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Abstract—We consider the problem of power allocation over
a time-varying channel with an unknown distribution in energy
harvesting communication systems. In this problem, the transmitter needs to choose its transmit power based on the amount
of stored energy in its battery with the goal of maximizing the
average rate obtained over time. We model this problem as
a Markov decision process (MDP) with the transmitter as the
agent, the battery status as the state, the transmit power as the
action and the rate obtained as the reward. The average reward
maximization problem over the MDP can be solved by a linear
program (LP) that uses the transition probabilities for the stateaction pairs and their mean rewards to choose a power allocation
policy. Since the rewards associated the state-action pairs are
unknown, we propose an online learning algorithm called UCLP
that learns these rewards and adapts its policy with time. The
UCLP algorithm solves the LP at each time-step to choose its
policy using the upper confidence bounds on the rewards. We
prove that the reward loss or regret incurred by UCLP is upper
bounded by a constant.
Index Terms—Energy harvesting communications, Markov
decision process (MDP), online learning, contextual bandits.

I. I NTRODUCTION
Communication systems where the transmissions are powered by the harvested energy have rapidly emerged as a
viable option for the next-generation wireless networks with
prolonged lifetime [1]. The performance of such systems is
dependent on the efficient utilization of energy that is currently
stored in the battery, as well as that is to be harvested
over time. In [2], power allocation policies over a finite
time horizon with known channel gain and harvested energy
distributions are studied. In [3], a similar problem is analyzed,
but the energy arrivals are assumed to be deterministic and
known in advance. The algorithms presented in [4] assume the
knowledge of energy arrivals and tries to minimize the overall
scheduling time for data packets. In our problem, however, the
channel gain distribution is unknown and the harvest energy is
assumed be stochastically varying with a known distribution.
The transmitter has to decide the transmit power level based on
the current battery status with the goal maximizing the average
expected transmission rate obtained over time. We model the
system as an MDP with the battery status as the state, the
transmit power as the action, the rate as the reward. The power
allocation problem, therefore, reduces to the average reward
maximization problem for an MDP.

Our problem can also be seen from the lens of contextual
bandits. In the standard contextual bandit problems [5], [6],
[7], the contexts are assumed to be drawn from an unknown
distribution independently over time. In this paper, we model
the context transitions by MDPs. The action the agent takes at
time t, therefore, affects not only the instantaneous reward but
also the context in slot t + 1. Thus the agent needs to decide
the actions with the global objective in mind, i.e. maximizing
the average reward over time. It must be noted that the MDP
formulation generalizes the standard contextual bandits [8] for
the case where the mapping between the context and random
instance to reward is a known monotonic function, since the
i.i.d. context case can be viewed as a single state MDP.
Our problem is also closely related to the reinforcement
learning problem over MDPs from [9], [10], [11]. The objective for these problems is to maximize the average undiscounted reward over time. In [9], [10], the agent is unaware of
the transition probabilities and the rewards corresponding to
the state-action pairs. In [11], the agent knows the rewards, but
the transition probabilities are still unknown. In our problem,
however, the transition probabilities of the MDP can be
inferred from the knowledge of the arrival distribution and
the action taken from each state. The goal of our problem is
to maximize the average reward by learning the rewards for
the state-action pairs over time. One additional feature of our
problem is that the function mapping the state-action pair and
the channel gain to the rate is known to the agent. The reward
information revealed after every action can, therefore, be used
to infer the rewards for other state-action pairs.
Our contributions in this paper are as follows:
•

•

We formulate the power allocation problem as an online
learning problem over an MDP with the goal of maximizing the average reward over time. We prove that the
MDP is ergodic and therefore use its corresponding LP
formulation to characterize the optimal policy.
We propose an online learning algorithm UCLP that
learns the rewards for the state-action pairs and adapts its
policy over time. We characterize the regret contribution
from following a non-optimal policy and from not being
at stationarity while following an optimal policy, and
prove a constant regret upper bound for UCLP.

