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Abstract. Mobile Edge Computing (MEC) is a technology that enables
on-demand the provision of computing and storage services as close to
the user as possible. In an MEC environment, frequently visited con-
tent can be deployed and cached upon edge servers to boost the effi-
ciency of content delivery and thus improving user-perceived experience.
However, due to the dynamic nature of MEC, it remains a great chal-
lenge how to fully exploit mobility information in yielding high-quality
content caching decisions for delay-sensitive real-time mobile applica-
tions. To address this challenge, this paper proposes a novel mobility-
aware caching method by leveraging a Multi-Agent Deep Reinforcement
Learning-Based (MAACC) Approach model. The proposed method syn-
thesizes a content fitness algorithm for estimating the priority of caching
content with high user fitness and a collaborative caching strategy built
upon a multi-agent deep reinforcement learning model. Empirical results
clearly show that MAACC outperforms its peers regarding cache hit rate
and transfer delay time.

Keywords: Mobile Edge Networks · Cooperative Caching · Content
Fit · Multi-agent Deep Reinforcement Learning · Mobility

1 Introduction

The exponential growth of data traffic generated by Internet of Things (IoT)
devices, coupled with the increasing number of resource requests from users using
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smart mobile devices (SMD), has posed new challenges to the traditional cloud
center model [1]. In the conventional cloud center model, when users request
resources from the cloud center, the data needs to be transmitted to the users
via backhaul links, resulting in significant content transmission delays that neg-
atively impact the quality of user experience (QoE) [2]. MEC is a technology
that extends computing and storage resources to the network edge [3]. It deploys
these resources as close to the user’s request as possible, typically on edge servers
or base stations owned by network operators. As a result, when users initiate
requests, the required computing and storage services can be responded to from a
location closer to the users, rather than from traditional cloud centers, reducing
the distance and time for data transmission.

Despite the advantages of MEC, its highly distributed and dynamic nature,
coupled with heterogeneous preferences, service requests, and mobility, presents
a challenge in simultaneously ensuring high cache utilization and high user sat-
isfaction. As a result, using reinforcement learning to determine cache strate-
gies has become a popular approach [4]. Reinforcement learning continuously
adjusts cache decisions and gradually optimizes cache strategies through inter-
actions with the environment and real-time feedback. It allows for trial-and-error
learning during practical execution, identifying effective cache decisions based on
received reward signals, and continually refining the strategy to enhance perfor-
mance. However, in real-world scenarios involving complex interactions among
multiple edge servers and mobile users, single-agent reinforcement learning may
not effectively capture all variations and interactions, leading to performance
limitations [5]. On the other hand, multi-agent reinforcement learning allows
each edge server and mobile user to be treated as an independent agent, capable
of collaborating or competing [6]. Through interactions with other agents, each
individual agent can perceive more environmental information and actions taken
by other agents, enabling more accurate decision-making.

Taking all these factors into account, we introduce a new mobile-aware
caching approach utilizing multi-agent deep reinforcement learning. This method
combines a content fitness algorithm to predict the priority of caching content
that suits the user’s preferences and a collaborative caching strategy built upon
a reinforcement learning model. We conducted extensive simulations to demon-
strate its capabilities and advantages over traditional methods.

2 Related Work

In recent years, content caching in the MEC environment has received significant
attention as a critical research field both domestically and internationally. This
technology is widely recognized as a potential solution for reducing data traffic
by deploying popular content locally and thus enabling the server to deliver the
content directly to users upon request with greatly reduced latency and network
congestion. A series of various MEC caching strategies have been proposed.

