, for the multiclass-scheduling
problem with stochastically arriving prioritized tasks with
deadlines, the “earliest-deadline-first” and ‘‘static-priority”
heuristics are available candidate policies in hand for the
scheduling decision. It may even be the case that our heuristic
policies are such that each policy is near-optimal over some
part of the state space. In this case, the decision maker may
well wish to combine those policies to develop a policy that
somehow improves all of the heuristic policies. The results
presented in the previous section are directly relevant to this
goal.

Suppose we have a large MDP M, = (X, A, P, R), where
P is the state transition matrix. We then partition the state
space X into B = {B4y,..., B,} with nonempty B; C X,
Ui, Bi=X,and B,NB; =0 fori# j,i,j=1,...,n.We
then construct a controlled Markov set-chain model M, =
(B, A, Py, Ryr) such that the state space is B, the action
space is A, and Py = <]_)M,]_)M> is defined such that for
Bi,Bj €Bandac A,

Py(BilBi,a) = min P(ylz,a)
yEB;
]_DJVI(Bj|Biaa) = max P(y|xva‘)
r€B;
yEB;

We can then consider a “minimum” (pessimistic) model with
Ry (B;,a) = mingep, R(x, a) or a “maximum” (optimistic)
model with R/ (B;,a) = max,ep, R(x,a). Given a set of
heuristic policies {7|m : B — A}, we can then apply our
multi-policy improvement method to the model M,. Note
that the V™ -function for a given policy 7 for M, provides a
performance bound for the corresponding policy applied to
M,. (If a heuristic policy is given for M, as a mapping from
B to A, to apply it to M,, we induce a corresponding policy
as a mapping from X to A.) By applying the multi-policy im-
provement method, we can improve the performance bounds
of the available policies.

To use the multi-policy improvement method for on-line
control of a Markov set-chain (following the method of
parallel rollout), we need to estimate V' ™ (z) for the current
state x € X and 7w € II via simulation. Unlike in the MDP
case, a direct application of Monte Carlo simulation would
not apply here. Developing an efficient simulation method
to estimate V™ (x) is an interesting research topic. Here we
discuss one heuristic method.

We simulate 7 as follows: at state x we take 7(x)
and select | from 1 < [ < lm’ﬁ(z) uniformly, and make
a transition to the next state according to p()(-|z, 7(z)),

thereby generating a single simulated sample path over a
finite horizon. We repeat this over many sample paths and
obtain the estimated interval of following the policy 7 with
an initial state x.

For on-line control, we evaluate the value of taking each
action a € A at state x; at time ¢ as follows. We sample a set
of next states y¢,...,ys randomly, uniformly over X, and
for each m € A, we estimate the value of following policy
7 (which we denote V™ (y®)). Then, we select at time ¢ an
action a in

arg m@x{R(azt, a) + T
aCA, n

peEP(Tt,a

max S0 e, ) max ¥ (46
) 1 TEA
where A = {r|r € I, n(z) € A,,Vx € X} and

1 gl
A, = —x
A, = arg r;leajc{R(:rt, a)+

n

min Zp(yﬂxt,a) Ywneaiiﬁ (y;l)}

pep(ws,a) =

V. CONCLUDING REMARKS

“Policy switching” [1] is yet another multi-policy improve-
ment method for MDPs, where the maximization over the
action space is not necessary (cf. parallel rollout), making
the method attractive for problems with large action spaces.
A future direction is to extend the original policy switching
method to the case of controlling Markov set-chains.

An issue that remains unanswered is a characterization
of the performance gains to be expected by using the
proposed method. Providing analytical results along these
lines is challenging. Indeed, to the best of our knowledge,
no analytical result exists on performance gains for single
policy improvement in PI for MDPs.
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