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Parameterized MDPs and Reinforcement Learning
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Abstract—We present a framework to address a class of
sequential decision-making problems. Our framework features
learning the optimal control policy with robustness to noisy data,
determining the unknown state and action parameters, and per-
forming sensitivity analysis with respect to problem parameters.
We consider two broad categories of sequential decision-making
problems modeled as infinite horizon Markov decision processes
(MDPs) with (and without) an absorbing state. The central idea
underlying our framework is to quantify exploration in terms
of the Shannon entropy of the trajectories under the MDP and
determine the stochastic policy that maximizes it while guaran-
teeing a low value of the expected cost along a trajectory. This
resulting policy enhances the quality of exploration early on in
the learning process, and consequently allows faster convergence
rates and robust solutions even in the presence of noisy data as
demonstrated in our comparisons to popular algorithms, such
as Q-learning, Double Q-learning, and entropy regularized Soft
Q-learning. The framework extends to the class of parameterized
MDP and RL problems, where states and actions are parameter
dependent, and the objective is to determine the optimal param-
eters along with the corresponding optimal policy. Here, the
associated cost function can possibly be nonconvex with multiple
poor local minima. Simulation results applied to a 5G small cell
network problem demonstrate the successful determination of
communication routes and the small cell locations. We also obtain
sensitivity measures to problem parameters and robustness to
noisy environment data.

Index Terms—Markov decision processes (MDPs), maxi-
mum entropy principle (MEP), network design, parameterized
sequential decision making, reinforcement learning.

I. INTRODUCTION

MARKOV decision processes (MDPs) model sequential
decision-making problems which arise in many appli-

cation areas, such as robotics, sensor networks, economics,
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and manufacturing. These models are characterized by the
state-evolution dynamics st+1 = f (st, at), a control policy
μ(at|st) that allocates an action at from a control set to each
state st, and a cost c(st, at, st+1) associated with the tran-
sition from st to st+1. The goal in these applications is to
determine the optimal control policy that results in a path,
a sequence of actions and states, with minimum cumulative
cost. There are many variants of this problem [1], where the
dynamics can be defined over finite or infinite horizons; where
the state dynamics f can be stochastic; where the models for
the state dynamics may be partially or completely unknown,
and the cost function is not known a priori, albeit the cost at
each step is revealed at the end of each transition. Some of
the most common methodologies that address MDPs include
dynamic programming; value and policy iterations [2]; linear
programming [3], [4]; and Q-learning [5].

In this article, we view MDPs and their variants as com-
binatorial optimization problems and develop a framework
based on the maximum entropy principle (MEP) [6] to address
them. MEP has proved successful in addressing a variety of
combinatorial optimization problems, such as facility loca-
tion problems [7], combinatorial drug discovery [8], traveling
salesman problem and its variants [7], image processing [9],
graph and Markov chain aggregation [10], and protein struc-
ture alignment [11]. MDPs, too, can be viewed as combinato-
rial optimization problems—due to the combinatorially large
number of paths (sequence of consecutive states and actions)
that it may take based on the control policy and its inherent
stochasticity. In our MEP framework, we determine a probabil-
ity distribution defined on the space of paths [12], such that
1) it is the fairest distribution—the one with the maximum
Shannon entropy H and 2) it satisfies the constraint that the
expected cumulative cost J attains a prespecified feasible value
J0. The framework results in an iterative scheme, an anneal-
ing scheme, where probability distributions are improved upon
by successively lowering the prespecified values J0. In fact,
the Lagrange multiplier β corresponding to the cost con-
straint (J = J0) in the unconstrained Lagrangian is increased
from small values (near 0) to large values to effect anneal-
ing. Higher values of multipliers correspond to lower values
of the expected cost. We show that as the multiplier value
increases, the corresponding probability distributions become
more localized, finally converging to a deterministic policy.

This framework is applicable to all the classes of MDPs and
its variants described above. Our MEP-based approach inherits
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the flexibility of algorithms such as deterministic annealing [7]
developed in the context of combinatorial resource allocation,
which include adding capacity, communication, and dynamic
constraints. The added advantage of our approach is that we
can draw close parallels to existing algorithms for MDPs and
RL (e.g., Q-learning)—thus enabling us to exploit their algo-
rithmic insights. Below, we highlight the main contributions
and advantages of our approach.
Exploration and Unbiased Policy: In the context of model-

free RL setting, the algorithms interact with the environment
via agents and rely upon the instantaneous cost (or reward)
generated by the environment to learn the optimal policy.
Some of the popular algorithms include Q-learning [5], Double
Q-learning [13], Soft Q-learning [entropy regularized (ER)
Q-learning] [14]–[20] in discrete state and action spaces, and
trust region policy optimization (TRPO) [21], and soft actor–
critic (SAC) [22] in continuous spaces. It is commonly known
that for the above algorithms to perform well, all relevant
states and actions should be explored. In fact, under the
assumption that each state–action pair is visited multiple times
during the learning process, it is guaranteed that the above
discrete space algorithms [5], [13]–[15] will converge to the
optimal policy. Thus, the adequate exploration of the state
and action spaces becomes incumbent to the success of these
algorithms in determining the optimal policy. Often the instan-
taneous cost is noisy [14] which hinders the learning process
and demands an enhanced quality exploration.

In our MEP-based approach, the Shannon entropy of the
probability distribution over the paths in the MDP explicitly
characterizes the exploration. The framework results in a dis-
tribution over the paths that is as unbiased as possible under
the given cost constraint. The corresponding stochastic policy
is maximally noncommittal to any particular path in the MDP
that achieves the constraint; this results in better (unbiased)
exploration. The policy starts from being entirely explorative,
when the multiplier value is small (β ≈ 0), and becomes
increasingly exploitative as the multiplier value increases.

Parameterized MDPs and RL: These classes of
optimization problems are not even necessarily MDPs
which contribute significantly to their inherent complexities.
However, we model them in a specific way to retain the
Markov property without any loss of generality, thereby mak-
ing these problems tractable. Scenarios, such as self-organizing
networks [23]; 5G small cell network design [24], [25]; supply
chain networks; and last mile delivery problems [26], pose a
parameterized MDP with a two-fold objective of determining
simultaneously 1) the optimal control policy for the underly-
ing stochastic process and 2) the unknown parameters that the
state and action variables depend upon such that the cumula-
tive cost is minimized. The latter objective is akin to facility
location problem [27]–[29], that is shown to be NP-hard [27],
and where the associated cost function (nonconvex) is riddled
with multiple poor local minima.

For instance, Fig. 1 illustrates a 5G small cell network,
where the objective is to simultaneously determine the loca-
tions of the small cells {fj} and design the communication
paths (control policy) between the user nodes {ni} and base
station δ via a network of small cells. Here, the state space S

Fig. 1. 5G small cell network. The objective is to determine the small cell
location {yj ∈ R

d} and the communication routes from the base station δ to
each user {ni} via the network of the small cells.

of the underlying MDP is parameterized by the locations {yj}
of small cells {fj}.

Algebraic Structure and Sensitivity Analysis: In our frame-
work, maximization of Shannon entropy of the distribution
over the paths under a constraint on the cost function value
results in an unconstrained Lagrangian—the free-energy func-
tion. This function is a smooth approximation of the cumu-
lative cost function of the MDP, which enables the use of
calculus. We exploit this distinctive feature of our framework
to determine the unknown state and action parameters in the
case of parameterized MDPs and perform sensitivity analysis
for various problem parameters. Also, the framework easily
accommodates stochastic models that describe uncertainties
in the instantaneous cost and parameter values.
Algorithmic Guarantees and Innovation: For the classes of

MDPs that we consider, our MEP-based framework results
into nontrivial derivations of the recursive Bellman equation
for the associated Lagrangian. We show that these Bellman
operators are contraction maps and use their several properties
to guarantee the convergence to the optimal policy and as well
as to local minima in the case of parameterized MDPs.

In the context of model-free RL, we provide compar-
isons with the benchmark algorithms Q, Double Q, and ER
G-learning [14] (also referred to as Soft Q-learning). Our algo-
rithms converge at a faster rate (as fast as 1.5 times) than the
benchmark algorithms across various values of the discount
factor, and even in the case of noisy environments. In the
context of parameterized MDPs and RL, we address the small-
cell network design problem in 5G communication. Here, the
parameters are the unknown locations of the small cells and
the control policy determines the routing of the communica-
tion packet. Upon comparison with the sequential method of
first determining the unknown parameters (small cell locations)
and then the control policy (equivalently, the communication
paths), we show that our algorithms result into costs that
are as low as 65% of the former. The efficacy of our algo-
rithms can be assessed from the fact that the solutions in
the model-based and model-free cases are nearly the same.
We also demonstrate sensitivity analysis, benefits of anneal-
ing, and considering entropy of distribution over the paths in
our simulations on parameterized MDPs and RL.

This article is organized as follows. We briefly review the
related work and MEP [6] in Section II. In Sections III and IV,
we develop the MEP-based framework for MDPs. Section V
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builds upon Section III to address the case of parameterized
MDPs and RL problems. Simulations on a variety of scenarios
are presented in Section VI. We discuss the generality of our
framework, its capabilities, and future directions of the work
in Section VII. For the ease of reading, we provide a com-
prehensive list of symbols in Section F of the supplementary
material.

