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Abstract—Thetemporalnatureofdata inInternetofThings(IoT)
networks necessitates periodic updates of cached content at edge
devices, while multicasting dynamic content can enhance network
efficiency. This paper addresses the challenge of joint cache updat-
ing and multicast scheduling in a cache-enabled, queue-equipped
small base station (SBS) with limited cache capacity, which accesses
a macro base station (MBS) to download (update) uncached
(cached) content and serves requests through multicasting. We
formulateatwo-stageoptimizationproblemtominimizetheaverage
age of information (AAoI) per request, subject to constrained
average queueing delay and access rate. The first stage employs
the Lyapunov drift-plus-penalty method at the SBS to schedule
multicasting and downloading (updating) uncached (cached) con-
tent. The second stage, implemented at the MBS, leverages deep
reinforcement learning (DRL) to determine the content replace-
ment policy. Simulation results show that the DRL-based cache
replacement policy yields up to 50%, 59%, and 60% improvements
in AAoI compared to the maximum age, least-recently-used, and
least-frequently-used baseline policies, respectively.

Index Terms—Age of information, edge cache updating, Lya-
punov optimization, deep reinforcement learning, multicasting.

I. INTRODUCTION

Edge caching is widely recognized as a pivotal strategy for
managing the increasing traffic demands from smart devices and
mobile Internet services in emerging wireless networks. During
low-traffic periods, popular content is cached at the edge and
accessed during peak hours [1], [2]. However, the proliferation
of real-time applications such as traffic reports and news feeds
has necessitated more dynamic content handling. To ensure users
receive up-to-date content and avoid serving stale data, timely
updates to cached content are imperative. The freshness of
content is typically quantified using the age of information (AoI)
metric, which measures the time elapsed since the latest version
of the content was generated [3].

Edge caching networks face two notable limitations. Firstly,
the access rate to a global library containing fresh content, such
as a macro base station (MBS), is limited, which directly affects
content freshness. Secondly, the finite cache capacity at local
caches, such as a small base station (SBS), requires careful
decisions regarding the utilization of access opportunities, either
for downloading uncached content or updating aged cached
content. Several studies have explored AoI-aware cache updating

policies under such constraints. To minimize the average AoI
(AAoI) in a single cache with limited updating rates, the authors
of [4] prove that the updating frequency of each content should
be proportional to the square root of its popularity. The same
problem is addressed in [5], where update intervals are assumed
to depend on the files and their age. In contrast, the authors of [6]
introduce stochastic content refreshing for the global library.
In [7], the authors propose a Markov decision process (MDP)-
based solution to minimize cache age, considering updating costs
while ensuring timely user service. Under limited cache capacity,
the authors of [8] reveal that caching decisions hinge on content
popularity, while eviction times are linked to content age.

The above efforts ([4]–[8]) assume the instantaneous serving
of requests for different contents without accounting for trans-
mission delays. However, content delivery consumes both time
and bandwidth resources of the local cache. Studies such as
[9]–[11] address transmission delays by buffering requests for
various contents in single or multiple queues. Nonetheless, in
practical scenarios, multiple requests for the same content may
arrive at the local cache, allowing concurrent servicing by multi-
casting the associated content. This reduces overall latency and
delivers fresher content to end-users. For instance, in a streaming
platform where multiple users request to watch the same movie
or TV show, the local cache can efficiently serve the content to
all users simultaneously, eliminating the need for multiple server
accessesandreducingbuffering time.Multicasting isparticularly
valuable for dynamic-content group delivery [12] and is also em-
ployed to ensure user privacy in status-updating networks [13].
In [14]–[16], the authors explore multicast scheduling for cached
networks with static content to minimize the average delay and
power costs of cellular networks with and without cache replace-
ment. However, to the best of our knowledge, the efficacy of
age-aware multicast scheduling in cache-limited edge networks
remains unexplored.