Xia et al. [7] investigated collaborative caching in edge computing environ-
ments, formulated it as a constrained optimization problem, and proposed an
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online algorithm for caching decisions. Zhao et al. [8] considered MEC caching
mechanisms over vehicular networks and aimed at improving the cache hit rate.
Recently, personalized caching has also gained considerable attention. Zeng et
al. [9] proposed a heuristic intelligent caching algorithm that prioritizes con-
tent according to user behavioral preferences, based on the historical request
count of the corresponding content. Shu et al. [10] formulated the decision prob-
lem into a collaborative cache optimization model by a collaborative caching
(GPCC) method considering group preference and popularity. Then a heuris-
tic algorithm is employed to yield high-quality content placement schedules.
Recently, mobility-aware MEC caching drew considerable research interest as
well. Musa SS et al. [11] provided a mobility-aware active caching solution for
an Information Center Network (ICN) generating caching decisions for the max-
imization of network performance and the reduction of transmission latency.
Wei et al. [12] predicted the target locations of users and fed predicted trajecto-
ries into a caching decision algorithm for yielding cache placement schedules with
low response times. Due to the model scale and complexity of the MEC caching
problems, deep reinforcement learning algorithms such as Q-learning [13], are
recently used and have shown high potency in dealing with related optimiza-
tion problems. Jiang et al. [14] introduced a multi-agent reinforcement learning
(MARL) algorithm to address the collaborative content caching problem. The
approach is built upon a multi-agent multi-armed bandit model. While the uti-
lization of multi-agent deep reinforcement learning enables experience sharing
among agents to enhance learning efficiency, it does not fully take into account
the mobility patterns of users, which represents a limitation of the method.
Zhong et al. [15] presents system models for both centralized caching system
and decentralized caching system. They proposed a deep learning-based actor-
critic learning framework to optimize content delivery latency. However, unlike
this paper, their system models are static in nature. Song et al. [16] proposed
a single-agent learning mechanism to optimize the cooperative shared caching
model for static users in the MEC environment. Compared to single-agent deep
reinforcement learning, which often focuses on the learning of a single agent in an
isolated environment, multi-agent deep reinforcement learning has the advantage
of better leveraging the potential for cooperation among multiple agents. This
paper proposes a collaborative caching strategy based on a multi-agent deep rein-
forcement learning model, which leverages the benefits of collaboration, division
of labor, and learning efficiency.

3 System Models

3.1 System Model

In this paper, we configured an MEC environment where one mobile user is con-
nected to one MEC server. The edge computing system models contain caching
and mobility two parts. The architecture describes the process of reducing user
request latency and optimization to improve cache hit rates in scenarios where
users are moving at high speeds.
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Fig. 1. Edge computing system model.

Each base station in the system (as shown in Fig. 1) is equipped with an
edge server that performs computing and caching tasks. The cache size is D
and the computing capacity is F (in CPU cycles per second). Edge servers are
inter-connected through a wireless network with a bandwidth of ω. Base stations
connect to the cloud via a backhaul link. A mobile user first sends a request to
the base station, which performs a search in the local cache. If the content is
locally available, it is directly sent to the mobile user; otherwise, the base station
requests the content from neighboring base stations. If there is still no data, it
sends a request to the cloud center.

3.2 Cache Model

In an MEC environment, when users send computation requests, local nodes,
edge nodes or cloud servers can all respond and provide required computation
services. If a local computation fails to meet the resource request, this request
will be forwarded to the nearest server. When both local and edge computations
fail to meet, the request is forwarded to the cloud. Handling times of these
occasions differs and can be calculated as follows:

– Local calculation:

Tlocal =
m∑

i=1

n∑

j=1

W t
bsi,uj

· Sf

Cbsi

(1)
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where W t
bsi,uj

denotes the requests generated from the ith base station to the
jth user at t time, Sf the size of its request content and Cbsi

the processing
capacity of the ith base station.

– Edge server calculation:

Tneighbor =
m∑

i=1

n∑

j=1

W t
bsi,uj

· Sf · dbsi,uj

Cbsi

(2)

where dbsi,uj
denotes the distance of communication between the base station

and the jth user.
– Cloud server calculation:

Tcloud =
m∑

i=1

n∑

j=1

W t
bsi,uj

· Sf · dcloud,uj

Cbsi

(3)

where dcloud ,uj
represents the distance between the cloud and the uth user.

In an MEC environment, the mobile devices connect to the edge server
through a wireless channel. We define the mobile user uj to transmit data at a
rate of Rt

bsi,uj
, to the base station bsi in time slot t, denoted as:

Rt
bsi,uj

= υlog2(1 +
Gbsi,uj

·Pbsi,uj

σ2 ), 0 < Pbsi,uj
≤ Pmax

bsi,uj
(4)

where, Gbsi,uj
represents the channel gain from mobile user uj to base station

bsi, measured in dB. σ2 denotes Gaussian white noise. Rbsi, uj
t represents the

transmission power between mobile user uj and base station bsi. The maximum
transmission power between mobile user uj and base station bsi is defined as
Pbsi, uj

max. These parameters play a crucial role in the communication process.
Therefore, the communication time between mobile user uj to base station

bsi is expressed as:

Tcomm = Rt
bsi,uj

· dbsi,uj
, 0 < dbsi,uj

≤ dmax (5)

The time delay incurred by the mobile user when requesting content depends
on the location of the requested content, local base station, nearby base station
or appearance time in the cloud. The delay time is as follows:

– Local Caching: The time delay is considered to be 0 when the cached content
is available to be requested at the local base station.