II. PRELIMINARIES

Related Work in Entropy Regularization: Some of the
previous works in RL literature [14]–[20], [30], [31] either
use entropy as a regularization term (− log μ(at|st)) [14], [15]
to the instantaneous cost function c(st, at, st+1) or maximize
the entropy (−∑a μ(a|s) log μ(a|s)) [16]–[18] associated only
with the stochastic policy under constraints on the cost J. This
results in benefits, such as better exploration, overcoming the
effect of noise wt in the instantaneous cost ct, and obtaining
faster convergence. However, the resulting stochastic policy
and soft-max approximation of the value function J are not in
compliance with the MEP applied to the distribution over the
paths of MDP. Thus, the resulting stochastic policy is biased
in its exploration over the paths of the MDP. Our simulations
demonstrate the benefit of unbiased exploration (in our frame-
work) in terms of faster convergence and better performance
in the noisy environment in comparison to the ER benchmark
algorithm.
Related Work in Parameterized MDPs and RL: The existing

solution approaches [2]–[4] can be extended to the parameter-
ized MDPs by discretizing the parameter domain. However,
the resulting problem is not necessarily an MDP as every
transition from one state to another is dependent on the path
(and the parameter values) taken to the current state. Other
related approaches for parameterized MDPs are case specific;
for instance, [32] presents action-based parameterization of
state space with applications to service rate control in closed
Jackson networks, and [33]–[38] incorporate parameterized
actions that are applicable in the domain of RoboCup soc-
cer, where at each step, the agent must select both the discrete
action it wishes to execute as well as continuously valued
parameters required by that action. On the other hand, the
class of parameterized MDPs that we address in this arti-
cle predominantly originate in network-based applications that
involve simultaneous routing and resource allocations and
pose additional challenges of nonconvexity and NP-hardness.
We address these MDPs in both the scenarios, where the
underlying model is known as well as unknown.
Maximum Entropy Principle: We briefly review the

MEP [6] since our framework relies heavily upon it. MEP
states that for a random variable X with a given prior
information, the most unbiased probability distribution given
prior data is the one that maximizes the Shannon entropy.
More specifically, let the known prior information of the ran-
dom variable X be given as constraints on the expectation of
the functions fk : X → R, 1 ≤ k ≤ m. Then, the most unbiased
probability distribution pX (·) solves

max{pX (xi)}
H(X ) = −

n∑

i=1

pX (xi) ln pX (xi)

subject to
n∑

i=1

pX (xi)fk(xi) = Fk ∀ 1 ≤ k ≤ m (1)

where Fk, 1 ≤ k ≤ m, are known expected
values of the functions fk. The above optimization
problem results into Gibbs’ distribution [39] pX (xi) =
([exp{−∑k λkfk(xi)}]/[

∑n
j=1 exp{−∑k λkfk(xj)}]), where λk,

1 ≤ k ≤ m, are the Lagrange multipliers corresponding to the
inequality constraints in (1).

III. MDPS WITH FINITE SHANNON ENTROPY

A. Problem Formulation

We consider an infinite horizon discounted MDP that com-
prises of a cost-free termination state δ. We formally define
this MDP as a tuple 〈S,A, c, p, γ 〉, where S = {s1, . . . , sN =
δ}, A = {a1, . . . , aM}, and c : S × A × S → R, respec-
tively, denote the state space, action space, and cost function;
p : S×S×A → [0, 1] is the state transition probability func-
tion and 0 < γ ≤ 1 is the discounting factor. A control policy
μ : A× S → {0, 1} determines the action taken at each state
s ∈ S, where μ(a|s) = 1 implies that action a ∈ A is taken
when the system is in the state s ∈ S and μ(a|s) = 0 indicates
otherwise. For every initial state x0 = s, the MDP induces a
stochastic process, whose realization is a path ω—an infinite
sequence of actions and states, that is

ω = (u0, x1, u1, x2, u2, . . . , xT , uT , xT+1, . . .) (2)

where ut ∈ A, xt ∈ S for all t ∈ Z≥0 and xt = δ for all t ≥ k
if and when the system reaches the termination state δ ∈ S in
k steps. The objective is to determine the optimal policy μ∗
that minimizes the state value function

Jμ(s) = Epμ

[ ∞∑

t=0

γ tc(xt, ut, xt+1)
∣
∣x0 = s

]

∀ s ∈ S (3)

where the expectation is with respect to the probability distri-
bution pμ(·|s) : ω → [0, 1] on the space of all possible paths
ω ∈ � := {(ut, xt+1)t∈Z≥0 : ut ∈ A, xt ∈ S}. In order to ensure
that the system reaches the cost-free termination state in finite
steps and the optimal state value function Jμ(s) is finite, we
make the following assumption throughout this section.
Assumption 1: There exists atleast one deterministic proper

policy μ̄(a|s) ∈ {0, 1} ∀ a ∈ A, s ∈ S such that
mins∈S pμ̄(x|S| = δ|x0 = s) > 0. In other words, under the
policy μ̄, there is a nonzero probability to reach the cost-free
termination state δ, when starting from any state s.
We consider the following set of stochastic policies μ:

� := {π : 0 < π (a|s) < 1 ∀ a ∈ A, s ∈ S} (4)

and the following lemma ensures that under Assumption 1 all
the policies μ ∈ � are proper.
Lemma 1: For any policy μ ∈ � as defined in (4),

mins∈S pμ(x|S| = δ|x0 = s) > 0, that is, under each policy
μ ∈ �, the probability to reach the termination state δ in
|S| = N steps beginning from any s ∈ S, is strictly positive.

Proof: Refer to Appendix A.
We use the MEP to determine the policy μ ∈ � such that the

Shannon entropy of the corresponding distribution pμ is max-
imized and the state value function Jμ(s) attains a specified
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value J0. More specifically, we pose the following optimization
problem:

max{pμ(·|s)}:μ∈�
Hμ(s) = −

∑

ω∈�

pμ(ω|s) log pμ(ω|s)

subject to Jμ(s) = J0. (5)

Well Posedness: For the class of proper policy μ ∈ �, the
maximum entropy Hμ(s) ∀ s ∈ S is finite as shown in [40]
and [41]. In short, the existence of a cost-free termination
state δ and a nonzero probability to reach it from any state
s ∈ S ensures that the maximum entropy is finite. Refer
to [40, Th. 1] or [41, Proposition 2] for further details.
Remark 1: Though the optimization problem in (5) consid-

ers the stochastic policies μ ∈ �, our algorithms presented in
the later sections are designed such that the resulting stochastic
policy asymptotically converges to a deterministic policy.

B. Problem Solution

The probability pμ(ω|s) of taking the path ω in (2) can
be determined from the underlying policy μ by exploiting the
Markov property that dissociates pμ(ω|s) in terms of the policy
μ and the state transition probability p as

pμ(ω|x0) =
∞∏

t=0

μ(ut|xt)p(xt+1|xt, ut). (6)

Thus, in our framework, we prudently work with the policy μ

which is defined over finite action and state spaces as against
the distribution pμ(ω|s) defined over infinitely many paths ω ∈
�. The Lagrangian corresponding to the above optimization
problem in (5) is Vμ

β (s) = Jμ(s) − 1/βHμ(s) =

E

[ ∞∑

t=0

γ tcutxtxt+1
+ 1

β

(
log μut|xt + log putxtxt+1

)∣
∣x0 = s

]

(7)

where β is the Lagrange parameter. Here, we have not included
the constant value J0 in the cost Lagrangian Vμ

β (s) for sim-
plicity. We refer to the above Lagrangian Vμ

β (s) (7) as the
free-energy function and 1/β as temperature due to their
close analogies with statistical physics [where free energy
is enthalpy (E) minus the temperature times entropy (TH)].
To determine the optimal policy μ∗

β that minimizes the
Lagrangian Vμ

β (s) in (7), we first derive the Bellman equation
for Vμ

β (s).
Theorem 1: The free-energy function Vμ

β (s) in (7) satisfies
the following recursive Bellman equation:

Vμ
β (s) =

∑

a,s′∈A,S
μa|spass′

(

c̄ass′ + γ

β
log μa|s + γVμ

β (s′)
)

(8)

where μa|s = μ(a|s), pass′ = p(s′|s, a), and c̄ass′ = c(s, a, s′) +
γ /β log p(s′|s, a) for simplicity in notation.

Proof: Refer to Appendix A for details. It must be noted
that this derivation shows and exploits the algebraic structure∑

s′ p
a
ss′H

μ(s′) =∑s′ p
a
ss′ log pass′ + log μa|s + λs as detailed in

Lemma 2 in the Appendix.

Now, the optimal policy satisfies [∂Vμ
β (s)/∂μ(a|s)] = 0,

which results into Gibb’s distribution

μ∗
β (a|s) = exp

{−(β/γ )�β (s, a)
}

∑
a′∈A exp

{−(β/γ )�β (s, a′)
} , where (9)

�β (s, a) =
∑

s′∈S
pass′
(
c̄ass′ + γV∗

β (s′)
)

(10)

is the state–action value function, pass′ = p(s′|s, a), cass′ =
c(s, a, s′), c̄ass′ = cass′ +γ /β log pass′ and V∗

β (= V
μ∗

β

β ) is the value
function corresponding to the policy μ∗

β . To avoid notional
clutter, we use the above notations wherever it is clear from
the context. Substituting the policy μ∗

β in (9) back into the
Bellman equation (8), we obtain the implicit equation

V∗
β (s) = −γ

β
log

(
∑

a∈A
exp

{

−β

γ
�β (s, a)

})

. (11)

To solve for the state–action value function �β (s, a) and free-
energy function V∗

β (s), we substitute the expression of V∗
β (s)

in (11) into the expression of �β (s, a) in (10) to obtain the
implicit equation �β (s, a) =: [T�β ](s, a), where

[
T�β

]
(s, a) =

∑

s′∈S
pass′

(

cass′ + γ

β
log pass′

)

− γ 2

β

∑

s′∈S
pass′ log

∑

a′∈A
exp

{

−β

γ
�β (s′, a′)

}

.

(12)

To solve the above implicit equation, we show that the map T
in (12) is a contraction map and, therefore, �β can be obtained
using fixed-point iterations, which guarantee converging to
the unique fixed point. Consequently, the global minimum V∗

β

in (11) and the optimal policy μ∗
β in (9) can be obtained.