To address this research gap, we examine an edge caching
network consisting of an MBS and a cache-enabled SBS catering
to users’ requests. Our analysis incorporates various constraints,
including the MBS’s limited access rate, the SBS’s cache capac-
ity, and bounded average waiting times for requests. We propose
a two-stage age-aware strategy to optimize multicasting, content
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Fig. 1. Schema of the system model where the SBS decides on which request
queue to serve/update and the MBS deals with the cache content replacement.

updating, and replacement. In the initial stage, we deploy a
lightweight optimization approach driven by Lyapunov drift-
plus-penalty criteria at the SBS to schedule multicast transmis-
sions and make content update and download decisions. Sub-
sequently, content replacement decisions are made at the MBS
using deep reinforcement learning (DRL), leveraging informa-
tion from the SBS. This stage is implemented at the MBS since,
in many real-world scenarios, the MBS oversees cache content
placement at SBSs. Simulation results corroborate the superior-
ity of our DRL-based cache replacement method over existing
policies such as maximum age (MA), least-frequently-used
(LFU), and least-recently-used (LRU).

The restof thepaper isorganizedas follows.Section IIpresents
the system model and problem formulation. The two stages of the
proposed optimization problem are detailed in Sections III and
IV, respectively. Simulation results are discussed in Section V.
Finally, conclusions are drawn in Section VI.

II. SYSTEM MODEL DESCRIPTION

We consider a single-cell edge caching network comprising
one MBS and one SBS, as depicted in Fig. 1. The network con-
tains a content library C = {1, 2, . . . , N}withN fresh contents,
all accessible by the MBS. The SBS is equipped with a cache
capable of storing M (M < N ) contents. At the outset of each
time slot t, we designate Ct and C̄t as the sets of cached and
uncached content indices, respectively, such that |Ct| = M and
|C̄t| = N − M . The SBS, responsible for handling requests,
managesN queuesQ = {Qi}, each containing user requests for
content i ∈ C. During each time slot, the SBS can multicast the
requested content from only one queue, thereby emptying the
respective queue. Additionally, in each time slot, it can either
update one cached content or download one uncached content,
with the downloaded content potentially replacing a cached one
or being discarded. In what follows, we characterize the age of
the contents and the dynamics of the queues and the cache based

TABLE I
SUMMARY OF SYSTEM NOTATIONS

Notation Definition

C Library with N content files.
Ct (C̄t) Index set of cached (uncached) contents in the

SBS cache of size M at time t.
Q={Qi},∀i∈C User request queues, each of capacity Bi.
At = {At

i}, ∀i ∈
Ct

Age set of cached contents at time t.

A′t
i Age of content i multicast at time t.

αt
i (µ

t
i) Decision r.v. for updating/downloading (multi-

casting) content i at time t.
qti Number of pending requests in Qi at time t.
λt
i Number of requests entering Qi at time t.

γt
i Action taken with respect to content i at time t.

Āw Weighted AoI.

on the aforementioned decisions. Table 1 summarizes the key
notations used in this section.

Since the SBS can update or download only one content per
time slot, it follows that the contents are not consistently fresh at
all times. Hence, we define the set At={At

i}i∈Ct
to contain the

ages of the cached content at the onset of time slot t. Furthermore,
let the binary random variable (b.r.v.) αt

i indicate whether or not
content i has been updated (or downloaded) for the cases i∈Ct
or i∈C̄t, respectively. As a result of this, we have

∑N
i=1α

t
i≤1,

and for i ∈ Ct, At
i evolves as:

At+1
i = At

i

(
1− αt

i

)
+ 1. (1)

Evidently, (1) implies that At
i increases linearly if αt

i = 0.
We define the b.r.v. µt

i to indicate whether content i is multicast
during time slot t, such that

∑N
i=1 µ

t
i=1. Also, let qti denote the

number of pending requests in Qi at the beginning of time slot
t. Thus, qt+1

i can be expressed as:

qt+1
i = min

{
qti

(
1− µt

i

)
+ λti, Bi

}
, (2)

where λti is the number of requests enteringQi at time slot t and
Bi is the size of Qi. We assume Bi to be sufficiently large to
prevent any request dropouts. When µt

i = 1, we define A′t
i as

the age of content i received by all pending requests inQi at the
end of time slot t, which can be formulated as:

A′t
i =

{
At

i (1− αt
i) + 1; if i ∈ Ct,

1; if i ∈ C̄t.
(3)

In (3), we assume that updating is completed prior to multicast-
ing, and it takes significantly less time compared to the duration
of a time slot. Moreover, the age of content delivered to the users,
regardless of its freshness, increases by one unit since one slot
duration is required for each transmission. Upon downloading
uncached content from the MBS, it may replace one of the
existing contents at the end of the time slot t. To formulate this
process, let γti ∈ Ct ∪ {0} denote the action to be taken in case
of αt

i = 1 and i ∈ C̄t. The value of γti =0 implies that content
i is discarded after being multicast, while γti = j indicates that



content iwill replace the existing content j ∈ Ct. Consequently,
the evolution of the content set Ct can be characterized as:

Ct+1=

{
{Ct \ j} ∪ {i}; if µt

i = 1, i ∈ C̄t, γti = j,

Ct; if otherwise.
(4)

Note that for the newly cached content, At+1
i takes the value

of one, while for the rest of the contents, it is calculated using (1).
Given this setting, we aim to optimize the variables {µt

i, α
t
i, γ

t
i}

over all time slots to minimize the average age of delivered
contents per request, which we denote by Ā. Thus, the above
objective can be formally expressed as:

Ā = lim
T→∞

∑T
t=0

∑N
i=1 q

t
i A

′t
i µ

t
i∑T

t=0

∑N
i=1 q

t
iµ

t
i

. (5)

Assuming the stability and sufficient size of the queues to pre-
vent packet drops, the denominator of (5) can be reduced to λT
for sufficiently large values of T , where λ denotes the aggregate
arrival rate of requests to the SBS (

∑N
i=1 λi), and is taken to be

an unknown constant. Therefore, minimizing Ā is equivalent to
minimizing the weighted AAoI, denoted by Āw, and is given as:

Āw = lim
T→∞

1

T

T∑
t=0

N∑
i=1

qti A
′t
i µ

t
i. (6)

We now impose constraints on the update rate at the SBS and
the average delay of pending requests inQi. The former is upper
bounded by some constant D as below:

lim
T→∞

1

T

T∑
t=0

N∑
i=1

αt
i ≤ D. (7)

Using Little’s law, constraining the latter translates to setting an
upper bound on the average queue length as shown below, where
di denotes theaveragewaiting time threshold in the requestqueue
for content i:

lim
T→∞

1

T

T∑
t=0

qti ≤ di, ∀i ∈ C. (8)

In the subsequent sections, we propose a solution to minimize
(6) subject to (7) and (8) using two decision-making agents. The
first agent, referred to as the inner agent, is deployed at the SBS
and leverages Lyapunov optimization to determine the optimal
values of {µt

i, α
t
i}. The second agent, called the outer agent,

resides at the MBS, and based on the feedback received from the
inner agent, employs DRL to compute the optimal {γti} values.
Put simply, in each time slot, the inner agent chooses the queue
to serve and the content to update or download. If downloading
occurs, the outer agent specifies whether the downloaded content
should replace a particular cached content or be discarded.

III. INNER AGENT: LYAPUNOV OPTIMIZATION

In this section, we focus on the Lyapunov drift-plus-penalty-
based online policy adopted by the inner agent to jointly schedule
content multicasting and updating/downloading. The inner agent
receives Ct, At, and {qti} in time slot t, and finds the optimal
{µt

i, α
t
i} values that minimize Āw with respect to (7) and (8). To

introduce the Lyapunov drift, we first define virtual queues Zu

and Zi, ∀i ∈ C, corresponding to constraints (7) and (8) as
follows, where ztu and zti denote, respectively, the lengths of Zu

and Zi at the onset of time slot t:

zt+1
u = max{ztu −D, 0}+

N∑
i=1

αt
i, (9)

zt+1
i = max{zti − di, 0}+ qt+1

i . (10)