to a state st+1 according to the transition probability P (st+1 |
st , at ). In the energy harvesting problem, the battery status
Qt represents the system state st and the transmit power qt
represents the action taken at at any slot t.
In this paper, we consider systems where the random
rewards of various state action pairs can be modelled as
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Fig. 1.
Power allocation over a wireless channel in energy harvesting
communications

This paper is organized as follows. First, we describe
the model for the energy harvesting communication system
studied in this paper, formulate this problem as an MDP
and discuss the structure of the optimal policy in section II.
We then propose our online learning algorithm UCLP and
prove its regret bounds in section III. Section IV presents the
results of numerical simulations for this problem and section
V concludes the paper. We also include appendices B and C
to discuss and prove some of the technical lemmas at the end
of the paper.
II. S YSTEM M ODEL
Consider a time-slotted energy harvesting communication
system where the transmitter uses the harvested power for
transmission over a channel with stochastically varying channel gains with unknown distribution as shown in figure 1.
Let pt denotes the harvested power in the t-th slot which
is assumed to be i.i.d. over time. Let Qt denote the stored
energy in the transmitter’s battery that has a capacity of Qmax .
Assume that the transmitter decides to use qt (≤ Qt ) amount
of power for transmission in t-th slot. We assume discrete and
finite number of power levels for the harvested and transmit
powers. The rate obtained during the t-th slot is assumed to
follow a relationship
rt = B log2 (1 + qt Xt ),

(1)

where Xt denotes the instantaneous channel gain-to-noise ratio
of the channel which is assumed to be i.i.d. over time and B
is the channel bandwidth. The battery state gets updated in the
next slot as
Qt+1 = max{Qt − qt + pt , Qmax }.

(2)

The goal is to utilize the harvested power and choose a
transmit power qt in each slot hsequentially
i to maximize the
PT
r
expected average rate lim T1 E
t=1 t obtained over time.
T →∞

A. Problem Formulation
Consider an MDP M with a finite state space S and a finite
action space A. Let As ⊂ A denote the set of allowed actions
from state s. When the agent chooses an action at ∈ As in
state st ∈ S, it receives a random reward r(st , at ). Based on
the agent’s decision the system undergoes a random transition

where f is a reward function known to the agent and Xt
is a random variable internal to the system that is i.i.d.
over time. Note that in the energy harvesting communications
problem, the reward is the rate obtained at each slot and the
reward function is defined in equation (1). In this problem,
the channel gain-to-noise ratio Xt corresponds to the system’s
internal random variable. We assume that the distribution of
the harvested energy pt is known to the agent. This implies that
the state transition probabilities P (st+1 | st , at ) are inferred
by the agent based on the update equation (2).
A policy is defined as any rule for choosing the actions
in successive time slots. The action chosen at time t may,
therefore, depend on the history of previous states, actions
and rewards. It may even be randomized such that the action
a ∈ As is chosen from some distribution over the actions. A
policy is said to be stationary, if the action chosen at time t
is only a function of the system state at t. This means that a
deterministic stationary policy β is a mapping from the state
s ∈ S to its corresponding action a ∈ As . When a stationary
policy is played, the sequence of states {st | t = 1, 2, · · · }
follows a Markov chain. An MDP is said to be ergodic, if
every deterministic stationary policy leads to an irreducible
and aperiodic Markov chain. According to section V.3 from
[12], the average reward can be maximized by an appropriate
deterministic stationary policy β ∗ for an ergodic MDP with
finite state space. In order to arrive at an ergodic MDP for
the energy harvesting communications problem, we make the
following assumptions: 1. when the battery state Qt > 0, the
transmit power qt > 0; 2. the distribution of the harvested
energy is such that Pr{pt = p} > 0 for all 0 ≤ p ≤ Qmax .
Under these assumptions, we prove the ergodicity of the MDP
as follows.
Proposition 1. The MDP corresponding to the power allocation application in energy harvesting communications is
ergodic.
Proof: Consider any policy β and let P (n) (s, s0 ) be the nstep transition probabilities associated with the Markov chain
resulting from the policy.
First, we prove that P (1) (s, s0 ) > 0 for any s0 ≥ s as
follows. According to the state update equations,
st+1 = st − β(st ) + pt .