Theorem 2: The map [T�β ](s, a) as defined in (12) is a
contraction mapping with respect to a weighted maximum
norm, that is, ∃ a vector ξ = (ξs) ∈ R

|S| with ξs > 0 ∀ s ∈ S
and a scalar α < 1 such that

∥
∥
∥T�β − T�′

β

∥
∥
∥

ξ
≤ α

∥
∥
∥�β − �′

β

∥
∥
∥

ξ
(13)

where ‖�β‖ξ = maxs∈S,a∈A([|�β (s, a)|]/[ξs]).
Proof: Refer to Appendix B for details.
Remark 2: It is known from the sensitivity analysis [39]

that the value of the Lagrange parameter β in (7) is inversely
proportional to the constant J0 in (5). Thus, at small values
of β ≈ 0 (equivalently large J0), we are mainly maximizing
the Shannon entropy Hμ(s) and the resultant policy in (9)
encourages exploration along the paths of the MDP. As β

increases (J0 decreases), more and more weight is given to
the state value function Jμ(s) in (7) and the policy in (9) goes
from being exploratory to being exploitative. As β → ∞,
the exploration is completely eliminated and we converge to
a deterministic policy → μ∗ that minimizes Jμ(s) in (3).

Remark 3: We briefly draw readers’ attention to the value
function Y(s) = E[

∑∞
t=0 γ t(cutxtxt+1 + (1/β) log μut|xt )] consid-

ered in the ER methods [14]. Note that in Y(s) the discounting
γ t is multiplied to both the cost term cutxtxt+1 as well as the
entropy term (1/β) log μut|xt . However, in our MEP-based
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method, the Lagrangian Vμ
β (s) in (7) comprises of discount-

ing γ t only over the cost term cutxtxt+1 and not on the entropy
terms (1/β) log μut|xt and (1/β) log putxtxt+1 . Therefore, the pol-
icy in [14] does not satisfy MEP applied over the distribution
pμ; consequently their exploration along the paths is not as
unbiased as our algorithm.

C. Model-Free Reinforcement Learning Problems

In these problems, the cost function c(s, a, s′) and the
state-transition probability p(s′|s, a) are not known a priori;
however, at each discrete-time instant t, the agent takes an
action ut under a policy μ and the environment (underlying
stochastic process) results into an instantaneous cost cutxtxt+1

and the subsequently moves to the state xt+1 ∼ p(·|xt, ut).
Motivated by the iterative updates of the Q-learning algo-
rithm [2], we consider the following stochastic updates in our
Algorithm 1 to learn the state–action value function in our
methodology:

�t+1(xt, ut) = (1 − νt(xt, ut))�t(xt, ut)

+ νt(xt, ut)

[

cutxtxt+1
− γ 2

β
log

∑

a′∈A
exp

{−β

γ
�t(xt+1, a

′)
}]

(14)

with the stepsize parameter νt(xt, ut) ∈ (0, 1], and show that
under appropriate conditions on νt (as illustrated shortly), �t

will converge to the fixed point �̄∗
β of the implicit equation

�̄β (s, a) =
∑

s′∈S
pass′

(

cass′ − γ 2

β
log
∑

a′
exp

(−β

γ
�̄β (s′, a′)

))

=:
[
T̄�̄β

]
(s, a). (15)

The above equation comprises of a minor change from the
equation �β (s, a) = [T�β ](s, a) in (12). The latter has an
additional term γ /β

∑
s′ p

a
ss′ log pass′ which makes it difficult

to learn its fixed point �∗
β in the absence of the state tran-

sition probability pass′ itself. Since in this work we do not
attempt to determine (or learn) either the distribution pass′ (as
in [42]) from the interactions of the agent with the envi-
ronment, we work with the approximate state–action value
function �̄β in (15) where �̄β → �β for large β values
[since γ

β
(
∑

s′ p
a
ss′ log pass′ ) → 0 as β → ∞]. The following

proposition elucidates the conditions under which the updates
�t in (14) converge to the fixed point �̄∗

β .
Proposition 1: Consider the class of MDPs illustrated in

Section III-A. Given that
∞∑

t=0

νt(s, a) = ∞,

∞∑

t=0

ν2
t (s, a) < ∞ ∀ s ∈ S, a ∈ A

the update �t(s, a) in (14) converges to the fixed point �̄∗
β of

the map T̄�̄β → �̄β in (15) with probability 1.
Proof: Refer to Appendix D.
Remark 4: Note that the stochasticity of the optimal policy

μ∗
β (a|s) (9) depends on γ value which allows it to incorporate

for the effect of the discount factor on its exploration strategy.
More precisely, in the case of large discount factors, the time
window T , in which instantaneous costs γ tc(st, at, st+1) are

Algorithm 1: Model-Free Reinforcement Learning

Input: N, νt(·, ·), σ ; Output: μ∗, �̄∗
Initialize: t = 0, �0 = 0, μ0(a|s) = 1/|A|.
for episode = 1 to N do

β = σ × epsiode; reset environment at state xt
while True do

sample ut ∼ μt(·|xt); obtain cost ct and xt+1
update �t(xt, ut), μt+1(ut|xt) in (14) and (9)
break if xt+1 = δ; t ← t + 1

considerable (i.e., γ tcatstst+1 > ε ∀ t ≤ T), is large and, thus,
the stochastic policy (9) performs higher exploration along
the paths. On the other hand, for small discount factors, this
time window T is relatively smaller and, thus, the stochastic
policy (9) inherently performs lesser exploration. As illustrated
in the simulations, this characteristic of the policy in (9) results
into even faster convergence rates in comparison to benchmark
algorithms as the discount factor γ decreases.

IV. MDPS WITH INFINITE SHANNON ENTROPY

Here, we consider the MDPs where the Shannon entropy
Hμ(s) of the distribution {pμ(ω|s)} over the paths ω ∈ �

is not necessarily finite (for instance, due to the absence of
the absorption state). To ensure the finiteness of the objective
in (5), we consider the discounted Shannon entropy [43], [44]

Hμ
d (s) = −E

[ ∞∑

t=0

αt
(

log μut|xt + log putxtxt+1

)∣
∣x0 = s

]

(16)

with a discount factor of α ∈ (0, 1) which we chose to be inde-
pendent of the discount factor γ in the value function Jμ(s).
The free-energy function (or, the Lagrangian) resulting from
the optimization problem in (5) with the alternate objective
function Hμ

d (s) in (16) is given by

Vμ
β,I(s) = E

[ ∞∑

t=0

γ tĉutxtxt+1
+ αt

β
log μ(ut|xt)

∣
∣x0 = s

]

(17)

where ĉutxtxt+1 = cutxtxt+1 + (γ t/βαt) log putxtxt+1 , and the subscript
I stands for the “infinite entropy” case. Note that the free-
energy functions (7) and (17) differ only with regards to the
discount factor α and, thus, our solution methodology in this
section is similar to the one in Section III-B.
Theorem 3: The free-energy function Vμ

β,I(s) in (17) satis-
fies the recursive Bellman equation

Vμ
β,I(s) =

∑

a,s′
μa|spass′

(

čass′ + γ

αβ
log μa|s + γVμ

β,I

(
s′
)
)

(18)

where čass′ = cass′ + γ /αβ log pass′ .
Proof: See Appendix C. The above derivation shows

and exploits the algebraic structure α
∑

s′ p
a
ss′H

μ
d (s′) =∑

s′ p
a
ss′ log pass′ + log αμ(a|s) + λs (Lemma 4).
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The optimal policy satisfies (∂Vμ
β,I(s))/(∂μ(a|s)) = 0, which

results into Gibb’s distribution

μ∗
β,I(a|s) =

exp
{
−βα

γ
�β (s, a)

}

∑
a′∈A exp

{
−βα

γ
�β (s, a′)

} , where (19)

�β (s, a) =
∑

s′∈S
pass′
(
čass′ + γV∗

β,I

(
s′
))

(20)

is the corresponding state–action value function. Substituting
the μ∗

β,I in (19) in the Bellman equation (18) results into the

following optimal free-energy function V∗
β,I(s)(:= V

μ∗
β,I

β,I (s)):

V∗
β,I(s) = − γ

αβ
log

∑

a′∈A
exp

(−αβ

γ
�β (s, a′)

)

. (21)

Remark 5: The subsequent steps to learn the optimal pol-
icy μ∗

β,I in (19) are similar to the steps demonstrated in
Section III-C. We forego the similar analysis here.
Remark 6: When α = γ the policy μ∗

β,I in (19), state–
action value function �β in (20), and the free-energy function
V∗

β,I in (21) corresponds to the similar expressions that are
obtained in the ER methods [14]. However, in this article, we
do not require that α = γ . On the other hand, we propose
that α should take up large values. In fact, our simulations
in Section VI demonstrate better convergence rates that are
obtained when γ < α = (1 − ε) as compared to when γ = α.

V. PARAMETERIZED MDPS

A. Problem Formulation

As stated in Section I, many application areas, such as small
cell networks (Fig. 1), pose a parmaterized MDP that requires
simultaneously determining the 1) optimal policy μ∗ and 2) the
unknown state and action parameters ζ = {ζs} and η = {ηa}
such that the state value function

Jμ
ζη(s) = Epμ

[ ∞∑

t=0

γ tc(xt(ζ ), ut(η), xt+1(ζ ))|x0 = s

]

(22)

is minimized ∀ s ∈ S, where xt(ζ ) denotes the state xt ∈ S
with the associated parameter ζxt and ut(η) denotes the action
ut ∈ A with the associated action parameter value ηut . As
in Section III-A, we assume that the parameterized MDPs
exhibit atleast one deterministic proper policy (Assumption 1)
to ensure the finiteness of the value function Jμ

ζη(s) and the
Shannon entropy Hμ(s) of the MDP for all μ ∈ �. We
further assume that the state-transition probability {pass′ } is
independent of the state and action parameters ζ, η.