Note that stabilizing the queues in (9) and (10) leads to satis-
fying constraints (7) and (8), respectively. By denoting Zt =
{ztu, {zti}} to be the status of virtual queues, the Lyapunov func-
tion and Lyapunov drift, L(t) and ∆L(t), can be defined as:

L(t) ≜
1

2

N∑
i=1

(zti)
2 + (ztu)

2, (11)

∆L(t) ≜ E [L(t+ 1)− L(t)|Zt, Ct,At] . (12)

On the other hand, the drift-plus-penalty criteria is defined as
follows, where V > 0 is a chosen constant:

Θ(t) = ∆L(t) + V

N∑
i=1

qti A
′t
i µ

t
i. (13)

Minimizing the drift and penalty terms in (13) leads to serving
longer queues with less number of updates and shorter queues
with lower ages, respectively, which signifies the trade-off be-
tween the queueing delay and AoI. Using the Lyapunov theorem
in [17], the upper bound on Θ(t) can be obtained as:

Θ(t) ≤ B − ztuD −
N∑
i=1

zti
(
di − qti − λti

)
−

N∑
i=1

zti q
t
i µ

t
i

+ ztu

N∑
i=1

αt
i + V

N∑
i=1

qti A
′t
i µ

t
i, (14)

whereB= 1
2

∑N
i=1(d

2
i +B

2
i )+

1
2 (D

2+1). Rather than optimize
Θ(t) directly, we minimize the upper bound given in (14). Doing
so minimizes the last three terms in (14) that are functions of µt

i

and αt
i. Thus, the cost function ψ(t) is given as:

ψ(t) =
N∑
i=1

qti µ
t
i

(
V A′t

i − zti
)
+ ztu α

t
i. (15)

The online policy of the inner agent, used in Algorithm 1 for
decision-making, is introduced in Proposition 1 below.

Proposition 1. Define the subsets St
u≜{i ∈ Ct|ztu < V qti A

t
i}

and S̄t
u≜Ct \ St

u. Also, derive content indices l and m as l=
argmini∈St

u∪C̄t
{qti(V − zti)} and m=argmini∈S̄t

u
{qti(V (1+

At
i)− zti)}. The optimal policy minimizing (15) performs as:

(i) If the inequality ztu < q
t
m (V (1+At

m)−ztm)−qtl (V −ztl )
holds, then it sets µt

l=1. Otherwise, it sets µt
m = 1.

(ii) If µt
l = 1, then it sets αt

l = 1.
(iii) If µt

m = 1, then it sets αt
m = 0.

Proof. Assuming that µt
i=1 for a certain i∈Ct, we compare the

cost functionψ(t) in two scenarios: one whereαt
i=1 and another



Algorithm 1 Decision-Making of Inner Agent at epoch k

Input: {(qtki , A
tk
i , Ctk , j), rk−1}, and t = tk.

1: Send sk = {(qti , At
i, Ct, j), rk−1} to the MBS.

2: Receive content j and γtj in return (run Algorithm 2).
3: Set Ct+1 according to (4).
4: Set µt

j = αt
j = 1, rk = 0, and u = j.

5: while TRUE do
6: Update At

u, ztu, and ztu using (1), (9), and (10).
7: Set rk = rk + qtu(A

t
u(1− αt

u) + 1).
8: Set t = t+ 1.
9: Derive u for which µt

u = 1, and αt
u using Proposition 1.