(4)

The transition probabilities can, therefore, be expressed as
P (1) (s, s0 ) = Pr{p = s0 − s + β(s)} ≥ 0,

(5)

since s0 ≥ s and β(s) ≥ 0 for all states. This implies that
any state s0 ∈ S is accessible from any other state s in the
resultant Markov chain, if s ≤ s0 .
Now, we prove that P (1) (s, s − 1) > 0 for all s ≥ 1 as
follows. From equation (5), we observe that
P (1) (s, s − 1) = Pr{p = β(s) − 1} ≥ 0,

(6)

since β(s) ≥ 1 for all s ≥ 1. This implies that every state
s ∈ S is accessible from the state s+1 in the resultant Markov
chain.
Equations (5) and (6) imply that all the state pairs (s, s + 1)
communicate with each other. Since communication is an
equivalence relationship, all the states communicate with each
other and the resultant Markov chain is irreducible. Also,
equation (5) implies that P (1) (s, s) > 0 for all the states and
the Markov chain is, therefore, aperiodic.
Since the MDP under consideration is ergodic, we restrict
ourselves to the set of deterministic stationary policies which
we interchangeably refer to as policies henceforth. Let µ(s, a)
denote the expected reward associated with the state-actions
pair (s, a) which can be expressed as
µ(s, a) = E [r(s, a)] = EX [f (s, a, X)] .

(7)

For ergodic MDPs, the optimal mean reward ρ∗ is independent
of the initial state (see [13], section 8.3.3). It is specified as
ρ∗ = max ρ(β, M),

(8)

β∈B

where B is the set of all policies, M is the matrix whose (s, a)th entry is µ(s, a), and ρ(β, M) is the average expected reward
per slot using policy β. We use the optimal mean reward as
the benchmark and define the cumulative regret of a learning
algorithm after T time-slots as
"T −1 #
X
∗
R(T ) := T ρ − E
rt .
(9)
t=0

B. Optimal Stationary Policy
When the expected rewards for all state-action pairs µ(s, a)
and the transition probabilities P (s0 | s, a) are known, the
problem of determining the optimal policy to maximize the
average expected reward over time can be formulated as a
linear program (LP) (see e.g. [12], section V.3) shown below.
X X
maximize
π(s, a)µ(s, a)
s∈S a∈As

subject to π(s, a) ≥ 0, ∀s ∈ S, a ∈ As ,
X X
π(s, a) = 1,
s∈S a∈As
0

∀s ∈ S :

X
a∈As0

π(s0 , a) =

X X

π(s, a)P (s0 | s, a),

s∈S a∈As

(10)
where π(s, a) denotes the stationary distribution of the MDP.
The objective function of the LP from equation (10) gives
the average rate corresponding to the stationary distribution
π(s, a), while the constraints make sure that this stationary

distribution corresponds to a valid policy on the MDP. Such
LPs can be solved by using standard solvers like CVXPY [14].
If π ∗ (s, a) is the solution to the LP from (10), then for
every s ∈ S, π(s, a) > 0 for only one action a ∈ As . This
is due to the fact the the optimal policy β ∗ is deterministic
for ergodic MDPs in average reward maximization problems
(see [13], section 8.3.3). Thus for this problem, β ∗ (s) =
arg maxa∈As π ∗ (s, a). Note that we, henceforth, drop the
action index from the stationary distribution, since the policies
under consideration are deterministic and the corresponding
action is, therefore, deterministically known. In general, we
use πβ (s) to denote the stationary distribution corresponding
to the policy β. It must be noted that the stationary distribution
of any policy is independent of the reward values and only
depends on the transition probability for every state-action
pair. The expected average reward depends on the stationary
distribution as
X
ρ(β, M) =
πβ (s)µ(s, β(s)).
(11)
s∈S