B. Problem Solution

This problem was solved in Section III-B, where the states
and actions were not parameterized, or equivalently can be
viewed as if parameters ζ and η were known and fixed. For
the parameterized case, we apply the same solution methodol-
ogy, which results in the same optimal policy μ∗

β,ζη as in (9)
as well as the corresponding free-energy function V∗

β,ζη(s)
in (11) except that now they are characterized by the param-
eters ζ and η. To determine the optimal (local) parameters

ζ and η, we set
∑

s′∈S ([∂V∗
β,ζη(s′)]/[∂ζs]) = 0 ∀ s, and∑

s′∈S ([∂V∗
β,ζη(s′)]/[∂ηa]) = 0 ∀ a, which we implement by

using the gradient descent steps

ζ+
s = ζs − η

∑

s′∈S
Gβ

ζs

(
s′
)
, η+

a = ηa − η̄
∑

s′∈S
Gβ

ηa

(
s′
)
. (23)

Here, Gβ
ζs

(s′) := ([∂V∗
β,ζη(s′)]/[∂ζs]) and Gβ

ηa (s′) :=
([∂V∗

β,ζη(s′)]/[∂ηa]). The derivatives Gβ
ζs

and Gβ
ηa are assumed

to be bounded (see Proposition 2). We compute these
derivatives as Gβ

ζs
(s′) = ∑

a′ μa′|s′Kβ
ζs

(s′, a′) and Gβ
ηa (s′) =

∑
a′ μa′|s′Lβ

ηa (s′, a′) ∀ s′ ∈ S, where Kβ
ζs

(s′, a′) and Lβ
ηa (s′, a′)

are the fixed points of their corresponding Bellman equa-
tions Kβ

ζs
(s′, a′) = [T1K

β
ζs

](s, a) and Lβ
ηa (s′, a′) = [T2L

β
ηa ](s′, a′)

where

[
T1K

β
ζs

](
s′, a′) =

∑

s′′
pa

′
s′s′′

[
∂ca

′
s′s′′

∂ζs
+ γGβ

ζs

(
s′′
)
]

[
T2L

β
ηa

](
s′, a′) =

∑

s′′
pa

′
s′s′′

[
∂ca

′
s′s′′

∂ηa
+ γGβ

ηa

(
s′′
)
]

. (24)

Note that in the above equations we have suppressed the
dependence of the instantaneous cost function ca

′
s′s′′ on the

parameters ζ and η to avoid notational clutter.
Theorem 4: The operators [T1K

β
ζs

](s′, a′) and [T2L
β
ηa ](s′, a′)

defined in (24) are contraction maps with respect to a weighted
maximum norm ‖·‖ξ , where ‖X‖ξ = maxs′,a′ (X(s′, a′)/ξs′ ) and
ξ ∈ R

|S| is a vector of positive components ξs.
Proof: Refer to Appendix D for details.
As previously stated in Section I, the state value function

Jμ
ζη(·) in (22) is generally nonconvex function of the param-

eters ζ and η and riddled with multiple poor local minima
with the resulting optimization problem being possibly NP-
hard [27]. In our algorithm for parameterized MDPs we anneal
β from βmin to βmax, similar to our approach for nonpa-
rameterized MDPs in Section III-B, where the solution from
the current β iteration is used to initialize the subsequent β

iteration. However, in addition to facilitating a steady transition
from an exploratory policy to an exploitative policy, anneal-
ing facilitates a gradual homotopy from the convex negative
Shannon entropy function to the nonconvex state value func-
tion Jμ

ζη which prevents our algorithm from getting stuck in a
poor local minimum. The underlying idea of our heuristic is
to track the optimal as the initial convex function deforms to
the actual nonconvex cost. Also, minimizing the Lagrangian
V∗

β (s) at β = βmin ≈ 0 determines the global minimum thereby
making our algorithm insensitive to initialization. Algorithm 2
illustrates steps to determine policy and parameters for a
parameterized MDP.

C. Parameterized Reinforcement Learning

In many applications, formulated as parameterized MDPs,
the explicit knowledge of the cost function cass′ , its dependence
on the parameters ζ and η, and the state-transition probabil-
ities {pass′ } are not known. However, for each action a, the
environment results into an instantaneous cost based on its
current xt, next state xt+1 and the parameter ζ , η values which
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Algorithm 2: Parameterized Markov Decision Process

Input: βmin, βmax, τ ; Output: μ∗, ζ and η.
Initialize: β = βmin, μa|s = 1

|A| , and ζ, η to 0
while β ≤ βmax do

while True do
while until convergence do

update �β ,μβ ,Gβ
ζs

,Gβ
ηa in (10), (9) and (24)

update ζ, η in (23) if ‖Gζs‖, ‖Gηa‖ < ε, break
β ← τβ

can subsequently be used to simultaneously learn the policy
μ∗

β,ζη and the unknown state and action parameters ζ and η via
stochastic iterative updates. At each β iteration in our learning
algorithm, we employ the stochastic iterative updates in (14)
to determine the optimal policy μ∗

β,ζη for given ζ , η values
and subsequently employ the stochastic iterative updates

Kt+1
ζs

(xt, ut) = (1 − νt(xt, ut))K
t
ζs
(xt, ut)

+ νt(xt, ut)

[
∂cutxtxt+1

∂ζs
+ γGt

ζs
(xt+1)

]

(25)

where Gt
ζs

(xt+1) = ∑
a μa|xt+1K

t
ζs

(xt+1, a) to learn the deriva-

tive Gβ∗
ζs

(·). Similar updates are used to learn Gβ∗
ηa (·). The

parameter values ζ and η are then updated using the gradient
descent step in (23). The following proposition formalizes the
convergence of the updates in (25) to the fixed point Gβ∗

ζs
.

Proposition 2: For the class of parameterized MDPs con-
sidered in Section V-A given that:

1)
∑∞

t=0 νt(s, a) = ∞,
∑∞

t=0 ν2
t (s, a) < ∞ ∀s ∈ S, a ∈ A;

2) ∃ B > 0 such that
∣
∣
∣∂c(s′, a′, s′′)/∂ζs

∣
∣
∣ ≤ B ∀ s, s′, a′, s′′;

3) ∃ C > 0 such that
∣
∣
∣∂c(s′, a′, s′′)/∂ηa

∣
∣
∣ ≤ C ∀ a, s′, a′, s′′;

the updates in (25) converge to the unique fixed point Gβ∗
ζs

(s′)
of the map T1 : Gζs → Gζs in (24).
Proof: Refer to Appendix D for details.
Algorithmic Details: Refer to Algorithm 3 for a complete

implementation. Unlike the scenario in Section III-C where the
agent acts upon the environment by taking an action ut ∈ A
and learns only the policy μ∗, here the agent interacts with the
environment by 1) taking an action ut ∈ A and also provid-
ing 2) estimated parameter ζ , η values to the environment;
subsequently, the environment results into an instantaneous
cost and the next state. In our Algorithm 3, we first learn the
policy μ∗

β at a given value of the parameters ζ and η using

the iterations (14) and then learn the fixed points Gβ∗
ζs

, Gβ∗
ζa

using the iterations in (25) to update the parameters ζ and η

using (23). Note that the iterations (25) require the derivatives
∂c(s′, a′, s′′)/∂ζs and ∂c(s′, a′, s′′)/∂ηa which we determine
using the instantaneous costs resulting from two ε-distinct
environments and finite difference method. Here, the ε-distinct
environments represent the same underlying MDP but are dis-
tinct only in one of the parameter values. However, if two
ε-distinct environments are not feasible one can work with

Algorithm 3: Parameterized Reinforcement Learning

Input: βmin, βmax, τ , T , νt; Output: μ∗, ζ , η

Initialize: β = βmin, μt = 1
|A| , and ζ, η,Gβ

ζ ,Gβ
η , Kβ

ζ ,Lβ
η ,

�̄β to 0.
while β ≤ βmax do

Use Algorithm 1 to obtain μ∗
β,ζη at given ζ , η, β.

Consider env1(ζ ,η), env2(ζ ′, η′); set ζ ′ = ζ , η′ = η

while {ζs}, {ηa} converge do
for ∀s ∈ S do

for episode = 1 to T do
reset env1, env2 at state xt,
while True do

sample action ut ∼ μ∗(·|xt).
env1: obtain ct, xt+1.
env2: set ζ ′

s = ζs + �ζs, get c′
t, xt+1.

find Gt+1
ζs

(xt) with
∂cutxtxt+1

∂ζs
≈ c′t−ct

�ζs
.

break if xt+1 = δ; t ← t + 1.

Similarly learn Gβ
ηa . Update {ζs}, {ηa} in (23).

β ← τβ

a single environment where the algorithm stores the instanta-
neous costs and the corresponding parameter values upon each
interaction with the environment.
Remark 7: Parameterized MDPs with infinite Shannon

entropy Hμ can be analogously addressed using the above
methodology.
Remark 8: The MDPs addressed in Sections III–V consider

different variants of the discounted infinite horizon problems.
MDPs in Section III address the class of sequential problems
that have a nonzero probability of reaching a cost-free ter-
mination state (i.e., a finite Shannon entropy value). MDPs
considered in Section IV need not reach a termination state
(possibly infinite value of Shannon entropy), and the under-
lying sequential decision problem continues for the length of
horizon determined by the discounting factor γ . Parameterized
MDPs in Section V can have finite or infinite Shannon entropy,
but they comprise of states and actions that have an unknown
parameter associated to them.