10: if u ∈ C̄t then
11: Set tk+1 = t and run Algorithm 1 for epoch k + 1.

whereαt
j=1 for some j ̸= i, which correspond toqti

(
V−zti

)
+ztu

and qti
(
V (1 + At

i) − zti
)
+ ztu, respectively. This comparison

reveals that if one content is going to be updated, then content i
must be updated (i.e., αt

i=1). Therefore, given µt
i=1, we must

decide betweenαt
i=0 andαt

i=1. Comparing the corresponding
cost functions in these two cases, which are qti (V − zti) + ztu
and qti (V (At

i + 1) − zti), respectively, indicates that content i
is updated before being multicast (i.e., αt

i=1) only if it satisfies
ztu<V q

t
i A

t
i. Hence, the contents in sets St

u and C̄t receive fresh
updates when served, while those in S̄t

u use the cached copies.
Thus far, we have determined αt

i given that µt
i =1. Now, we

need to decide on{µt
i}. We initially select the candidate multicast

contents l andm from the sets St
u ∪ C̄t and S̄t

u, respectively. For
any content i in the former set, where αt

i = 1, the associ-
ated cost is ψ(t)|1i = qti

(
V − zti

)
+ ztu. Consequently, l =

argmini∈St
u∪C̄t

ψ(t)|1i, as indicated in Proposition 1. In a simi-
lar manner, the cost associated with any content i in the second set
isψ(t)|2i=qti

(
V (At

i+1)−zti
)
. Thus,m=argmini∈S̄t

u
ψ(t)|2i

as per Proposition 1. Finally, by comparing the costs ψ(t)|1l and
ψ(t)|2m, which leads to the inequality outlined in item (i) of
Proposition 1, we identify the content to be multicast. If µt

l=1,
then αt

l =1. Alternatively, if µt
m=1, then αt

m=0. ■

IV. OUTER AGENT: DEEP REINFORCEMENT LEARNING

The outer agent deployed in the MBS determines the cache
replacement policy, i.e., {γti}, upon receiving feedback from the
SBS (Algorithm 2). More precisely, let us define each epoch as
the time between two requests to the MBS for uncached content
files. When uncached content is requested, the SBS also sends
information to the MBS that includes sk={{qtki },Atk , Ctk , jtk}
and rtk−1

, where tk denotes the index of the first time slot of the
k-th epoch, jtk is the index of the content to be downloaded at
tk, and rtk−1

is the reward received at epoch k − 1. Using this
information, the MBS determines the value of γtkj ∈Ctk ∪ {0}
that minimizes the expectation E[

∑∞
k=0 β

tkrtk |sk], where β is
the discount factor. The SBS then updates the cache content ac-
cording to (4), as soon as it receives γtkj from the MBS. In what
follows, wefirst cast the content replacementproblem at the MBS
into an MDP and then propose our DRL-based algorithm to
minimize the weighted AAoI derived in (6).

Algorithm 2 Decision-Making of Outer Agent at epoch k

Initialization at k = 0: B, probability ϵ0, θ̂ = θ = θ0.
1: Receive sk and rk−1 from the SBS.
2: Select ak+1∈Ctk+1

∪{0} uniformly at random with proba-
bility ϵk. Else, ak+1 = argmaxa Q(sk+1, a; θk).

3: Send action ak+1 to the inner agent.
4: while θk has not converged do
5: Store the tuple (sk, ak, rk, sk+1) in B.
6: for every i-th sample in a random mini-batch from B do
7: Set yi = ri + βmaxa Q(si+1, a; θ̂).
8: Set θk = θk + ζ [yi −Q(si, ai; θk)] δθ Q(si, ai; θ).
9: Update θ̂ = θk if ⌊ k

K⌋ = 0.

A. MDP Problem Formulation

The MDP is represented by a 4-tuple (S,Γ,P,R), where each
element is defined as follows:

• State space (S): Set of all possible states, i.e., {sk}, where
sk denotes the state at epoch k.

• Action space (Γ): Set of actions that can be taken by the
MBS at all epochs, where that actions at epoch k include
γtkj ∈ Ctk ∪ {0}.

• Transition probability matrix (P): Given the current state
sk at which action γtkj is taken, the matrix P is computed
as P(sk, sk+1) = Pr

(
sk+1|sk, γtkj

)
.