T dylocal = 0 (6)

– Edge Cooperation: When the cached content does not exist at the local base
station but can be requested at the neighboring base station, the transmission
delay time can be expressed as follows, assuming the base station has the same
transmit power:

T dyneighbor =
m∑

i=1

n∑

j=1

W t
bsi,uj

· Sf · θw

Rt
bsi,uj

(7)
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where θw represents the ratio between the amount of data contained in the
request Wbsi,uj

sent by the user uj to the base station bsi at time slot t and
the amount of data returned by the base station in response to the request.

– Cloud Fetching: When a user requests resources cached in the cloud, the
content must be transmitted to the user through a backhaul link, leading to
an increase in time delay.

T dycloud =
m∑

i=1

n∑

j=1

W t
bsi,uj

· Sf · θw

Rcloud
(8)

where Rcloud represents the transmission rate of the backhaul link between
the cloud and the base station.

3.3 Mobility Model

Assume that the mobility of a mobile user follows an arbitrary pattern, where
the direction and angle of movement are time-varying. Thus the user’s path is
expressed in terms of latitude and longitude as follows:

Lt
ui

= {lonui
(t) , latui

(t) } (9)

Lt
ui

denotes the moving trajectory of the ith user in time slot t. Where latui
(t)

denotes the longitude point of the mobile trajectory of the ith user in time slot
t, and lonui

(t) denotes the latitude point of the mobile trajectory of the ith user
in time slot t.

4 Cache Scheme

4.1 Problem Formulation

In MEC-based network architectures, where users are moving at high speed
and placed in the cache using various policies, our objective is to minimize the
content delivery latency. Therefore, the caching problem can be formulated as
an optimization process with the following goal:

F1 : Tmin = min
s

1
m

1
n

m∑

i=1

n∑

j=1

α1 (λ1Tlocal + λ2Tneighbor +λ3Tcloud ) + α2Tcomm

+α3 (η1T−dylocal + η2 T−dyneighbor + η3T−dycloud )
(10)

s.t. C1.
∑n

j=1 W t
uj

· Sf ≤ D ∀ j ∈ [1, n]
C2. T dy ≤ T dymax

C3. 0 < duj
≤ dmax ∀ j ∈ [1, n]
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where, λ1, λ2, λ3 denote the weight respectively in the local base station, proxim-
ity base station, and computation time delay of cloud generation; η1, η2, η3 denote
the weight when the local base station, proximity base station, and transmission
time delay of content generation in the cloud; α1, α2, α3 denote the weight when
the computation model generates time delay and the weight when the content
transmission generates time delay. The weight value constraints are

(a) λ1 + λ2 + λ3 = 1 λ1, λ2, λ3 ∈ (0, 1)
(b) η1 + η2 + η3 = 1 η1, η2, η3 ∈ (0, 1)
(c) α1 + α2 + α3 = 1 α1, α2, α3 ∈ (0, 1)

The set s represents all rational caching strategies. Constraint C1 ensures that
the size of the content requested by the user cannot exceed the capacity size of
the edge server. Constraint C2 represents a delay time duration constraint that
ensures that the upper limit of requested time is the maximum allowable delay
time. Constraint C3 indicates the maximum distance of the user request content.

4.2 Multiple DRL Agents

The idea behind reinforcement learning is based on mutual learning between an
intelligent agent and its environment. Through continuous attempts, the agent
learns to determine the best behavior. In this paper, we use a multi-intelligent
deep reinforcement learning framework, and partially incomplete observable rein-
forcement learning problems can be modeled as Partially Observable Markov
Decision Processes (POMDP) [18] modeled as a six-tuple {S,A,R, P, ζ, δ}. S
represents the set of states, A denotes the set of actions, R represents the reward
function, and P corresponds to the state transition probability matrix.

P =

⎡

⎢⎣
P11 · · · P1n

...
. . .