In terms of this notation, the LP from (10) equivalent to
maxβ∈B ρ(β, M). Since the matrix M is unknown, we develop an online learning framework to learn the optimal policy
in the next section.
III. O NLINE L EARNING A LGORITHMS
For the power allocation problem under consideration, although the agent knows the state transition probabilities, the
mean rewards for the state-action pairs µ(s, a) values are still
unknown. Hence, the agent cannot solve the LP from (10) to
figure out the optimal policy. Any online learning algorithm
needs to learn the reward values over time and update its policy
adaptively. One interesting aspect of the problem, however,
is that the reward function from equation (3) is known to
the agent. Since the reward functions under consideration (1)
is bijective, once the reward is revealed to the agent, it can
invert them to infer the instantaneous realization of the random
variable X. This inference can be used to predict the rewards
that would have been obtained for other state-action pairs using
the function knowledge.
In our online learning framework, we store the average
values of these inferred rewards θ(s, a) for all state-action
pairs. Also, we define confidence bounds at time t:
r
λ ln t
(12)
ut,λ (s, a) = θ(s, a) + B(s, a)
r t
λ ln t
lt,λ (s, a) = θ(s, a) − B(s, a)
,
(13)
t
which are referred to as UCB and LCB, respectively, and
B(s, a) ≥ maxx f (s, a, x)−minx f (s, a, x) denotes any upper
bound on the maximum possible range of the reward for the
state-action pair (s, a). The idea behind our algorithms is to
use the UCB values for the maximization problems instead
of the unknown µ(s, a) values in the objective function of
the LP from (10). Since the θ(s, a) values get updated after
each reward revelation, the agent needs to solve the LP again

and again. We propose our online learning algorithm UCLP
where the agent solves the LP at each slot. Although the agent
is unaware of the actual µ(s, a) values, it learns the statistics
θ(s, a) over time and eventually figures out the optimal policy.
We use following notations in the analysis of our algorithms:
B0 := max B(s, a), ∆min := ρ∗ − max∗ ρ(β, M). The
β6=β

(s,a)

total number of states and actions are specified as S := |S|,
A := |A|, respectively. Also, Ut,λ and Lt,λ denote the
matrices containing the entries ut,λ (s, a) and lt,λ (s, a) at time
t, respectively.
The UCLP algorithm presented in algorithm 1 solves the LP
at each time-step and updates it policy based on the solution
obtained. It stores only one θ value per state-action pair, its
required storage is, therefore, O(SA). In theorem 1, we derive
an upper bound on the expected number of slots where the
LP fails to find the optimal solution using UCLP. We use this
result to bound the total expected regret of UCLP in theorem 2.
These results guarantee that the regret is always upper bounded
by a constant. Note that, for the ease of exposition, we assume
that the time starts at t = 0. This simplifies the analysis, but
has no significant impact on the regret bounds.
Algorithm 1 UCLP
1: Parameters: λ > 1/2.
2: Initialization: For all (s, a) pairs, θ(s, a) = 0.
3: for n = 0 do
4:
Given the state s0 and choose any valid action;
5:
Update all (s, a) pairs: θ(s, a) = f (s, a, x0 );
6: end for
7: // MAIN LOOP
8: while 1 do
9:
n = n + 1;
10:
Confidence bounds:
r
λ ln n
un,λ (s, a) = θ(s, a) + B(s, a)
;
n
11:
12:
13:
14:

Solve the LP from (10) with un,λ (s, a) instead of
unknown µ(s, a);
In terms of the LP solution π(n) , define βn (s) =
arg maxa∈As π(n) (s, a), ∀s ∈ S;
Given the state sn , select the action βn (sn );
Update for all (s, a) pairs:
θ(s, a) ←

15:

nθ(s, a) + f (s, a, xn )
;
n+1

end while

Theorem 1. The expected number of slots where non-optimal
policies are played by UCLP is upper bounded by
n0 + (1 + A) Sσλ ,
∞
P

(14)

t−2λ and n0 denotes the minimum value of
t=1
q
n
n ∈ N for which ∆min ≥ 2B0 λ ln
n .
where σλ =

The proof of theorem 1 is provided in appendix A. UCLP
requires λ > 1/2 in order to have a constant regret upper
bound from equation (14), since σλ < ∞ for λ > 1/2. It is
important to note that even if the optimal policy is found by the
LP and played during certain slots, it does not mean that regret
contribution of those slots is zero. According to the definition
of regret from equation (9), regret contribution of a certain
slot is zero if and only if the optimal policy is played and the
corresponding Markov chain is at its stationary distribution.
In appendix C, we introduce tools to analyze the mixing of
Markov chains and characterize this regret contribution in
theorem 3. These results are used to upper bound the UCLP
regret in the next theorem.
Theorem 2. The total expected regret of the UCLP is upper
bounded by



µ
max
, (15)
n0 + (1 + A) Sσλ ∆max + 1 + (1 + A) Sσλ
1−γ
where γ = max
kP∗ (s0 , ·)−P∗ (s, ·)kTV , P∗ denotes the tran0
s,s ∈S

sition probability matrix corresponding to the optimal policy,
µmax = max µ(s, a) and ∆max = ρ∗ − min µ(s, a).
s∈S,a∈As

s∈S,a∈As

Proof: The regret of UCLP arises when either nonoptimal actions are taken or optimal actions are taken, but
the corresponding Markov chain is not at stationarity. For the
first source of regret, it is sufficient to analyze the number of
instances where the LP fails to find the optimal policy. For the
second source, however, we need to analyze the total number
of phases where the optimal policy is found in succession.
Since only the optimal policy is played in consecutive
slots in a phase, it corresponds to transitions on the Markov
chain associated with the optimal policy and the tools from
appendix C can be applied. According to theorem 3, the
regret contribution of any phase is bounded from above by
(1 − γ)−1 µmax . As proved in theorem 1, for t ≥ n0 , the
expected number of instances of non-optimal policies is upper
bounded by (1 + A) Sσλ . Even if none of the these instances
appear in successive slots, the expected number of optimal
phases is upper bounded by 1 + (1 + A) Sσλ . Hence, for
t ≥ n0 , the expected regret contribution from the slots
following the optimal policy is upper bounded by

µ
max
.
(16)
1 + (1 + A) Sσλ
1−γ
Note that maximum regret possible during one slot is ∆max .
Hence for the first n0 slots, the regret is bounded by n0 ∆max .
Since there are at most (1 + A) Sσλ slots with non-optimal
policy for t ≥ n0 in expectation, their expected regret is upper
bounded by (1 + A) Sσλ ∆max .
Overall expected regret for the UCLP algorithm is, therefore, bounded from above by equation (15).
Remark 1. It must be noted that we call two policies as same
if and only if they recommend identical actions for every state.
It is, therefore, possible for a non-optimal policy to recommend
optimal actions for some of the states. In the analysis of UCLP,
however, we assumed that any occurrence of a non-optimal

policy contributes to the regret. Although this is not necessary,
it leads us to a valid upper bound in the proof.

this problem as an online learning problem over an MDP. If
the transition probabilities and the mean rewards associated
with the MDP are known, the optimal policy maximizing the
average expected reward over time can be found by solving
an LP specified in the paper. Since the agent is only assumed
to know the distribution of the harvested energy, she needs to
learn the rewards of the state-action pairs over time and make
her decisions based on the learnt behaviour. For this problem,
we have proposed our online learning algorithm UCLP which
solves the LP at each time-slot using the updated upper
confidence bounds of the rewards instead of the unknown
mean rewards. We have shown that the regret incurred by
UCLP is bounded from above by a constant. Through the
numerical simulations, we have shown that the regret of UCLP
is very close to that of the optimal policy.
The UCLP algorithm presented in this paper solves an LP
and therefore requires a lot of computations at each timestep. Reducing the computational needs of UCLP is a potential
direction for future works in this area.

