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Abstract

We consider a real-time monitoring system where a source node
(with energy limitations) aims to keep the information status at a
destination node as fresh as possible by scheduling status update
transmissions over a set of channels. The freshness of information
at the destination node is measured in terms of the Age of Informa-
tion (Aol) metric. In this setting, a natural tradeoff exists between
the transmission cost (or equivalently, energy consumption) of the
source and the achievable Aol performance at the destination. This
tradeoff has been optimized in the existing literature under the as-
sumption of having a complete knowledge of the channel statistics.
In this work, we develop online learning-based algorithms with
finite-time guarantees that optimize this tradeoff in the practical
scenario where the channel statistics are unknown to the scheduler.
In particular, when the channel statistics are known, the optimal
scheduling policy is first proven to have a threshold-based structure
with respect to the value of Aol (i.e., it is optimal to drop updates
when the Aol value is below some threshold). This key insight was
then utilized to develop the proposed learning algorithms that sur-
prisingly achieve an order-optimal regret (i.e., O(1)) with respect
to the time horizon length.
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1 Introduction

Timely delivery of real-time status updates is necessary for many
critical and emerging applications including healthcare, factory
automation, intelligent transportation systems, and smart homes,
to name a few. A typical real-time status update system consists
of an energy-constrained source node (e.g., a small sensor) that
generates status updates about some physical process of interest,
and then sends them through a communication system to a desti-
nation node. Clearly, excessive transmissions of status updates can
maintain the freshness of information available at the destination
at the price of quickly exhausting the limited energy available at
the source. Therefore, there exists a natural tradeoff between main-
taining the freshness of information available at the destination
and the transmission cost (or energy cost) of the source. Scheduling
the transmissions of status updates to optimize this tradeoff is chal-
lenging especially since in practice the statistics of the channels
between the source and destination nodes are often unknown to
the scheduler. In this paper, we address this open problem by de-
veloping novel online learning-based scheduling algorithms with
provable guarantees.

We employ Aol as a metric to quantify the freshness of informa-
tion at the destination about the process observed by the source.
Specifically, Aol is defined as the time elapsed since the last success-
fully received status update at the destination was generated at the
source [15]. There have been two main research directions in the
Aol research area. The first direction aimed to analyze/characterize
Aol in different queueing-theoretic models/disciplines, and the sec-
ond direction was focused on the optimization of Aol in different
communication systems that deal with time-sensitive information.
Interested readers are advised to refer to [19] for a comprehensive
book and [26] for a recent survey. Since this paper belongs to the
second research direction, we next discuss the most closely-relevant
prior optimization-based studies on Aol.

The scheduling problem to minimize Aol in single-hop wire-
less networks with unreliable channels was studied in [9, 10, 13,
14, 22, 23]. In particular, the problem was formulated as a restless
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multi-armed bandit (MAB) problem for which Whittle Index-based
scheduling policies were developed. A common assumption consid-
ered in [9, 10, 13, 14, 22, 23] was that the statistics of the channels
and/or the channel state information are known to the scheduler.
Also, none of these studies accounted for the energy limitations at
the source node(s). Further, these prior works have mostly been
focused on the study of the infinite horizon model, whereas we de-
velop in this paper scheduling algorithms with provable finite-time
guarantees.

For the case when the channel statistics are unknown to the
scheduler, online learning-based scheduling algorithms with prov-
able finite-time guarantees were developed in [2, 7, 12, 20]. The
authors of [7] considered a system setting where the source is con-
nected to the destination through a set of unreliable channels (i.e.,
each channel is associated with a different reliability or successful
transmission probability). The study in [7] was extended in [12]
to the case of having correlated unreliable channels, in [20] to the
multi-source setting where each source generates a status update
every time slot, and in [2] to the multi-source setting with random
status update arrivals at different sources. The scheduling of status
updates over different channels was formulated as a multi-armed
bandit problem in [2, 7, 12, 20] where each channel corresponds
to one arm. The reward obtained from selecting one arm in some
time slot is a function of the reliability of that arm and the Aol
value at the beginning of that time slot (without accounting for the
transmission cost of sending status updates). The regret of UCB [3]
and Q-UCB [16] algorithms (with respect to the optimal policy that
knows the channel statistics a priori) were shown in [7] to scale
as O(logT) and O(logST), respectively, where T is the time hori-
zon length. The authors of [20] developed a UCB-based distributed
learning algorithm that scales as O(long), and the authors of [2]
utilized the knowledge about the system being empty (i.e., there
are no status updates to transmit) or not to develop a learning algo-
rithm that achieves a bounded regret with respect to T (i.e., O(1))
when the arrival rates at different sources are relatively small.

A key distinction between [2, 7, 12, 20] and this paper is the
structure of the optimal policy to which the proposed learning
algorithms are compared (to obtain the regret). In particular, the
optimal policy for the settings studied in [2, 7, 12, 20] is to simply
send a status update over the channel with the highest successful
transmission probability every time slot (whenever the system is
not empty), and hence the scheduling problem could be formulated
as a multi-armed bandit problem. Since this paper accounts for
the transmission costs of sending status updates over different
channels, the simple structure of the optimal policy in [2, 7, 12, 20]
does not hold here anymore. In particular, it may be optimal in our
setting to remain idle in some time slots (and drop the generated
status updates). Thus, the decision of sending a status update should
also depend on the Aol value, and hence the multi-armed bandit
problem formulation in [2, 7, 12, 20] is not sufficient to study the
scheduling problem considered in this paper. This key difference
between the structures of the optimal policies has significant impact
on the development of the learning algorithms in this paper and
makes the regret analysis much more challenging. Before going
into more details about our contributions, it is instructive to note
that scheduling problems to jointly optimize Aol and transmission
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cost or other costs have been studied in a variety of settings [1, 5,
8, 17, 18, 21, 24, 25]. However, none of these works considered that
the channel statistics are unknown to the scheduler, and most of
them were focused on the study of the infinite horizon model.