• Reward function (R): The reward received at epoch k is
computed as rtk = 1

tk+1−tk

∑tk+1

t=tk

∑N
i=1 q

t
i A

′t
i µ

t
i, and is

defined as the AAoI per time slot.
A policy π is a (probabilistic) mapping from S to Γ. The

proposed MDP aims to find the optimal π∗ such that π∗ =
argminπ Eπ[

∑∞
k=0 β

tk rtk |s0], whereEπ indicates the expecta-
tion over policy π. The state and action spaces are yet quite large
in practical settings, even if we need to establish maximum values
for the AoIs to have a bounded state space. On the other hand,
the transition probabilities are determined by the environment,
which is, in fact, the inner agent, and are unavailable to the MBS.
Thus, the conventional value and policy iteration algorithms are
incapable of solving the suggested MDP. As a result, we adopt
DRL to overcome the aforementioned challenges.

B. DRL-Based Approach

The state-action value function below represents the total ex-
pected discounted reward for selecting action a in state s:

Qπ(s, a)=Eπ

[ ∞∑
k=0

βtk rtk |s0=s, γ
t0
j =a

]
. (16)

In Q-learning, the estimate of optimal Q-value function at
epoch k is updated as follows, where ζ denotes the learning rate:

Q(k+1)(sk, ak) = Q(k)(sk, ak)+ζ
[
rk+βmax

a
Q(k)(sk+1, a)

−Q(k)(sk, ak)
]
, (17)

The action at epoch k is taken by either exploiting the current
information in Q(k)(sk, ak), i.e., ak=argmina Q

(k)(sk, a), or



TABLE II
SIMULATION PARAMETERS

Parameter Value Parameter Value

(N,M) (30, 5) V 0.5

λ 10 |B| 104

D in (7) 0.3 Batch size 50

di, ∀i in (8) 15 Discount factor (β) 0.95

ϵ decrease rate 0.001 Learning rate (ζ) 0.001

by exploring the space to choose a random feasible action. In
DRL, a deep neural network (DNN) with weight θ, denoted by
Q(s, a; θ), is adopted to approximate the functionQ(s, a), and to
avoid computing (17) for ∀(s, a). Consequently, Q(k)(sk, ak) in
(17) is approximated with Q(sk, ak; θk), where θk is the weight
of the DNN at epoch k. The weight θk is updated at epoch k
through the minimization of the following loss function:

L(θk) =
(
yk −Q(sk, ak; θk)

)2
, (18)

where yk = rk+βmaxa Q(sk+1, a; θ̂) is evaluated by the target
network Q(s, a; θ̂). The weights of the target network are set to
be equal to the weights of the DNN Q(s, a, ; θ) after every K
number of epochs. Accordingly, the update formula for weights
θk is given as follows, where δθ is the gradient with respect to θ:

θk = θk−1 + ζ [yk −Q(sk, ak; θk)] δθ Q(sk, ak; θ), (19)

In Algorithm 2, the outer agent adopts ϵk-greedy strategy to
choose an action either randomly or from previous experiences
(line 3). Moreover, ϵ is configured to decrease with the number
of epochs so that the MBS may select the optimal action when
the Q-value function is estimated to converge. In addition, an
experience replay buffer, B, is used to store the experiences
(sk, ak, rk, sk+1). The outer agent then samples a mini-batch
of the experiences from memory B uniformly at random to train
the neural network (lines 7 and 8).

V. PERFORMANCE EVALUATION AND DISCUSSIONS

To assess the performance of the proposed optimization ap-
proach, we set the simulation parameters as given in Table II. We
employed the model in [18] to train the DNN structure in the outer
agent, which includes a single fully-connected hidden layer (of
size 60). We trained the network over 50, 000 epochs for a batch
size of 50, with updates to the target network occurring every
50 epochs. At each time slot, λ = 10 user requests arrive at the
SBS, where each request is associated with content i with the
popularity probability pi. The pi values are assumed to follow
the Zipf distribution with parameter αz = 1.5. To demonstrate
the effectiveness of the DRL-based method, we compared it with
the MA, LRU, and LFU baseline policies [19].