IV. N UMERICAL S IMULATIONS
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TABLE I
VALID ACTIONS PER STATE
State (s)
0
1
2
3
4

Actions (As )
{0}
{1}
{1, 2}
{1, 2, 3}
{1, 2, 3, 4}

V. C ONCLUSION
We have considered the problem of power allocation over
a stochastically varying channel with unknown distribution in
an energy harvesting communication system. We have cast

≤ Pr {For at least one state-action pair (s, a) :
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πβt (s, a)lt,λ (s, a)) ≥ πβt (s, a)µ(s, a)}
X X
Pr {πβt (s, a)lt,λ (s, a) ≥ πβt (s, a)µ(s, a)}
≤

A PPENDIX A
P ROOF OF T HEOREM 1

s∈S a∈As

Let βt denote the policy obtained by UCLP at time t
and I(z) be the indicator function defined to be 1 when the
predicate z is true, and 0 otherwise. Now the number of slots
where non-optimal policies are played can be expressed as
N1 = 1 +

∞
X

≤ n0 +

t=n0
∞
X

X X

(b)

≤

X X
s∈S a∈As

(17)

t=n0

We observe that ρ(β ∗ , Ut,λ ) ≤ ρ(βt , Ut,λ ) implies that at
least one of the following inequalities must be true:

ρ(βt , Ut,λ ) − ρ(βt , Lt,λ )
X X
X X
=
πβt (s, a)ut,λ (s, a) −
πβt (s, a)lt,λ (s, a)
s∈S a∈As

=

X X

ρ(β ∗ , Ut,λ ) ≤ ρ(β ∗ , M)

(18)

s∈S a∈As

ρ(βt , Lt,λ ) ≥ ρ(βt , M)

(19)

X X

ρ(β ∗ , M) < ρ(βt , M) + ρ(βt , Ut,λ ) − ρ(βt , Lt,λ ). (20)
Hence we upper bound the probabilities of each of these
events. For the first event from condition (18), we get
Pr {ρ(β ∗ , Ut,λ ) ≤ ρ(β ∗ , M)}
(
X
= Pr
π ∗ (s, β ∗ (s))ut,λ (s, β ∗ (s))
∗

π (s, β (s))µ(s, β (s))

s∈S

≤ Pr {For at least one state s ∈ S :
π ∗ (s, β ∗ (s))ut,λ (s, β ∗ (s)) ≤ π ∗ (s, β ∗ (s))µ(s, β ∗ (s))}
X
≤
Pr {π ∗ (s, β ∗ (s))ut,λ (s, β ∗ (s))
s∈S

≤ π ∗ (s, β ∗ (s))µ(s, β ∗ (s))}
X

=

Pr {ut,λ (s, β ∗ (s)) ≤ µ(s, β ∗ (s))}

≤

X

r
=

πβt (s, a) 2B(s, a)

s∈S a∈As

r
=2

λ ln t
t

!