Contributions. This paper presents novel online learning-based
scheduling algorithms with provable finite-time guarantees to opti-
mize Aol for energy-constrained communications under unknown
channel statistics. In particular, we study a system setting in which
an energy-constrained source node is connected to a destination
node through a set of channels, where the channel statistics are
assumed to be unknown to the scheduler. Towards developing Aol-
aware online learning-based algorithms for this setting, we first
analyze the structure of the optimal policy (that knows the chan-
nel statistics a priori) for the infinite time average-cost problem.
Specifically, this optimal policy is proven to have a threshold-based
structure with respect to the value of Aol (i.e., it is optimal to drop
updates when the Aol is below some threshold). This key insight
is then utilized to develop the proposed learning algorithms for
the finite-time horizon model under consideration. Our proposed
Aol-aware learning algorithms (with and without an exploration
bonus) are proven to surprisingly have a bounded regret perfor-
mance with respect to the time horizon length (i.e., O(1)). Extensive
simulations are conducted to show the impact of different system
design parameters on the empirical performance of the proposed
learning algorithms. To the best of our knowledge, this paper makes
the first attempt towards developing Aol-aware learning algorithms
with a provable order-optimal regret performance for optimizing the
fundamental Aol-energy tradeoff.

2 System Model and Problem Statement
2.1 Network Model

We consider a real-time monitoring system where a source node is
connected to a destination node through C communication chan-
nels (C; denotes the i-th channel). Without loss of generality, we
consider a discrete time finite horizon composed of T slots of unit
length. Hence, the terms power and energy are used interchange-
ably throughout the paper. At the beginning of each time slot, the
source generates a fresh status update, and either transmits it to the
destination using one of the channels or drops it. A power cost P is
associated with each transmission attempt over any of the channels,
and the transmission power cost of time slot ¢ is denoted by P(t).
Note that P(¢) is equal to zero when the status update generated at
the beginning of time slot t is dropped, and is equal to P otherwise.
The freshness of information at the destination node is measured us-
ing the Aol metric. In particular, the Aol measures the time elapsed
since the generation time of the latest successfully received status
update at the destination node. Let A(t) denote the Aol value at the
beginning of time slot . Without loss of generality, we assume that
A(t) is upper bounded by a finite value Ay, which can be chosen
to be arbitrarily large. When A(t) reaches Ap, it means that the
available information at the destination node is too stale to be of
any use. A status update transmission over channel C; is successful
with probability y;, independent of all other channels and across
time slots. The values of {y;} are assumed to be unknown to the
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scheduler. The total cost of time slot t is defined as
C(t) = aA(t) + (1 — a)P(t), (1)

where a € [0, 1]. Our intention behind using a weighted cost func-
tion ! is to provide a generic problem formulation that allows the
scheduler to set the importance weights of Aol and power con-
sumption in the optimization problem.

State and action spaces. At the beginning of time slot ¢, the state
of the system s(t) is represented by the Aol value A(t), i.e., s(t) =
A(t) e S ={1,2,---, An}. Based on the state s(t), the action taken
in slot ¢ is given by a(t) € A = {0, 1,---, C}. In particular, when
a(t) = 0, the status update generated by the source at the beginning
of slot ¢ is dropped, and A(t+1) = min {Am, A(t) + 1}. On the other
hand, when a(t) =i > 0, the generated status update is transmitted
over channel C;. Further, A(t + 1) is given by

A(t+1) = {1,' w%th probab%lity ,ui,_ -
min {Ap, A(t) + 1},  with probability 1 — ;.
)

Based on the above definitions, the total cost of time slot ¢ in (1)
can be expressed as

C(s(t),a(t)) = as(t) + (1 —a)P1 (a(t) £0), 3)

where 1(-) is the indicator function.

2.2 Problem Statement

A policy # = {m,m, -+, 77} is a sequence of mappings from
the state space to the action space over different time slots, i.e.,
mi: S — A, Vi. We also use 7 = {ﬁ;‘,ﬁ;, e ,Il';i} to refer to the
optimal policy, which has a complete knowledge of the statistics
of the channels (or the probabilities {y;}) a priori. In absence of
any knowledge about {y;}, the accumulated cost over T time slots
under a policy 7 starting from state s is given by

T
C(r,s,T) = Z C(t). )
=1
The total regret of a policy 7 with respect to 7* after T time slots
is defined as

R™(T) = EB[C(m,s,T)] - E[C(x*,s,T)], (5)

where the expectation is taken with respect to the statistics of
the channels. Our goal is to develop a learning algorithm which
determines 7 such that a tight upper bound on the total regret in
(5) is obtained.