VI. SIMULATIONS

We broadly classify our simulations into two categories.
First, in the model-free RL setting, we demonstrate our
Algorithm 1 to determine the control policy μ∗ for the finite
and infinite Shannon entropy variants of the Gridworld envi-
ronment in Fig. 2. Each cell in the Gridworld denotes a state.
The cells colored black are invalid states. An agent can choose
to move vertically, horizontaly, diagonally, or stay at the cur-
rent cell. Each action is followed by a probability to slip in
the neighboring states [probability of 0.05 to slip in each
of the vertical and horizontal directions, and probability of
0.025 to slip in each of the diagonal directions—cumulative
p(slip) ≈ 0.3]. For the finite entropy case, each step incurs a
unit cost. The process terminates when the agent reaches the
terminal state T. For the infinite entropy case, each step incurs
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Fig. 2. Gridworld environment.

a unit reward. Second, in the parameterized MDPs and RL set-
ting, we demonstrate our Algorithms 2 and 3 in designing a
5G small cell network. This involves simultaneously determin-
ing the locations of the small cells in the network as well as
the optimal routing path of the communication packets from
the base station to the users.

We compare our MEP-based Algorithm 1 with the bench-
mark algorithms ER G-learning (also referred to as Soft
Q-learning) [14], Q-learning [5], and Double Q-learning [13].
Note that our choice of the benchmark algorithm G-learning
(or, ER Soft Q presented in [14]) is based on its common-
ality to our framework as discussed in Section III-B, and
the choice of algorithms Q-learning and Double Q-learning
is based on their widespread utility in the literature. Also,
note that the work done in [14] already establishes the effi-
cacy of the G-learning algorithm over the following algorithms
in literature Q-learning, Double Q-learning, �-learning [45],
Speedy Q-learning [46], and the consistent Bellman Operator
TC of [47]. Below, we highlight features and advantages of
our MEP-based Algorithm 1.
Faster Convergence to Optimal J∗: Fig. 3(a1)–(a3) (finite

entropy variant of Gridworld) and Fig. 3(b1)–(b3) (infinite
entropy variant of Gridworld) illustrate the faster convergence
of our MEP-based Algorithm 1 for different discount factor
γ values. Here, at each episode, the percentage error �V/J∗
between the value function Vμ

β corresponding to the learned
policy μ = μ(ep) in the episode ep, and the optimal value
function J∗ is given by

�V(ep)

J∗ = 1

N

N∑

i=1

∑

s∈S

∣
∣Vμ(ep)

β,i (s) − J∗(s)
∣
∣

J∗(s)
(26)

where N denotes the total experimental runs and i indexes
the value function Vμ

β,i for each run. As observed in
Fig. 3(a1)–(a3), and (b1)–(b3), our Algorithm 1 converges
even faster as the discount factor γ decreases. We characterize
the faster convergence rates also in terms of the convergence
time—more precisely the percentage Ēpr of total episodes
taken for the learning error �V/J∗ to reach within 5% of the
best [see Fig. 3(a4) and (b4)]. As is observed in the figures,
the performance of our (MEP-based) algorithm in comparison
to ER G learning is better across all values (0.65–0.95) of
discount factor γ . Note that the performance of Algorithm 1
obtains even better with decreasing γ values where the smaller
discount factor values occur in instances such as the context of

recommendation systems [48], and teaching RL-agents using
human-generated rewards [49].
Robustness to Noise in Data: Fig. 3(c1)–(c4) demonstrate

robustness to noisy environments; here, the instantaneous cost
c(s, a, s′) in the finite horizon variant of Gridworld is noisy.
For the purpose of simulations, we add the Gaussian noise
N (0, σ 2) with σ = 1 for vertical and horizontal actions, and
σ = 0.5 for diagonal movements. Here, at each episode, we
compare the percentage error �V/J∗ in the learned value
functions Vβ [corresponding to the state–action value estimate
in (14)] of the respective algorithms. Similar to our obser-
vations and conclusions in Fig. 3(a1)–(a3) and (b1)–(b3), we
see faster convergence of our MEP-based algorithm over the
benchmark algorithms in Fig. 3(c1)–(c3) in the case of the
noisy environment. Also, Fig. 3(c4) demonstrates that across
all discount factor values (0.65–0.95), Algorithm 1 converges
faster than the ER Soft Q learning.
Simultaneously Determining the Unknown Parameters and

Policy in Parameterized MDPs: We design the 5G small cell
network (see Fig. 1) both when the underlying model (cass′ and
pass′ ) is known (using Algorithm 2) and as well as unknown
(using Algorithm 3). In our simulations, we randomly dis-
tribute 46 user nodes {ni} at {xi} and the base station δ at z
in the domain � ⊂ R

2 as shown in Fig. 4(a). The objective
is to determine the locations {yj}5

j=1 (parameters) of the small
cells {fj}5

j=1 and determine the corresponding communication
routes (policy). Here, the state space of the underlying MDP is
S = {n1, . . . , n46, f1, . . . , f5} where the locations y1, . . . , y5 of
the small cells are the unknown parameters {ζs} of the MDP,
the action space is A = {f1, . . . , f5}, and the cost function
c(s, a, s′) = ‖ρ(s)−ρ(s′)‖2

2 where ρ(·) denotes the spatial loca-
tion of the respective states. The objective is to simultaneously
determine the parameters (unknown small cell locations) and
the control policy (communication routes in the 5G network).
We consider two cases where 1) pass′ is deterministic, that is,
an action a at the state s results into s′ = a with probability
1 and 2) pass′ is probabilistic such that action a at the state s
results into s′ = a with probability 0.9 or to the state s′ = f1
with probability 0.1. In addition, due to the absence of prior
work in the literature on network design problems modeled as
parameterized MDPs, we compare our results only with the
solution resulting from a straightforward sequential methodol-
ogy [as shown in Fig. 4(a)] where we first partition the user
nodes into five distinct clusters to allocate a small cell in each
cluster, and then determine optimal routes in the network.
Deterministic p(s, a, s′): Fig. 4(b) illustrates the alloca-

tion of small cells and the corresponding communication
routes (resulting from optimal policy μ∗) as determined by
Algorithm 2. Here, the network is designed to minimize the
cumulative cost of communication from each user node and
small cell. As denoted in the figure, the route δ → y3 →
y4 → y1 → ni carries the communication packet from the
base station δ to the respective user nodes ni as indicated by
the gray arrow from y1. The cost incurred here is approxi-
mately 180% lesser than that in Fig. 4(a) clearly indicating
the advantage obtained from simultaneously determining the
parameters and policy over a sequential methodology. In the
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Fig. 3. Performance of the MEP-based algorithm. Illustrations on the Gridworld environment in Fig. 2. (a1)–(a3) Finite Entropy Variant: Illustrates faster
convergence of Algorithm 1 (MEP) at different γ values. (a4) Demonstrates faster rates of convergence of Algorithm 1 (MEP) for γ values ranging from 0.65
to 0.95. (b1)–(b3) Infinite Entropy Variant: Demonstrates faster convergence of Algorithm 1 (MEP) to J∗. (b4) Illustrates the consistent faster convergence
rates of MEP with γ ranging from 0.65 to 0.95. (c1)–(c4) Finite Entropy Version (with added Gaussian noise): Similar observations as in (a1)–(a4) with
significantly higher instability in learning with the Double Q algorithm.

Fig. 4. Parameterized MDPs and RL—design of 5G small cell network. State space S = {{ni}, {fj}, δ} comprises of the user nodes {ni}, small cells {fj},
and base station δ. The unknown parameters ζs denote the locations {yj} of the small cells. Action space comprises of the small cells A = {fj}. Based
on our modeling of the network, there are no unknown action parameters {ηa}. (a) Small cell locations {yj} and communication routes determined using a
straightforward sequential methodology. (b) and (c) Small cells at {yj} and communication routes (as illustrated by arrows) resulting from policy obtained
from Algorithm 2 (model-based) and Algorithm 3 (model-free), respectively, when the pass′ is deterministic. (d) and (e) Solutions obtained using Algorithms 2
and 3, respectively, when pass′ is probabilistic. (f) Sensitivity analysis of the solutions with respect to user node locations {xi}. (g) and (h) Network design
obtained when considering the entropy of the distribution over the control actions and paths of the MDP, respectively. (i) Network design obtained without
annealing in Algorithm 2. (j) Simulation on a larger dataset (user base increased by more than ten times).

model-free RL setting where the functions c(s, a), pass′ , and
the locations {xi} of the user nodes {ni} are not known, we
employ our Algorithm 3 to determine the small cell locations
{yj}5

j=1 as well as the optimal policy {μ∗(a|s)} as demon-
strated in Fig. 4(c). It is evident from Fig. 4(b) and (c) that
the solutions obtained when the model is completely known
and unknown are approximately the same. In fact, the solu-
tions obtained differ only by 1.9% in terms of the total cost∑

s∈S Jμ
ζη(s) (22) incurred, clearly indicating the efficacy of

our model-free learning Algorithm 3.

Probabilistic p(s, a, s′): Fig. 4(d) illustrates the solution as
obtained by our Algorithm 2 when the underlying model
(c(s, a), pass′ , and {xi}) is known. As before, here the network
is designed to minimize the cumulative cost of communication
from each user node and small cell. The cost associated to the
network design is approximately 127% lesser than in Fig. 4(a).
Fig. 4(e) illustrates the solution as obtained by Algorithm 3
for the model-free case [c(s, a), pass′ , and {xi} are unknown].
Similar to the above scenario, the solutions obtained for this
case using Algorithms 2 and 3 are also approximately the same
and differ only by 0.3% in terms of the total cost

∑
s J

μ
ζη(s)

Authorized licensed use limited to: University of Illinois. Downloaded on December 22,2022 at 04:39:52 UTC from IEEE Xplore.  Restrictions apply. 