λ ln t X X
πβt (s, a)B(s, a)
t
s∈S a∈As

ρ(β ∗ , M) − ρ(βt , M) − (ρ(βt , Ut,λ ) − ρ(βt , Lt,λ ))
r
λ ln t
≥ ∆min − 2B0
r t
λ ln n0
≥ ∆min − 2B0
n0
≥ 0.
(24)
This implies that condition (20) is always false for t ≥ n0 .
The expected number of incorrect policies from equation
(17), therefore, can be expressed as

s∈S
(a)

πβt (s, a) (ut,λ (s, a) − lt,λ (s, a))

λ ln t X X
πβt (s, a)B0
≤2
t
s∈S a∈As
r
λ ln t
≤ 2B0
.
(23)
t
Since ∆min ≤ ρ(β ∗ , M) − ρ(βt , M), for all t ≥ n0 we get

)
≤

s∈S a∈As

r

s∈S
∗

(22)

where (b) holds due to concentration bounds from lemma 2
(see appendix B).
Now let us analyze the third event from condition (20).

I {ρ(β ∗ , Ut,λ ) ≤ ρ(βt , Ut,λ )} .

∗

t−2λ

≤ SAt−2λ ,

I {βt 6= β ∗ }

X

Pr {lt,λ (s, a) ≥ µ(s, a)}

s∈S a∈As

I {βt 6= β ∗ }

t=1
∞
X

= n0 +

=

t−2λ

s∈S

= St−2λ ,

(21)

where (a) holds due to concentration of confidence bounds
from lemma 2 (see appendix B).
Similarly for the second event from condition (19), we get

E[N1 ] ≤ n0 +
≤ n0 +

∞
X
t=n0
∞
X

Pr {ρ(β ∗ , Ut,λ ) ≤ ρ(βt , Ut,λ )}
(Pr {ρ(β ∗ , Ut,λ ) ≤ ρ(β ∗ , M)}

t=n0

Pr {ρ(βt , Lt,λ ) ≥ ρ(βt , M)}
(
X X
= Pr
πβt (s, a)lt,λ (s, a)

+ Pr {ρ(βt , Lt,λ ) ≥ ρ(βt , M)})
≤ n0 +

s∈S a∈As

n
X

St−2λ + SAt−2λ

t=n0

)
≥

X X
s∈S a∈As

πβt (s, a)µ(s, a)

≤ n0 + (1 + A) S

∞
X
t=n0

t−2λ



≤ n0 + (1 + A) Sσλ ,

(25)

where σλ < ∞ as λ > 1/2.
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all probability distributions on Ω. Also let P (t) (s, ·) be the row
or distribution corresponding to the initial state of s. Based on
these notations, we define a couple of useful t-step distances
as follows:
d(t) := max kπ − P (t) (s, ·)kTV
s∈S

Lemma 1 (Hoeffding’s Concentration Inequality from [15]).
Let Y1 , ..., Yn be i.i.d. random variables with mean µ and
n
P
range [0, 1]. Let Sn =
Yt . Then for all α ≥ 0

= sup kπ − φP (t) kTV ,

(29)

φ∈P

ˆ := max kP (t) (s0 , ·) − P (t) (s, ·)kTV
d(t)
0

t=1

s,s ∈S

−2α2 /n

= sup kψP (t) − φP (t) kTV .

Pr{Sn ≥ nµ + α} ≤ e

−2α2 /n

Pr{Sn ≤ nµ − α} ≤ e

(30)

ψ,φ∈P

.

Lemma 2 (Concentration of Confidence Bounds). At any time
t, for any valid state-action pair (s, a), following inequalities
hold:
1) Pr {ut,λ (s, a) ≤ µ(s, a)} ≤ t−2λ ,
2) Pr {lt,λ (s, a) ≥ µ(s, a)} ≤ t−2λ .
Proof: For the first inequality,
Pr {ut,λ (s, a) ≤ µ(s, a)}
(
r

λ ln t
≤ µ(s, a)
≤ Pr r̂t (s, a) + B(s, a)
t


√
r̂t (s, a)
µ(s, a)
= Pr
t≤
t − λt ln t
B(s, a)
B(s, a)

ˆ ≤
Lemma 3 ([16], lemma 4.11). For all t > 0, d(t) ≤ d(t)
2d(t).
Lemma 4 ([16], lemma 4.12). The function dˆ is subˆ 1 + t2 ) ≤ d(t
ˆ 1 )d(t
ˆ 2 ).
multiplicative: d(t
These lemmas lead to following useful corollary:
ˆ t.
Corollary 1. For all t ≥ 0, d(t) ≤ d(1)

)

Consider an MDP with optimal stationary policy β ∗ . Since
the MDP might not start at the stationary distribution π ∗
corresponding to the optimal policy, even the optimal policy
incurs some regret as defined in equation (9). We characterize
this regret in the following theorem.