3 The Case When the Statistics of the Channels
Are Known

The first step towards developing a learning algorithm that achieves
a tight upper bound on the total regret in (5) is to understand the
structure of the optimal policy 7* (that has a complete knowledge
of the successful transmission probabilities over different channels
{ui}). Although 7* can be evaluated using the standard backward

Note that the results obtained in this paper (for the structure of the optimal policy in
Section 3 as well as the regret bounds in Section 4) using the linear age cost function
in (1) can be readily extended to the case of having a non-decreasing age function
F(A(2)), ie, C(t) = aF(A(t)) + (1 — a)P(t). In Section 4, we also provide
numerical results demonstrating the bounded regret performance of our proposed
order-optimal learning algorithm for a non-linear age cost function.
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induction algorithm, it is not possible to obtain analytical insights
about its structure in the finite time horizon problem under consid-
eration. Because of that, we first characterize the structure of 7*
for the infinite time average-cost problem in this section, and then
utilize the obtained insights to develop the learning algorithms for
the finite time horizon problem (when the probabilities {y;} are
unknown) in the next section. Specifically, the expected long-term
average cost under policy 7 can be expressed as

(6)

Due to the nature of the evolution of Aol (as described by (2)),
and the independence of channel statistics over time, the problem
can be modeled as an infinite horizon average-cost MDP with finite
state and action spaces S and A, respectively. Since there exists
an optimal stationary deterministic policy (minimizing p(r, s)) for
solving MDPs with finite state and action spaces [6], we aim at
investigating the structure of that stationary deterministic policy
in the sequel.

1
= lim =E[C ]
p(m,s) Jim = [C(rm,s,T)]

LEMMA 1. The stationary deterministic optimal policy 7* can be
evaluated by solving the following Bellman’s equations for average-
cost MDPs [6]:

p* +V(s) = min Q(s,a),s € S, (7)
aceA

where p* = min p(r,s), V(s) is the value function, and Q(s, a) is
T

the Q-function (also referred to as the Q-factors, Vs € S and a € A),
which is the expected cost resulting from taking action a in state s,
ie.,
O(s,a) = as+(1-a)PL (a #0)+ Z P(s |s,aV(s'), (8)
s'eS
where P(s” | s, a) is the transition probability of moving from state s

to state s’ as a result of taking action a, which can be evaluated from
(2) as

1, s’ =standa=0,
, J1-p, ' =standa=i>0,
B(s" |s.a) = Ui, s’ =1anda=i>0, ©)
0, otherwise,

where sT = min {Ap, s + 1}. In addition, the optimal action taken at
state s is given by

" (s) = arg;r;i;}l{ Q(s, a). (10)

Since the weak accessibility condition holds for our problem, a
solution for the Bellman’s equations in Lemma 1 is guaranteed to
exist [6]. We will now analytically characterize the structure of the
stationary deterministic optimal policy 7* using the Value Iteration
Algorithm (VIA). According to the VIA, the value function V (s) can
be evaluated iteratively such that V(s) at iterationn,n =1,2,-- -,
is computed as

V(s)™ = min O(s, a)(n1),

= minas+ (1 - @)PL (a # 0) + Z B(s’ |s,a)V(s) "D, (11)
aceA
s’eS
where s € S. Hence, the optimal policy at iteration n is given by

(12)

) (s) = argmin Q(s, a)("_l).
acS
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As per the VIA, under any initialization of the value function
V(s)(o), the sequence {V(s)(”)} converges to V(s) which satisfies
the Bellman’s equation in (7), i.e.,

lim V(s)™ = v(s). (13)

Based on the VIA, the following Lemma characterizes the mono-
tonicity property of the value function with respect to the system
state.

LEMMA 2. The value function V (s), satisfying the Bellman’s equa-
tion in (7) and corresponding to the optimal policy *, is non-decreasing
with respect to s.

Proor. Consider two states s; and sp such that s; < so. Hence,
the objective is to show that V(s;) < V(sz). According to (13),
it is then sufficient to show that V(s;)™ < V(sp)("), ¥n, which
we prove using mathematical induction. Particularly, the relation
holds by construction for n = 0 since it corresponds to the initial
values for the value function which can be chosen arbitrary. Now,
we assume that V(s1)(™ < V(s3)(™ holds for some n, and then
show that it holds for V(s;) (") < V(sy)("*1) as well. Particu-
larly, according to (11) and (12), V(s1)"*1) and V (s3) "*1) can be
respectively expressed as

V(sp) ™Y = gs; + (1 — a)P1 (n*(") (s1) # O)

+ LB st M (s)V(s) ™,

s’eS

(a)
g asy+ (1 -a)P1 (ir*<") (s2) # 0)

+ D B s M V)™, (9
s’eS
V(s2) ™Y = gsy + (1 - a)P1 (ﬂ*(”) (s2) # O)
+ DR s M () V(H ™, (19)

s’eS

where step (a) follows since it is not optimal to take action () (s2)
in state s;. From (9), note that we have

Z B(s' [si,a)V(s) ™ =1 (a=0)V(sS)™
s’eS

+1(a#0) [paV(l)(") +(1- ) V(s;)<">] . (16)

Since s; < sz, we have V(s}) < V(s}), and hence we observe
from (16) that

D [P 1o (20) =BG s, (520)| V(H® <0,
s’eS
Thus, the right hand side of (14) is less than or equal to V (s2) (n+1)]

which leads to having V(s1) ™D < V(sy) (") This completes the
proof. o

Let k* denote the index of the channel with the highest successful
transmission probability, i.e., pg+ > p, Vk € A\ {k*}. Based on
Lemma 2, the following Lemma characterizes the structure of the
optimal policy 7*.
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LEMMA 3. The optimal policy ©* has the following structural prop-
erties:
(i) When s1 > s, if 1 (s1) = 0, then 7™ (s2) = 0.
(ii) When sy < sy, if 1% (s1) = k¥, then 7% (s2) = k™.