9348 IEEE TRANSACTIONS ON CYBERNETICS, VOL. 52, NO. 9, SEPTEMBER 2022

incurred; thereby, substantiating the efficacy of our proposed
model-free learning Algorithm 3.
Sensitivity Analysis: Our algorithms enable categorizing

the user nodes {ni} in Fig. 4(b) into the categories of 1) low;
2) medium; and 3) high sensitiveness such that the final solu-
tion is least susceptible to the user nodes in 1) and most
susceptible to the nodes in 3). Note that the above sensitivity
analysis requires to compute the derivative

∑
s′ ∂V

μ
β (s′)/∂ζs,

and we determine it by solving for the fixed point of the
Bellman equation in (24). The derivative

∑
s′ ∂V

μ
β (s′)/∂ζs

computed at β → ∞ is a measure of sensitivity of the solu-
tion to the cost function

∑
s J

μ
ζη(s) in (22) since Vμ

β in (11) is
a smooth approximation of Jμ

ζη(s) in (22) and Vμ
β → Jμ

ζη(s) as
β → ∞. A similar analysis for Fig. 4(c)–(e) can be done if the
locations {xi} of the user nodes {ni} are known to the agent.
The sensitivity of the final solution to the locations {yj}, z of
the small cells and the base station can also be determined in
a similar manner.
Entropy Over Paths Versus Entropy of the Policy: We

demonstrate the benefit of maximizing the entropy of the dis-
tribution {pμ(ω|s)} over the paths of an MDP as compared to
the distribution {μ(a|s)} over the control actions. Fig. 4(g)
demonstrates the 5G network obtained by considering the
distribution over the control policy, and Fig. 4(h) illustrates
the network obtained by considering the distribution over the
entire paths. The network cost incurred in Fig. 4(h) is 5% less
than the cost incurred in Fig. 4(g). Here, we have considered
the above demonstrated probabilistic pass′ scenario and mini-
mized the cumulative communication cost incurred only from
the user nodes.
Avoiding Poor Local Minima and Large-Scale Setups: As

noted in Section V-B, annealing β from a small value βmin(≈ 0)
to a large value βmax prevents the algorithm from getting stuck
at a poor local minima. Fig. 4(i) demonstrates the network
design obtained where Algorithm 2 does not anneal β, and
iteratively solves the optimization problem at β = βmax. The
resulting network incurs a 11% higher cost in comparison to
the network obtained in 4(h) where Algorithm 2 anneals β from
a small to a large value. Fig. 4(j) demonstrates the 5G network
design obtained using Algorithm 2 when the user nodes are
increased by around 12 times (610), and the allocated small
cells are doubled to 10.

VII. ANALYSIS AND DISCUSSION

1) Mutual Information Minimization: The optimization
problem (5) maximizes the Shannon entropy Hμ(s) under a
given constraint on the value function Jμ. We can similarly
pose and solve the mutual information minimization problem
that requires to determine the distribution pμ∗ (P|s) (with con-
trol policy μ∗) over the paths of the MDP that is close to some
given prior distribution q(P|s) [15], [16]. Here, the objec-
tive is to minimize the KL-divergence DKL(pμ‖q)) under the
constraint J = J0 [as in (5)].

2) Nondependence on Choice of J0 in (5): In our frame-
work, we do not explicitly determine and work with the value
of J0. Instead we work with the Lagrange parameter β in
the Lagrangian Vμ

β (s) in (7) corresponding to the optimization

problem (5). It is known from the sensitivity analysis [6] that
the small values of β correspond to the large values of J0,
and the large values of β correspond to the small values of J0.
Thus, in our algorithms, we solve the optimization problem (5)
beginning at small values of β = βmin ≈ 0 (that corresponds
to some feasible large J0), and anneal it to a large value βmax
(that corresponds to a small J0 value) at which the stochastic
policy μ in (9) converges to either 0 or 1. Also at β ≈ 0,
the stochastic policy μ∗

β in (9) follows a uniform distribution,
which implicitly fixes the value of J0. Therefore, the initial
value of J0 in the proposed algorithms is fixed and is not
required to be prespecified.

3) Computational Complexity: Our MEP-based
Algorithm 1 performs exactly the same number of compu-
tations as the Soft Q-learning algorithm [14] for each epoch
(or, iteration) within an episode. In comparison to the Q
and Double Q learning algorithms, our proposed algorithm,
apart from performing the additional minor computations of
explicitly determining μ∗ in (9), exhibits a similar number of
computational steps.

4) Scheduling β and Phase Transition: In our Algorithm 1,
we follow a linear schedule βk = σk (σ > 0) as suggested
in the benchmark algorithm [14] to anneal the parameter β.
In the case of parameterized MDPs (Algorithms 2 and 3), we
geometrically anneal β (i.e., βk+1 = τβk, τ > 1) from a small
value βmin to a large value βmax at which the control policy μ∗

β

converges to either 0 or 1. Several other MEP-based algorithms
(that address problems akin to parameterized MDPs) such as
deterministic annealing [7], incorporate geometric annealing
of β. The underlying idea in [7] is that the solution undergoes
significant changes only at certain critical βcr (phase transi-
tion) and shows insignificant changes between two consecutive
critical βcrs. Thus, for all practical purposes, geometric anneal-
ing of β works well. Similar to [7], our Algorithms 2 and 3
also undergo the phase transition and we are working on its
analytical expression.

5) Capacity and Exclusion Constraints: Certain parameter-
ized MDPs may pose capacity or dynamical constraints over
its parameters. For instance, each small cell fj allocated in
Fig. 4 can be constrained in capacity to cater to maximum cj
fraction of user nodes in the network. Our framework allows to
model such a constraint as qμ(fj) :=∑a,ni μ(a|ni)p(fj|a, ni) ≤
cj where qμ(fj) measures the fraction of user nodes {ni} that
connect to fj. In another scenario, the locations {xi} of the user
nodes could be dynamically varying as ẋi = f (x, t). The result-
ing policy μ∗

β and small cells {yj} will also be time varying.
We treat the free-energy function Vμ

β in (11) as a control-
Lyapunov function and determine time varying μ∗

β and {yj}
such that V̇μ

β ≤ 0.

6) Uncertainty in Parameters: Many application areas
comprise of states and actions where the associated param-
eters are uncertain with a known distribution over the set of
their possible values. For instance, a user nodes ni in Fig. 4
may have an associated uncertainty in its location xi due to
measurement errors. Our proposed framework easily incorpo-
rates such uncertainties in parameter values. For example, the
above uncertainty will result into replacing c(ni, s′, a) with
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c′(ni, s′, a) = ∑
xi∈Xi p(xi|ni)c(ni, s′, a) where p(xi|ni) is the

distribution over the set Xi of location xi. The subsequent
solution approach remains the same as in Section V-B.

APPENDIX A
PROOF OF LEMMA 1

Let x̄0 = s. By Assumption 1 ∃ a path ω =
(ū0, x̄1, . . . , x̄N = δ) such that pμ̄(ω|x0 = s) > 0 which implies
p(xk+1 = x̄k+1|xk = x̄k, uk = ūk) > 0 by (6). Then, the prob-
ability pμ(ω|x0 = s) of taking path ω under the stochastic
policy μ ∈ � in (4) is also positive.

Proof of Theorem 1: The following lemma is needed.
Lemma 2: The Shannon entropy Hμ(·) corresponding to

the MDP illustrated in Section III-A satisfies the algebraic
expression

∑
s′ p

a
ss′H

μ(s′) =∑s′ p
a
ss′ log pass′ + log μa|s + λs.

Proof: Hμ(·) in (5) satisfies the recursive Bellman equation

Hμ
(
s′
) =

∑

a′s′′
μa′|s′pa

′
s′s′′
[
− log pa

′
s′s′′ − log μa′|s′ + Hμ

(
s′′
)]

.

On the right-hand side of the above Bellman equation, we
subtract a zero term

∑
s λs(

∑
a μa|s − 1) that accounts for

normalization constraint
∑

a μa|s = 1 ∀ s and λs are some
constants. Taking the derivative of the resulting expression,
we obtain

∂Hμ
(
s′
)

∂μa|s
= ρ(s, a)δss′ +

∑

a′,s′′
μa′|s′pa

′
s′s′′

∂Hμ
(
s′′
)

∂μa|s
− λs (27)

where ρ(s, a) = −∑s′′ p
a
ss′′ (log pass′′ −Hμ(s′′)) − log μa|s. The

subsequent steps in the proof involve algebraic manipulations
and makes use of the quantity pμ(s′) := ∑

s pμ(s′|s) where
pμ(s′|s) = ∑

a p
a
ss′μa|s. Under the trivial assumption that for

each state s′ there exists a state–action pair (s, a) such that
the probability of the system to enter the state s′ upon taking
action a in the state s is nonzero [i.e., pass′ > 0] we have that
pμ(s′) > 0. Now, we multiply (27) by pμ(s′) and add over all
s′ ∈ S to obtain

∑

s′
pμ

(
s′
)∂Hμ

(
s′
)

∂μa|s
= pμ

(
s′
)
ρ(s, a) +

∑

s′′
pμ

(
s′′
)∂Hμ

(
s′′
)

∂μa|s
− λs

where pμ(s′′) = ∑
s′ pμ(s′)pμ(s′′|s′). The derivative terms on

both sides cancel to give pμ(s′)ρ(s, a) −λs = 0 which implies∑
s′ p

a
ss′H

μ(s′) =∑s′ p
a
ss′ log pass′ + log μa|s + λs.

Now consider the free energy function Vμ
β (s) in (7) and

separate out the t = 0 term in its infinite summation to obtain

Vμ
β (s) =

∑

a,s′
μa|spass′

[

ĉass′ + 1

β
log μa|s + γVμ

γβ

(
s′
)
]

(28)

where ĉass′ = cass′ + 1/β log pass′ and Vμ
γβ (s′) = Vμ

β (s′) −
1 − γ /γβH(s′). Substituting Vγβ (s′) and the algebraic expres-
sion obtained in Lemma 2 in (28), we obtain

Vμ
β (s) =

∑

a,s′
μa|spass′

[

c̄ass′ + γ

β
log μa|s + γVμ

β

(
s′
)
]

.