Fig. 2 compares the AAoI performance per user request (i.e.,
Āw/λ) of the proposed DRL-based algorithm with policies that
exploit three baselines as their outer agent. Note that in MA, the
downloaded content replaces the least updated content (i.e., the
content with the highest age). We observe in Fig. 2 that the DRL-
based method outperforms the LRU, LFU, and MA policies by

Fig. 2. AAoI per user request versus the number of epochs.

(a) AAoI versus M . (b) Delay efficiency versus M .

Fig. 3. Performance comparison of (a) AAoI per user request and (b) delay
efficiency for varying SBS cache sizes. Here, N = 30.

approximately 59%, 60%, and 50%, respectively. This can be at-
tributed to the fact that the baseline policies do not account for the
state of the queues. Also, similar to myopic policies, the baselines
ignore the impact of their decisions on future epochs, resulting in
lower AAoI performance. Furthermore, it is noteworthy that the
LFU and LRU policies perform worse than the DRL and MA
policies since they discard the least frequently and recently used
files regardless of their ages.

Fig. 3 depicts the variation in AAoI per request and delay
efficiency against the SBS cache size (M), where the delay effi-
ciency is defined as

∑
i pi(di− q̄i)/di, with q̄i being the average

length of queueQi. It is observed in Fig. 3a that AAoI increases
with M in all policies except LFU, where delay efficiency
improves. The latter implies that the users wait less to receive
their content. To explain these observations, note that when the
cache size is small, most contents need to be downloaded directly
from MBS. However, frequent downloads violate the constraints
set by the update frequency, as in (7). As a result, the inner agent
keeps the requests in their queues for longer periods, leading to
lower delay efficiency. On the other hand, as M increases, the
inner agent can serve the queues more frequently, albeit with
stale cached contents. This results in a higher AAoI but shorter
waiting times for the requests. Additionally, the rise in AAoI with
increasing M is notably smaller compared to the other base-
line policies, while it attains improved delay efficiency across
different M values. As M grows, the proportion of updates
increases relative to downloads. In LFU, the popularity of cached
contents leads to either lower or stable AAoI. Eventually, at larger



(a) AAoI versus M .

(b) Delay efficiency versus M .

Fig. 4. Impact of varying N and D values on (a) AAoI per user request and
(b) delay efficiency for varying SBS cache sizes in the DRL-based method.

M values, the performances of all policies converge as cache
replacement becomes less impactful.

Fig. 4 shows the impact of key parameters, namely the number
of content files (N ) and the upper bound of the update rate (D)
defined in (7), on the AAoI and delay efficiency in the proposed
DRL-based method. In Fig. 4a, it is evident that reducing the
value of N from 30 to 15 results in a considerable increase in
AAoI at various values ofM , thereby highlighting the trade-off
between caching and content freshness. Furthermore, increasing
D leads to a decrease in AAoI because more fresh content can be
downloaded from the MBS. Moreover, as depicted in Fig. 4b, the
delay efficiency increases asN decreases to 15 since more popu-
lar files can be cached, allowing pending requests related to these
contents to be served faster. This increment becomes even more
pronounced for larger values ofM . Finally, for a fixedN value,
increasingD from 0.3 to 0.5 nearly doubles the delay efficiency.
This clearly confirms the favorable impact of enhanced update
rates on the system performance in the DRL-based strategy.

VI. CONCLUSION

In this paper, we addressed the joint problem of age-optimal
content updating and multicast scheduling in an edge caching
system constrained by limited cache capacity, MBS access rate,
and average queuing delays of user requests. Our approach to the
problem is structured as a two-stage optimization process, where
an inner agent utilizes the Lyapunov drift-plus-penalty method to
optimize content updating and scheduling decisions at the SBS,
while an outer agent employs DRL for cache replacement at the

MBS. Simulation results affirm the superiority of our DRL-based
cache replacement policy over conventional caching strategies,
showcasing improved AAoI per request and delay efficiency.
Future research avenues may involve extending the optimiza-
tion framework to accommodate multiple SBSs and real-world
deployment considerations.
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