Proor. We start the proof by showing that 7*(s) € {0,k*},Vs €
S. In particular, for k > 0, we have

0(s,0) = as + V(s*), (17)

Qs k) =as+ V(™) + (1 - )P — [V(s+) - V(l)] . (18)

From Lemma 2, we have V(s*) -V (1) > 0, and hence we observe
from (18) that k* = arg min s, k),¥s € S. Hence, 7*(s) €
(18) 8l Q(s, k) (s)

{0,k*},Vs € S. Now, note that proving that 7*(s;) = a leads to
7*(s2) = d’ is equivalent to showing that

QO(sg,a) — Q(s2,a’) < Q(s1,a) — Q(s1,a’),Va’ # a,

where this holds since if a is optimal in state s;, then we have
Q(s1,a)—0Q(s1,a’) < 0,Ya’, which leads to Q(sz, a) < Q(sg,a’),Va’,
i.e., taking action a is optimal in state s;. Hence, (i) is proven ((ii) is
proven) if (19) holds when a = 0 and @’ = k* (a = k* and @’ = 0).
Therefore, in the remaining, we focus on the proof of (i) while (ii)
can be proven similarly. Since s; > s and based on Lemma 2, we
have V(s]) > V(s;). Hence (19) holds for a = 0 and @’ = k*, which
completes the proof of (i). O

(19)

REMARK 1. According to Lemma 3, the optimal policy n* has a
threshold-based structure, where it is optimal to transmit a status
update only when the Aol/state is above some threshold value Ay, (i.e.,
the updates are dropped when the Aol is less than or equal to Ay,). In
addition, the scheduler uses the channel with the highest successful
transmission probability (i.e., Cy+) for each transmission attempt.
Further, from (17) and (18), if P < Pmin = ££- (V(2) = V(1)), then
7*(s) = k*,Vs, whereas if P > Ppayx = 2= (V(Am) — V(1)), then
7*(s) =0,Vs.

1-a

Based on Lemma 3 and Remark 1, 1 < Ay, < Aym when P €
[Prmin, Pmax]. In that case, the optimal value of the long-term av-
erage cost p* is obtained in closed-form in the following Lemma.

LEMMA 4. The optimal value of the long-term average cost as-
sociated with the optimal policy n* (with 1 < Ay, < Am) is given
by

. 3
pr=——= Db

= 20
Ath+,uk* im1 ( )
where
’6’1=W’ (21)
ﬁzza(Ath+1)+(1_“)P+“ﬁ(1_ﬂk*)ﬁ’ -
Hier
a(l—pye) | (A=) A=) = B
- 1f, 23
S e = (S
B=Am—-(An+1). (24)
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Figure 1: The discrete time Markov chain induced by the
optimal policy 7*.

PRroOF. According to Lemma 3 and Remark 1, the discrete time
Markov chain (representing the system state) induced by the op-
timal policy z* is depicted in Fig. 1. Thus, p* can be expressed

as
ph= ) Civs

seS

(25)

where Cj is the cost of being in state s under the optimal policy
7*, and {ys}se s is the stationary distribution of the discrete time
Markov chain in Fig. 1 (induced by 7). Note that C; can be ex-
pressed as

s < A (26)

" as,
Cs = .
as+(1-a)P, otherwise.

Thus, what remains is to obtain the probabilities {ys}. The bal-
ance equations associated with the Markov chain in Fig. 1 are given

by

Ys =Vs—1, 2<s<Ap+1,

Ys = (1= ppe) vs—1, A +2 <k < An,

e YAn = (1= b)) YAn-1- (27)
From (27), we get

Vi =YAp+, 1 <0< Ay,

Yag+1si = (1= ) yag+1, 0<i<Am—Ap -2

Yam = it (1= ) A=Aty (28)

By applying 3, ys =1 to the set of equations in (28), we obtain
seS

1

. (29)
Ath + .Uk*l

YAth+1 =

The final expression of p* in (20) is derived from substituting
{Cs} and {ys} from (26)-(29) into (25), followed by some algebraic
simplifications. This completes the proof. O

275

MobiHoc "25, October 27-30, 2025, Houston, TX, USA

4 Order-Optimal Learning Algorithms

In this section, we use the insights obtained about the structure of
the optimal policy in the previous section to develop order-optimal
learning algorithms with provable finite-time guarantees for the
case when the channel statistics are unknown to the scheduler. For
ease of presentation of our proposed algorithms, we will use an
equivalent normalized reward function r(s(t), a(t)) € [0, 1] to the
cost function C(s(¢), a(t)) defined in (3). In particular, we have
r(s(t), a(t)) = aAm + (1 —a)P — C(s(t),a(t))
a(Am—-1)+(1—-a)P
According to (30), the minimum value of C(s(?), a(t)), i.e., C(1,0),
ismapped to r(1,0) = 1, whereas the maximum value of C(s(t), a(t)),
ie., C(Am, a(t) # 0), is mapped to r(Am, a(t) # 0) = 0. We also
consider an episodic finite horizon MDP setting, where the finite
time horizon T is divided into K episodes with equal length H (i.e.,
each episode has H time steps/slots and T = KH). Let s]’z , and s;; 5

(30)

(a;; h and ai’ h) denote the state of the system (the action) at the h-th
time step in episode k under the learning algorithm 7 and the opti-
mal policy 7*, respectively. Note that since the channel statistics
are assumed to be unknown, the transition probability matrix of
the MDP under consideration is unknown to the scheduler (as can
also be observed from (9)). In particular, as the scheduler interacts
with the MDP over time, it observes the states, actions and rewards
generated by the unknown system dynamics (or transition probabil-
ity matrix). This leads to the fundamental exploration-exploitation
tradeoff where the scheduler needs to balance between exploring
poorly-understood state-action pairs (to gain information and im-
prove future performance) and exploiting its current knowledge
about the system dynamics (to optimize short-run rewards).