APPENDIX B
PROOF OF THEOREM 2

The following lemma is used.
Lemma 3: For every policy μ ∈ � defined in (4) there

exists a vector ξ = (ξs) ∈ R
|S|
+ with positive components

and a scalar λ < 1 such that
∑

s′ p
a
ss′ξs′ ≤ λξs for all s ∈ S

and a ∈ A.
Proof: Consider a new MDP with state transition proba-

bilities similar to the original MDP and the transition costs
cass′ = −1−1/β log(|A||S|) except when s = δ. Thus, the free-
energy function Vμ

β (s) in (7) for the new MDP is less than or
equal to −1. We define −ξs � V∗

β (s) [as given in 11)] and use
LogSumExp [50] inequality to obtain −ξs ≤ mina �β (s, a) ≤
�β (s, a) ∀ a ∈ A where �β (s, a) is the state action value func-
tion in (12). Thus, −ξs ≤∑s′ p

a
ss′
(
cass′+γ /β log pass′−γ ξs′

)
and

upon substituting cass′ we obtain −ξs ≤ −1 − γ
∑

s′ p
a
ss′ξs′ ≤

−1 −∑s′ p
a
ss′ξs′

⇒
∑

s′∈S
pass′ξs′ ≤ ξs − 1 ≤

[

max
s

ξs − 1

ξs

]

ξs =: λξs.

Since V∗
β (s) ≤ −1 ⇒ ξs − 1 ≥ 0 and thus λ < 1.

Next, we show that T : �β → �β in (12) is a contraction
map. For any �̂β and �̌β , we have that [T�̂β − T�̌β ](s, a)

= −γ 2

β

∑

s′∈S
pass′ log

∑
a exp

(
− β

γ
�̂β

(
s′, a

))

∑
a′ exp

(
− β

γ
�̌β(s′, a′)

)

≥ γ
∑

s′,a′
pass′μ̂a′|s′

(
�̂β

(
s′, a′)− �̌β

(
s′, a′)) =: γ�μ̂ (29)

where we use the Log sum inequality to obtain (29),
and μ̂a|s is the stochastic policy in (9) corresponding
to �̂β (s, a). Similarly, we obtain [T�̌β − T�̂β ](s, a) ≥
−γ

∑
s′,a′ pass′μ̌a′|s′ (�̂β (s′, a′) − �̌β (s′, a′)) =: −γ�μ̌ where

μ̌a|s is the policy in (9) corresponding to �̌β (s, a). Now,
from γ�μ̂ ≤ [T�̂β − T�̌β ](s, a) ≤ γ�μ̌, we conclude
that |[T�̂β − T�̌β ](s, a)| ≤ γ�μ̄(s, a) where �μ̄(s, a) =
max{|�μ̂(s, a)|, |�μ̌(s, a)|} and we have |[T�̂β − T�̌β ](s, a)|

≤ γ
∑

s′,a′
pass′μ̄a′|s′ |�̂β

(
s′, a′)− �̌β

(
s′, a′)| (30)

≤ γ
∑

s′,a′
pass′ξs′μ̄a′|s′

∥
∥
∥�̂β − �̌β

∥
∥
∥

ξ
(31)

where ‖�β‖ξ = maxs,a(�β (s, a)/ξs) and ξ ∈ R
S is as given

in Lemma 3. Further, from the same lemma, we obtain
∣
∣
∣
[
T�̂β − T�̌β

]
(s, a)

∣
∣
∣ ≤ γ λξs

∑

a′∈A
μ̄a′|s′

∥
∥
∥�̂β − �̌β

∥
∥
∥

ξ
(32)

⇒
∥
∥
∥T�̂β − T�̌β

∥
∥
∥

ξ
≤ γ λ

∥
∥
∥�̂β − �̌β

∥
∥
∥

ξ
with γ λ < 1. (33)

APPENDIX C
PROOF OF THEOREM 3

The proof follows the similar idea as the proof for
Theorem 1 in Appendix A and, thus, we do not explain it in
detail except the following lemma that illustrates the algebraic
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structure of the discounted Shannon entropy Hμ
d (·) in (16)

which is different from that in Lemma 2 and also required
in our proof of the said theorem.
Lemma 4: The discounted Shannon entropy Hμ

d (·) corre-
sponding to the MDP in Section IV satisfies the algebraic
term α

∑
s′ p

a
ss′H

μ
d (s′) =∑s′ p

a
ss′ log pass′ + log αμ(a|s) + λs.

Proof: Define a new MDP that augments the action and state
spaces (A,S) of the original MDP with an additional action
ae and state se, respectively, and derives its state-transition
probability {qass′ } and policy {ζa|s} from original MDP as

qass′ =

⎧
⎪⎪⎨

⎪⎪⎩

pass′ ∀s, s′ ∈ S, a ∈ A
1, if s′, a = se, ae
1, if s′ = s = se
0, otherwise

ζa|s =

⎧
⎪⎨

⎪⎩

αμa|s ∀(s, a) ∈ (S,A)
1 − α, if a = ae, s ∈ S
0, if a ∈ A, s = se
1, if a = ae, s = se.

Next, we define Tμ := αHμ
d that satisfies

Tμ(s′) =∑a′s′′ ηa′|s′pa
′

s′s′′ [−log pas′s′′ − log ηa′|s′ + Tμ(s′′)] der-
ived using (16) where ηa′|s′ = αμa′|s′ . The subsequent steps
of the proof are same as the proof of Lemma 2.

APPENDIX D
PROOF OF PROPOSITION 1

The proof in this section is analogous to the proof
of [2, Proposition 5.5]. Let T̄ be the map in (15).
The stochastic iterative updates in (14) can be rewrit-
ten as �̄t+1(xt, ut) = (1 − νt(xt, ut))�̄t(xt, ut) +
νt(xt, ut)

(
[T̄�̄t](xt, ut) + wt(xt, ut)

)
where wt(xt, ut) =

cutxtxt+1 − γ 2/β log
∑

a exp(−β/γ �̄t(st+1, a)) − T̄�̄t(xt, ut).
Let Ft represent the history of the stochastic updates,
that is, Ft = {�̄0, . . . , �̄t,w0, . . . ,wt−1, ν0, . . . , νt},
then E[wt(xt, ut)|Ft] = 0 and E[w2

t (xt, ut)|Ft] ≤
K(1 + maxs,a �̄2

t (s, a)), where K is a constant. These
expressions satisfy the conditions on the expected value and
the variance of wt(xt, ut) that along with the contraction
property of T̄ guarantees the convergence of the stochastic
updates (14) as illustrated in [2, Proposition 4.4].
Proof of Theorem 4: We show that the map T1 in (24) is a

contraction map. For any Kβ
ζs

and K̄β
ζs

, we obtain that |[T1K
β
ζs

−
T1K̄

β
ζs

](s′)| ≤ γ
∑

a,s′′ p
a
s′s′′μa|s′ |Kβ

ζs
(s′′, a) − K̄β

ζs
(s′′, a)|. Note

that this inequality is similar to the one in (30); thus, we follow
the exact same steps from (30)–(33) to show that ‖T1K

β
ζs

−
T1K̄

β
ζs
‖ξ ≤ γ λ‖Kβ

ζs
− K̄β

ζs
‖ξ and γ λ < 1.

Proof of Proposition 2: The proof in this section is similar
to the proof of Proposition 1 in Appendix D. Additional con-
ditions on the boundedness of the derivatives

∣
∣∂cass′/∂ζl

∣
∣ and∣

∣∂cass′/∂ηk
∣
∣ are required to bound the variance E[w2

t |Ft].

REFERENCES

[1] E. A. Feinberg and A. Shwartz, Handbook of Markov Decision
Processes: Methods and Applications, vol. 40. New York, NY, USA:
Springer, 2012,

[2] D. P. Bertsekas and J. N. Tsitsiklis, Neuro-Dynamic Programming,
vol. 5. Belmont, MA, USA: Athena Sci., 1996,

[3] A. Hordijk and L. C. M. Kallenberg, “Linear programming and Markov
decision chains,” Manag. Sci., vol. 25, no. 4, pp. 352–362, 1979.

[4] Y. Abbasi-Yadkori, P. L. Bartlett, and A. Malek, “Linear programming
for large-scale Markov decision problems,” in Proc. JMLR Workshop
Conf., 2014, pp. 496–504.

[5] C. J. Watkins and P. Dayan, “Q-learning,” Mach. Learn., vol. 8, nos. 3–4,
pp. 279–292, 1992.

[6] E. T. Jaynes, “Information theory and statistical mechanics,” Phys. Rev.,
vol. 106, no. 4, p. 620, 1957.

[7] K. Rose, “Deterministic annealing, clustering, and optimization,” Ph.D.
dissertation, Dept. Comput. Sci., California Inst. Technol., Pasadena,
CA, USA, 1991.

[8] P. Sharma, S. Salapaka, and C. Beck, “A scalable approach to combina-
torial library design for drug discovery,” J. Chem. Inf. Model., vol. 48,
no. 1, pp. 27–41, 2008.

[9] J.-G. Yu, J. Zhao, J. Tian, and Y. Tan, “Maximal entropy random walk
for region-based visual saliency,” IEEE Trans. Cybern., vol. 44, no. 9,
pp. 1661–1672, Sep. 2014.

[10] Y. Xu, S. M. Salapaka, and C. L. Beck, “Aggregation of graph models
and Markov chains by deterministic annealing,” IEEE Trans. Autom.
Control, vol. 59, no. 10, pp. 2807–2812, Oct. 2014.

[11] L. Chen, T. Zhou, and Y. Tang, “Protein structure alignment by
deterministic annealing,” Bioinformatics, vol. 21, no. 1, pp. 51–62, 2005.

[12] B. D. Ziebart, A. L. Maas, J. A. Bagnell, and A. K. Dey, “Maximum
entropy inverse reinforcement learning,” in Proc. AAAI, vol. 8. Chicago,
IL, USA, 2008, pp. 1433–1438.

[13] H. V. Hasselt, “Double Q-learning,” in Proc. Adv. Neural Inf. Process.
Syst., 2010, pp. 2613–2621.