(a)

≤ e−2(λt ln t)/t

= t−2λ ,

For irreducible and aperiodic Markov chains, the distances
ˆ have following special properties:
d(t) and d(t)

(26)

where (a) is obtained using the
√ left-sided Hoeffding’s inequality (see lemma 1) with α = λt ln t.
Similarly using the right-sided version of the concentration
inequality, we get the second inequality.
A PPENDIX C
A NALYSIS OF M ARKOV C HAIN M IXING
We briefly introduce the tools required for the analysis
of Markov chain mixing (see [16], chapter 4 for a detailed
discussion). The total variation (TV) distance between two
probability distributions φ and ψ on sample space Ω is defined
by
kφ − ψkTV = max |φ(E) − ψ(E)|.
(27)
E⊂Ω

Intuitively, it means the TV distance between φ and ψ is
the maximum difference between the probabilities of a single
event by the two distributions. The TV distance is related to
the L1 distance as follows
1X
kφ − ψkTV =
|φ(ω) − ψ(ω)|.
(28)
2

Theorem 3 (Regret of Optimal Policy). For an ergodic MDP,
the total expected regret of the optimal stationary policy
with transition probability matrix P∗ is upper bounded by
(1 − γ)−1 µmax , where γ = max
kP∗ (s0 , ·) − P∗ (s, ·)kTV and
0
s,s ∈S

µmax =

max µ(s, a).

s∈S,a∈A

Proof: Let φ0 be the initial distribution over states and
(t)
φt = φ0 P∗ be such distribution at time t represented as a row
vectors. Also, let µ∗ be a row vector with entry corresponding
to state s being µ(s, β ∗ (s)). We use d∗ (t) and dˆ∗ (t) to denote
the t-step distances from equations (29) and (30) for the
optimal policy. Ergodicity of the MDP ensures that the Markov
chain corresponding to the optimal policy is irreducible and
aperiodic, and thus lemmas 3 and 4 hold. The regret of the
optimal policy, therefore, gets simplified as:
R∗ (φ0 , T )
= T ρ∗ −

φt · µ∗

t=0

= T (π ∗ · µ∗ ) −

T
−1
X

φt · µ∗

t=0

ω∈Ω

We wish to bound the maximal distance between the stationary distribution π and the distribution over states after t steps
of a Markov chain. Let P (t) be the t-step transition matrix
with P (t) (s, s0 ) being the transition probability from state s
to s0 of the Markov chain in t steps and P be the collection of

T
−1
X

=
≤

T
−1
X

(π ∗ − φt ) · µ∗

t=0
T
−1
X

(π ∗ − φt )+ · µ∗

t=0

(Negative entries ignored)

=

T
−1 X
X

(π ∗ (s) − φt (s))+ µ∗ (s)

t=0 s∈S
T
−1 X
X

≤ µmax

(π ∗ (s) − φt (s))+

t=0 s∈S

= µmax
≤ µmax
≤ µmax
= µmax

T
−1
X
t=0
T
−1
X

(t)

kπ ∗ − φ0 P∗ kTV
d∗ (t)

t=0
T
−1 
X

t
dˆ∗ (1)

t=0
T
−1
X

(From corollary 1)

γt

t=0

≤ µmax

1
.
1−γ

Note that this regret bound is independent of the initial
distribution over the states.