Before going into more details about our proposed Aol-aware
order-optimal learning algorithms, it is worth noting that an Aol-
agnostic learning algorithm that can handle the setting of episodic
finite horizon MDPs with unknown system dynamics is the upper
confidence bound value iteration (UCBVI) algorithm [4]. The key
idea of the UCBVI algorithm is to directly add an exploration bonus
term (to strike a balance between exploration and exploitation) to
the Q-values, rather than building confidence sets for the transi-
tion probabilities and rewards (as in UCRL2 [11]). This leads to an
improvement in the achievable regret bound by the UCBVI algo-
rithm (compared to UCRL2). By directly applying the analysis of
the UCBVI algorithm in [4] to our problem, with probability 1 — §
(0 < § < 1), the regret can be upper bounded as follows

R(T) <0 ([a(Am “1)+(1-a)P) \/HAmCT) .

The regret bound of the UCBVI algorithm in (31) is near-optimal
since it matches the established regret lower bound of [11] for this
MDP problem up to logarithmic factors:

R(T) 2 Q ([a(Am - 1)+ (1-a)P] \/HAmCT) )

In the sequel, we significantly improve the dependency of the
regret on T by developing novel Aol-aware order-optimal learning
algorithms that utilize the structure of the optimal policy. In particu-
lar, our proposed learning algorithms achieve provably O(1) regret
bounds (i.e., the regret is bounded with respect to the increase in
7).

(31)

(32)
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Algorithm 1 Order-optimal algorithm with exploration bonus.

fork=1,--- ,Kdo
Compute, for all (s,a,s’) € S X A XS,
Ni(s,a,8") = Z];;ll > L(sy=s,ar=as.=5s")
s,,a,,s’,

Nk(s’ a) = ZS’ES Nk(s’ a, S’)

Ti(a) = 2 ) vy ¢ 1\ (o)
forse S
if a = 0 then
I@;((s+|s, a)=1
else
P’ (s*]s,a) = Ti(a) and P/ (1]s,a) = 1 - Ti.(a)
end if
end for

Initialize Vi gr11(s) =0 foralls € S
forh=H,---,1do
for (s,a) e SX A
Qk,h (S, a) = min{Qk—l,h(s> a)s Hs r(s, a)
+Epr [Vi,he1(s)1s, al

+7H In(5SAT/5) mueo -k >0},
Vi,n(s) = maxge 7 Qk,p(s, @)
end for
end for

forh=1,--- ,Hdo
Set s’ € S arbitrarily
i 3 T — T
Take action agy, = arg;réaﬂg Qk,h(sk,h’ a) and observe
Sﬂ'
k,h+1
if af , =0 then
Send a pilot signal over a uniformly randomly-chosen

channel ¢ and record (s7,,0, s”’+) or (s” 0, 1)

kR k,h k.’
based on the outcome of the transmission
end if

end for
end for

4.1 An Order-Optimal Learning Algorithm with
Exploration Bonus

As a consequence of the insights obtained in Section 3 for the
infinite time average-cost problem, it is possible that the optimal
policy (that knows the channel statistics beforehand) for the finite
horizon model drops the generated status updates in certain time
slots (e.g., when the Aol value is relatively small). This is in contrast
to the optimal policy for the settings studied in [2, 7, 12, 20] (in
which the transmission costs of sending status updates are ignored),
where it was optimal to send a status update over the channel
with the highest reliability every time slot. This key insight is
utilized to develop our proposed order-optimal learning algorithms.
In particular, when the action is to drop the generated status update
in a certain time slot (i.e., the channels are idle), it would be useful
to utilize that slot for exploring the status of one of the channels at
a negligible power cost (by sending a pilot signal).

Our first order-optimal learning algorithm is described in Al-
gorithm 1. Specifically, prior to each episode k, we obtain some
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estimates for the system dynamics (or the state transition probabili-
ties denoted by {]15;( (s”|s, @) }s,a,s’ based on the counts of state-action
pairs experienced prior to episode k. These estimated transition
probabilities are then fed into a backward induction algorithm with
an exploration bonus term (directly added to the Q-values, simi-
lar to the UCBVI algorithm) to evaluate the policy to be executed
within episode k. Here, the exploration bonus term is given by
7H In(5SAT/8) W’
Chernoff-Hoeffding’s concentration inequality. Finally, the evalu-
ated policy is executed within episode k while utilizing that when-
ever the action is to drop the generated status update, an oppor-
tunity for exploration is created by sending a pilot signal over
a uniformly randomly-chosen channel. The achievable regret by
Algorithm 1 is stated in the following Theorem.

which was obtained in [4] based on the

THEOREM 1. With probability 1 — &, the regret of Algorithm 1 is
upper bounded as follows:

R(T) <0 ([a(Am 1) +(1-a)P]H 90), (33)

where 6y = ©(C?In %)

REMARK 2. Theorem 1 shows that with high probability 1 — 6, the
regret of Algorithm 1 with bonus terms is O(1), especially that it does
not increase with the total time horizon T (or equivalently, the number
of episodes K). Particularly, compared with existing MDP solutions
(such as the UCBVI algorithm), we reduce the regret from O(VT) to
O(1), and the intuition behind that is as follows. During the early
phase (k < [6y]) where we need to carefully handle the exploration-
exploitation tradeoff, the bonus term is added to encourage learning.
However, thanks to the idea of sending a pilot signal when the action
is to drop the generated status update, the success probabilities over
different channels {y;} can be estimated much faster than the case
where we do not use pilot signals (e.g., refer to (36) where the use of
pilot signals help us choose optimal actions with high probability in
a faster way). Because of that, in the later phase (k > [0]), we can
choose the optimal action greedily and with high probability.