[14] R. Fox, A. Pakman, and N. Tishby, “Taming the noise in reinforcement
learning via soft updates,” 2015. [Online]. Available: arXiv:1512.08562.

[15] J. Grau-Moya, F. Leibfried, and P. Vrancx, “Soft Q-learning with mutual-
information regularization,” in Proc. ICLR, 2019, pp. 1–19.

[16] J. Peters, K. Mulling, and Y. Altun, “Relative entropy policy search,” in
Proc. 24th AAAI Conf. Artif. Intell., 2010, pp. 1607–1612.

[17] G. Neu, A. Jonsson, and V. Gómez, “A unified view of entropy-
regularized Markov decision processes,” 2017. [Online]. Available:
arXiv:1705.07798.

[18] K. Asadi and M. L. Littman, “An alternative softmax operator for rein-
forcement learning,” in Proc. 34th Int. Conf. Mach. Learn., vol. 70,
2017, pp. 243–252.

[19] O. Nachum, M. Norouzi, K. Xu, and D. Schuurmans, “Bridging the gap
between value and policy based reinforcement learning,” in Proc. Adv.
Neural Inf. Process. Syst., 2017, pp. 2775–2785.

[20] B. Dai et al. “SBEED: Convergent reinforcement learning with nonlinear
function approximation,” 2017. [Online]. Available: arXiv:1712.10285.

[21] J. Schulman, S. Levine, P. Abbeel, M. Jordan, and P. Moritz, “Trust
region policy optimization,” in Proc. Int. Conf. Mach. Learn., 2015,
pp. 1889–1897.

[22] T. Haarnoja, A. Zhou, P. Abbeel, and S. Levine, “Soft actor-critic: Off-
policy maximum entropy deep reinforcement learning with a stochastic
actor,” 2018. [Online]. Available: arXiv:1801.01290.

[23] A. Aguilar-Garcia et al., “Location-aware self-organizing methods in
femtocell networks,” Comput. Netw., vol. 93, pp. 125–140, Dec. 2015.

[24] U. Siddique, H. Tabassum, E. Hossain, and D. I. Kim, “Wireless back-
hauling of 5G small cells: Challenges and solution approaches,” IEEE
Wireless Commun., vol. 22, no. 5, pp. 22–31, Oct. 2015.

[25] G. Manganini, M. Pirotta, M. Restelli, L. Piroddi, and M. Prandini,
“Policy search for the optimal control of Markov decision processes:
A novel particle-based iterative scheme,” IEEE Trans. Cybern., vol. 46,
no. 11, pp. 2643–2655, Nov. 2016.

[26] A. Srivastava and S. M. Salapaka, “Simultaneous facility location and
path optimization in static and dynamic networks,” IEEE Trans. Control
Netw. Syst., vol. 7, no. 4, pp. 1700–1711, Dec. 2020.

[27] M. Mahajan, P. Nimbhorkar, and K. Varadarajan, “The planar k-means
problem is NP-hard,” in Proc. Int. Workshop Algorithms Comput., 2009,
pp. 274–285.

[28] A. A. Abin, “Querying beneficial constraints before clustering using
facility location analysis,” IEEE Trans. Cybern., vol. 48, no. 1,
pp. 312–323, Jan. 2018.

[29] D. Huang, C.-D. Wang, and J.-H. Lai, “Locally weighted ensem-
ble clustering,” IEEE Trans. Cybern., vol. 48, no. 5, pp. 1460–1473,
May 2018.

[30] W. Shi, S. Song, and C. Wu, “Soft policy gradient method for maxi-
mum entropy deep reinforcement learning,” 2019. [Online]. Available:
arXiv:1909.03198.

[31] G. Xiang and J. Su, “Task-oriented deep reinforcement learning for
robotic skill acquisition and control,” IEEE Trans. Cybern., vol. 51,
no. 2, pp. 1056–1069, Feb. 2021.

[32] L. Xia and Q.-S. Jia, “Parameterized Markov decision process and its
application to service rate control,” Automatica, vol. 54, pp. 29–35,
Apr. 2015.

[33] M. Hausknecht and P. Stone, “Deep reinforcement learning in parame-
terized action space,” 2015. [Online]. Available: arXiv:1511.04143.

Authorized licensed use limited to: University of Illinois. Downloaded on December 22,2022 at 04:39:52 UTC from IEEE Xplore.  Restrictions apply. 



SRIVASTAVA AND SALAPAKA: PARAMETERIZED MDPs AND REINFORCEMENT LEARNING PROBLEMS—MEP-BASED FRAMEWORK 9351

[34] W. Masson, P. Ranchod, and G. Konidaris, “Reinforcement learning with
parameterized actions,” in Proc. 30th AAAI Conf. Artif. Intell., 2016,
pp. 1934–1940.

[35] E. Wei, D. Wicke, and S. Luke, “Hierarchical approaches for reinforce-
ment learning in parameterized action space,” in Proc. AAAI Spring
Symp. Series, 2018, pp. 1–7.

[36] J. Xiong et al., “Parametrized deep Q-networks learning: Reinforcement
learning with discrete-continuous hybrid action space,” 2018. [Online].
Available: arXiv:1810.06394.

[37] V. Narayanan and S. Jagannathan, “Event-triggered distributed control
of nonlinear interconnected systems using online reinforcement learning
with exploration,” IEEE Trans. Cybern., vol. 48, no. 9, pp. 2510–2519,
Sep. 2018.

[38] E. Çilden and F. Polat, “Toward generalization of automated temporal
abstraction to partially observable reinforcement learning,” IEEE Trans.
Cybern., vol. 45, no. 8, pp. 1414–1425, Aug. 2015.

[39] E. T. Jaynes, Probability Theory: The Logic of Science. Cambridge,
U.K.: Cambridge Univ. Press, 2003.

[40] F. Biondi, A. Legay, B. F. Nielsen, and A. Wkasowski, “Maximizing
entropy over Markov processes,” J. Logical Algebraic Methods
Program., vol. 83, nos. 5–6, pp. 384–399, 2014.

[41] Y. Savas, M. Ornik, M. Cubuktepe, and U. Topcu, “Entropy
maximization for constrained Markov decision processes,” in Proc.
56th Annu. Allerton Conf. Commun. Control Comput. (Allerton), 2018,
pp. 911–918.

[42] S. Ross, J. Pineau, B. Chaib-draa, and P. Kreitmann, “A Bayesian
approach for learning and planning in partially observable Markov deci-
sion processes,” J. Mach. Learn. Res., vol. 12, no. 48, pp. 1729–1770,
2011.

[43] L. P. Hansen, T. J. Sargent, G. Turmuhambetova, and N. Williams,
“Robust control and model misspecification,” J. Econ. Theory, vol. 128,
no. 1, pp. 45–90, 2006.

[44] Z. Zhou, M. Bloem, and N. Bambos, “Infinite time horizon maximum
causal entropy inverse reinforcement learning,” IEEE Trans. Autom.
Control, vol. 63, no. 9, pp. 2787–2802, Sep. 2018.

[45] K. Rawlik, M. Toussaint, and S. Vijayakumar, “Approximate infer-
ence and stochastic optimal control,” 2010. [Online]. Available:
arXiv:1009.3958.

[46] M. Ghavamzadeh, H. J. Kappen, M. G. Azar, and R. Munos, “Speedy Q-
learning,” in Proc. Adv. Neural Inf. Process. Syst., 2011, pp. 2411–2419.

[47] M. G. Bellemare, G. Ostrovski, A. Guez, P. S. Thomas, and R. Munos,
“Increasing the action gap: New operators for reinforcement learning,”
in Proc. 30th AAAI Conf. Artif. Intell., 2016, pp. 1476–1483.

[48] G. Zheng et al., “DRN: A deep reinforcement learning framework for
news recommendation,” in Proc. World Wide Web Conf. (WWW), 2018,
pp. 167–176.

[49] W. B. Knox and P. Stone, “Reinforcement learning from human reward:
Discounting in episodic tasks,” in Proc. IEEE RO-MAN 21st IEEE Int.
Symp. Robot Human Interact. Commun., 2012, pp. 878–885.

[50] K. Kobayashi and T. S. Han, Mathematics of Information and Coding,
vol. 203. Boston, MA, USA: Amer. Math. Soc., 2007,

[51] P. Sharma, S. M. Salapaka, and C. L. Beck, “Entropy-based framework
for dynamic coverage and clustering problems,” IEEE Trans. Autom.
Control, vol. 57, no. 1, pp. 135–150, Jan. 2012.

Amber Srivastava received the B.Tech. degree in
mechanical engineering from the Indian Institute of
Technology Kanpur, Kanpur, India, in 2014, and the
master’s degree in mathermatics from the University
of Illinois at Urbana–Champaign, Urbana, IL, USA,
in 2020, where he is currently pursuing the Ph.D.
degree with the Mechanical Science and Engineering
Department.

He was an Assistant Manager with FMCG,
Mumbai, India, from 2014 to 2015. His areas of
interest are optimization, learning, and controls.

Srinivasa M. Salapaka (Senior Member, IEEE)
received the B.Tech. degree from the Indian Institute
of Technology Madras, Chennai, India, in 1995, and
the M.S. and Ph.D. degrees in mechanical engi-
neering from the University of California at Santa
Barbara, Santa Barbara, CA, USA, in 1997 and
2002, respectively.

From 2002 to 2004, he was a Postdoctoral
Associate with the Massachusetts Institute of
Technology, Cambridge, MA, USA. Since 2004, he
has been a Faculty Member with the Mechanical

Science and Engineering Department, University of Illinois at Urbana–
Champaign, Urbana, IL, USA. His areas of current research are controls for
nanotechnology, combinatorial optimization, and power electronics.

Authorized licensed use limited to: University of Illinois. Downloaded on December 22,2022 at 04:39:52 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