Due to space limitations, we will provide next a proof sketch of
Theorem 1.

Proof Sketch of Theorem 1: We analyze the phases before and
after episode [0y ] separately. First, before episode [6y], Algorithm
1 is similar to the UCBVI algorithm [4], but with the additional
possibility of sending a pilot signal in each time step where the
action is to drop the generated status update. Thus, we can still
apply mathematical induction to the V-value function, (similar to
the proof of [4, Lemma 18]). We first define the event

Q= {Vip 2 V,,Vk, h}. (34)

Under Q, all computed Vi j, values in Algorithm 1 are upper
bounds on the optimal value function V;f = max, E[Zﬁlz h r(s]’é > aZ’j)].
Using backward induction on steps h and concentration inequalities,
we can prove that Q holds with high probability. Thus, the regret in
the early phase before episode [6y] is ercioﬂ [Vl* (sk.1) — Vlé,l (sk.1) >
where V]é!l(sk,l) = E[Zle r(s?

k.h’
cumulative reward of Algorithm 1 in episode k. Under the event Q,

a’kr )] represents the expected
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we have
[6o]
[V*(Sk,l) - V];’l(sk,l)] ;
k=1
[6o 1
< 2 [VerGen = v, e
k=1
(0]
O[R HIn(SAT/S
Zlga]) ( /)\/N( 3/
a(Am “1)+(1-a)P|H 90) (35)
where R = [a(Ay; — 1) + (1 — &) P], the second inequality is because

the difference between Vi ; (s¢ 1) and V' 1(sk,1) is upper bounded by

the bonus term 7H In(5SAT /) N ( 2

the last inequality is because of the pigeon hole principle. Second,
after episode [0y ], we can show that with high probability, for each
episode k, whena n=0 a n=0 orwhenakh > 0, akh > 0.In
other words, Algorlthm 1 W111 not mistakenly send or drop a status
update. Specifically, according to Hoeffding’s inequality, we have

that after episode [6y],

2

k>[601,h

<0 (exp (—%f@d)) < 0(5),

used by Algorithm 1, and

p {P(a’k”h) # P(a;;h)},

(36)

where the last inequality is true because 8y = ©(C? In %). Also, ac-
cording to Hoeffding’s inequality and [2, Lemma 12], the regret due
to choosing suboptimal channels after episode [6y] can be upper

bounded by 2C- [exp (—#k) + exp (—

2
Ai"c"" )] . For completeness,
[2, Lemma 12] states that for every suboptimal channel index i # i,
the probability of choosing this suboptimal channel is bounded by

1 A%
eXp(—ﬁk)+exp(— Zg" ) .

According to (37), the probability that our algorithm does not
choose the optimal channel decreases in k exponentially. This ben-
efits from the fact that each episode has at least one pilot signal
transmission (which occurs at the last time step of the episode
where the action is to drop the generated status update, based on
the implementation of the backward induction algorithm). The final
regret in (33) is obtained by taking the sum over the episode index
k. ]

The empirical performance of Algorithm 1 is compared to that
of the UCBVI algorithm in Figs. 2 and 3. Note that the tight regret
bounds in [4, Theorems 1 and 2] were obtained under the condition
that H < SA, where S and A are the sizes of the state and action
spaces, respectively. Thus, for fair comparison with the UCBVI
algorithm, we consider values of H that satisfy this condition. Also,
we consider a similar exploration bonus term to that of the UCBVI
algorithm (i.e., we focus on the performance of the early phase of
Algorithm 1 in Figs. 2 and 3). While the initial state s ; may change
arbitrarily from one episode to the next [4], the curves with the
abbreviation “NR” refer to the specific case where the initial state

P{a}, =i} <2C- (37)
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(or the initial Aol value) of each episode is set to be the Aol value
at the end of its preceding episode. On the other hand, the initial
state sy ; is chosen uniformly at random in the curves without the
abbreviation “NR”.

A couple of key observations can be noticed from Fig. 2. First,
Algorithm 1 significantly outperforms the UCBVI algorithm in
terms of the achievable regret. This demonstrates/quantifies the
significant impact of the exploration opportunities created through
sending pilot signals (when the channels are idle, i.e., the action is
to drop the generated status update) on the achievable regret per-
formance. Second, the achievable regret by Algorithm 1 approaches
a bounded regret value as the number of episodes K increases. How-
ever, this convergence of the regret to a bounded value appears
to be relatively slow, which is mainly due to the existence of the
exploration bonus term. This motivates us to develop a variant of
Algorithm 1 with a similar provable theoretical guarantee (in terms
of achieving a bounded regret with respect to K), but with a much
better empirical performance (in terms of the fast convergence of
the regret to a bounded value even when the sizes of state and
action spaces are quite large). It can also be observed from Fig. 3
that as the importance weight of Aol « increases, the gap between
the achievable regrets by Algorithm 1 and the UCBVI algorithm
slightly decreases (since the exploration opportunities of sending
pilot signals become less).

4.2 An Order-Optimal Learning Algorithm
without Exploration Bonus

To overcome the limitation in the empirical performance of Algo-
rithm 1 (related to the slow convergence of the regret to a bounded
value), we develop another Aol-aware order-optimal learning al-
gorithm (referred to as Algorithm 2) with a significantly better
empirical performance. Different from Algorithm 1, our second
order-optimal learning algorithm eliminates the exploration bonus
term from the Q-values. To evaluate the policy to be executed
within episode k, this algorithm just feeds the transition proba-
bilities estimated prior to episode k into the backward induction
algorithm. Specifically, the complete description of our second
order-optimal learning algorithm is similar to Algorithm 1 with
the only difference that the Q-values are evaluated as: Q. (s, a) =
r(s,a) + E]@;c [Vi.h+1(s")ls, a]. The achievable regret by Algorithm 2

is stated in the following Theorem.
THEOREM 2. The regret of Algorithm 2 is upper bounded as follows:
R(T)

3 2 1
< O|H*ApnPC | — + = - :
= =1 5min Amln

4C

where §,in = min; ‘ﬁP - pi| and Amin = min; |pg — pil-

REMARK 3. Theorem 2 shows that the regret of our order-optimal
learning algorithm without exploration bonus is O(1), especially that
it does not increase with the total time horizon T (or equivalently, the
number of episodes K). It is worth noting that [2] developed a learning
algorithm without exploration bonus that achieves a bounded regret
with respect to T (i.e., O(1)) when the power cost of sending status
updates are ignored and the status updates arrive at the source nodes



MobiHoc ’25, October 27-30, 2025, Houston, TX, USA

Mohamed A. Abd-Elmagid, Ming Shi, Eylem Ekici, and Ness B. Shroff

5 5
g 10 1210
7 - - —'
T 10
6 —==F
r/ -
- st
5 -
- ,’
|3 s a— -
[ 3 .
> 4 7+ £ 54
@ 2 6
e
I i & <
3 ,/ —— #
- /
) — = 4t 4
2t [T ] 2w
[ Algorithm 1 d
——UCBVI algorithm Al 4
1 - = Algorithm 1-NR
— = ‘UCBVI algorithm-NR
0 1 2 3 4 0

Number of episodes %10° 0 0.5 1

Number of episodes

(@)

15

(b)

5
14210
12 B -
- P
- -
- e
et 10 -
- .
- -
ot
B 8 ot
”
54 4
o 6 / ——
=
=] b -
———————— e
_______ 4 b /2
—— Algorithm 1 —— Algorithm 1
—— UCBVI algorithm 2 ——UCBVI algorithm
= = Algorithm 1-NR = = Algorithm 1-NR
— — UCBVI algorithm-NR| — = UCBVI algorithm-NR
0
2 25 3 3.5 0 0.5 1 15 2 25 3
x10° Number of episodes %105
(©)

Figure 2: Comparison between Algorithm 1 and the UCBVI algorithm. We use Ay, = 10, P = 15, = 0.4 and C = 4. The successful
transmission probabilities over different channel are equally spaced from 0.2 to 0.8 (i.e., the probabilities are {0.2,0.4,0.6,0.8}).

We consider: i) H = 30 in (a), ii) H = 40 in (b), and iii) H = 50 in (c).

x10°
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e
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0 0.5 1
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Figure 3: Impact of the importance weight of Aol « on the
achievable regret by Algorithm 1. We use H = 30. Other pa-
rameters are same as Fig. 2.

according to a Bernoulli random process. Unlike the regret analysis in
[2], accounting for the power costs of sending status updates in this
paper introduces several technical challenges to the regret analysis.
First, the regret due to the time steps in which the learning algorithm
mistakenly sends the generated status update or drops it needs to be
carefully quantified. Second, in [2], whenever the optimal channel is
chosen by the learning algorithm, the regret is 0. However, this does
not hold in our setting where we consider the power cost as well. Third,
different from [2] where the only reason that the optimal action is not
chosen is channel estimation bias, an additional reason in our setting
could be saving the power cost P.

Due to space limitations, we will provide next a proof sketch of
Theorem 2.

Proof Sketch of Theorem 2: Recall that the total cost at time step
t contains two parts, the Aol s(t) and the power cost P(t). We
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analyze each of them separately. First, the power regret is

K
(l—a)ZE

k=1

H
(39)

Pz, - P(az’h)]} :

h=1
According to the law of total expectation, we have

H
E

[P(az,h) - P(az,h)]}

=
Il

1

= TPv=

E [P(“Z,h) - Plagplay, = “Z,h] "Blay, = agy)

E [P(az,h) - P(a},)la} , # agh] Blap, #af,).  (40)

=
I
A

Note that when a

h the power regret is 0, i.e.,

— I
= hew

E [P(a;éh) - P(a;;h)|a;;h = a7kr,h] =0

Therefore, we focus on the case when az, nE aZ’ W Since sending
a status update over any of the channels has the same power cost P,
it is sufficient to focus on the time steps where either our learning
algorithm or the optimal policy drops the generated status update.
Thus, we have,

E

i [P(“zf,h) —P(a,’;h)]} < HP

h=1
P (3hst. {af ), = 0.0F, > 0} U e, > 0,07, =0}) . (4)

When the estimation error max;{/; — y;} of the transition prob-
ability, i.e., the channel reliability, is larger than the gap between
the weighted Aol and power costs, the algorithm will mistakenly
send the status update (instead of dropping the update and sending
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a pilot signal). Thus, according to Hoeffding’s inequality, we have

H
> [Pz, - P(az,p]],
h=1

1 6r2nin
exp _ﬁk + exp _fk

. By summing over the episode

E

< 2HPC - > (42)

where min = min; |;I_T“P — i
index k, we get the term depending on &, in the final regret.
Second, the Aol regret is

K H H
aZE Zs]’éh—ZsZ,h].
k=1 h=1 h=1

Similarly, according to the law of total expectation, we have

(43)

H H
T *
E Skh ~ 225k h
h=1 h=1
H
_ T * % _ 7 * T
= ZE [Sk h = Sknl%n = ak,h] Play, = ag )
h=1
H
T * * T * T
+ ZE [sk,h - sk,h'“k,h * ak,h] 'P(ak,h * ak,h)' (44)
h=1

There are two scenarios in which we may have alt nE aZ W First,
the learning algorithm (or the policy 7) may mistaf(enly d’rop the
generated status update to save the power cost P. This occurs with
a probability that can be upper bounded in a way similar to what
we discussed above, i.e., 2HPC - [exp (_z_é‘z 5;"&" k)]
Second, if the channel estimation error is too large, the policy
7 may mistakenly choose a suboptimal channel to send a status
update over. According to Hoeffding’s inequality and [2, Lemma
12], the probability of this second scenario can be upper bounded

k) +exp (—

AZ .
by 2C- [exp (—%k) + exp (— Vol )] . Moreover, since s j, < Am,
we have that
H
T * * JT
ZE [sk,h - sk,hlak,h * ak,h] < HAp. (45)
h=1

Since sending a status update over any of the channels has the
same power cost, and both the optimal policy and 7 start from the
same initial state/Aol in each episode, if the event {az n= 0,a

* T _ *
O}U{ak,h >0, ay, = 0} and the event {ak,h #

JT
kh
JT

£
a >0,a,h>

JT
Y %eh k

T g | at  =a" -
k,h  “k,h'"kh k.h
0. The final regret in (38) follows by combining (39)-(45) and taking
the sum over the episode index k. O
The empirical performance of Algorithm 2 is shown in Fig. 4. It
can be observed that the regret of Algorithm 2 (without exploration
bonus) converges to a small bounded value very quickly even when
the sizes of state and action spaces are relatively large. Further, it
can be noticed from Fig. 4 that the bounded value of the regret
slightly increases with the increase in the size of the action space
(or equivalently, the number of channels C). In addition, the em-
pirical performance of Algorithm 2 for a non-linear age function

0} do not occur in an episode, we have E [s
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Figure 4: Empirical performance of Algorithm 2. We use A, =
100,P = 2, = 0.5 and H = 50. The successful transmission
probabilities over different channel are equally spaced from
0.2 to 0.8.
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Number of episodes

200 250

Figure 5: Empirical performance of Algorithm 2 for a non-
linear age function 7 (A(t)) exp (VA(t)). We use Ay =
20,C =15,P =2, = 0.5 and H = 50. The successful transmis-
sion probabilities over different channel are equally spaced
from 0.2 to 0.8.

F(A(t)) = exp (JA(t)) is shown in Figs. 5 and 6. Similarly, the
regret quickly converges to a small bounded value, and it can be
noticed that this bounded value increases with either the rate ¢ of
the exponential age function (Fig. 5) or the size of action space C

(Fig. 6).

5 Conclusion

This paper proposed novel Aol-aware online learning-based algo-
rithms for optimizing the fundamental Aol-energy tradeoff under
unknown channel statistics. In particular, we considered a system
setting in which an energy-constrained source node is connected
to a destination node through a set of channels, where the channel
statistics were assumed to be unknown to the scheduler. For this
setting, the optimal policy (that knows the channel statistics a pri-
ori) for the infinite-time average-cost problem was first proven to
have a threshold-based structure with respect to the value of Aol
We then utilized this key insight to develop Aol-aware learning
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Figure 6: Empirical performance of Algorithm 2 for a non-
linear age function 7 (A(t)) = exp (YA(t)). We use Ay =
20, =0.3,P = 2,a = 0.5 and H = 50. The successful transmis-
sion probabilities over different channel are equally spaced
from 0.2 to 0.8.

algorithms with a provable order-optimal regret performance for
the finite time horizon model under consideration. In particular, our
proposed learning algorithms with (Algorithm 1) and without (Al-
gorithm 2) an exploration bonus were proven to surprisingly have
a bounded regret performance with respect to the time horizon
length (i.e., O(1)).

Several system design insights were drawn from our simula-
tion results. For instance, our results quantified the significant
improvement of our proposed learning algorithms over the UCBVI
algorithm in terms of the achievable regret performance. They also
revealed that compared to Algorithm 1, Algorithm 2 has a much
better empirical performance in terms of the fast convergence of the
regret to a bounded value even when the sizes of state and action
spaces are quite large. The results also showed that the bounded
value of the achievable regret by Algorithm 2 slightly increases
with the increase in the number of channels.

An interesting extension of this work is to investigate the possi-
bility of developing Aol-aware order-optimal learning algorithms
for the multi-source system setting in which each source is asso-
ciated with an Aol process. The study of this multi-source setting
adds another layer of complexity to the analysis related to schedul-
ing the status update transmissions from different sources. It would
also be interesting to extend the proposed algorithms in this paper
to account for the possibility of having: i) stochastic status update
arrivals at the source node(s) [2], and ii) time-varying unknown
cost functions of Aol [24].
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