...
Pn1 · · · Pnn

⎤

⎥⎦

In this context, ζ refers to the set of observations, while δ represents the set
of observation probabilities. The state, action, and reward can be defined as
follows:
1) State: The state space reflects the state of the mobile user’s environment. In
multi-agent systems, the set of the proxy is defined as Ag = {ag1,ag2,....,agn},
agi = {infoi,neighbori,CNi}, infoi refers to the content caching status of agent
i, neighbori signifies the content storage status of neighboring nodes for agent
i, CNi represents the predicted content for the next moment, acquired using
Algorithm 1. Each agent determines its own independent caching decisions
through actions and global state Πagi

and estimate the strategy of other agents
Πagj

, the global optimal strategy Π is finally determined.
2) Action: The action set represents the current edge server’s decision on whether
to cache the content fitness resources or not. Since the number of users served
by each base station is variable, the number of resources arriving at the base
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station in the same time slot varies, and consequently, the action space size of
each agent also varies. Notation of the action set as AC = {Act

c, Act
r}, where

Act
c represents the caching action, Act

c = {Act
c1, Act

c2, ..., Act
cr}, Act

ci represents
whether the current base station caches the ith content in CN ; Act

r represents
the replacement action, the content should be replaced with the content of the
resource with lower content fitness.
3) Reward: The reward function is primarily designed to minimize content deliv-
ery latency Tmin, and the reward value increases when the action satisfies the
request.

Fig. 2. Caching behavior of edge servers when users move.

4.3 Adaptation Resource Forecast

Content fit is defined as the degree to which content is suitable for the user,
serving as a metric to assess the alignment between content and user demands.
A higher content fit indicates that the cached content better matches the user’s
requests, thus enhancing user experience and system performance. Based on
the characteristics of user requests, we outline the features of user-requested
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content and propose a predictive method for content fit. The detailed algorithm
is presented in Algorithm 1.

Algorithm 1. Content fit algorithm
1: K : Content type
2: T = {t0, t1, ..., tn}: Time period T is then divided into n time slots
3: fk (t): Access content
4: Rfk(tm): Number of requests for the corresponding content
5: P tm

fk
: Content fitness

6: Chak(tm): Retrieve the relevant attributes of the content
7: Sk: Content feature adaptation degree
8: Collect historical request data from users during time period T, including user IDs,

timestamps, and requested content information.
9: for each ui ∈ Users do

10: P tm
fk

=
Rfk

(tm)
∑

k Rfk
(tm)

11: Predict P̂ tm+1
fk

from
{

P t0
fk

, P t1
fk

, . . . , P tm
fk

}

12: P̂ tm+1
fk

for fk (tm + 1)

13: Predict f̂k(tm + 1)

14: Predict ̂Chak(t + 1) from f̂k(tm + 1)

15: Calculate Sk =

√∑
k θk(̂Chak(tm + 1) − Chak(tm))2

16: Calculate Pfk(tm + 1) =

∑N
i=0 Sk,i,P

tm
fk,i

N

17: Uploads P tm
fk

to the local BS
18: end for
19: Content suitability assessment and selection for inclusion in CN .
20: return CN

The content fitness P tm
fk

is defined as the proportion of requests for a spe-
cific content at time slot tm to the total number of user requests. It reflects the
proportion of this content in user requests, and a higher content fitness value
indicates that the content is more popular among users, as it occupies a larger
proportion in user requests. Useful content features are extracted from historical
request data and cache content properties, denoted as Chak(tm). These features
mainly include content characteristics preferred by users, such as content type
and size. Sk represents the predicted similarity of content features, helping to
predict the similarity between different content features by calculating a simi-
larity score between them. The relevant formulas are shown in Algorithm 1.

The entire process can be summarized as follows: By predicting the content
suitability value for the next moment. P̂ t+1

fk
, predicting the characteristics of

the next moment of content Ĉhak(t + 1), the predicted content for the next
moment is obtained by calculation f̂k (t + 1) and the fitness of the content fk (t)
content suitability for the next moment can be determined P t+1

fk
, from there, the

corresponding content can be determined fk (t + 1).
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4.4 Multi-Agent Actor-Critic Algorithm for Content Caching

Algorithm 2 is known as MAAC-based Cooperative Cache Algorithm (MAACC).
When mobile users send requests, the MEC node simultaneously receives the
requests and their features. It then provides the current cache status to the
actor network, allowing cache operations to be obtained within the current time
slot. After executing actions based on the policy, each agent receives rewards
and the next state, and the information received from the environment is stored
as a history for future reference. The decision process of the caching policy is
shown in Fig. 2: 1) Users move according to the model and send requests and
interested content to the MEC node, where the interested content is predicted by
Algorithm 1; 2) The system state is observed, and actions are guided according
to the corresponding rewards; 3) Based on reward signals and the current system
state, the algorithm generates the final collaborative caching decision, guiding
cache operations on edge servers to maximize cache hit rate and user satisfaction.

Algorithm 2. MAACC algorithm
Input: Number of iterative rounds T, t = 1, number of steps per turn, learning rate

δ, discount Factor γ, actor-critic network structure.
1: Initialization: Initialize system parameters, hyper parameters, edge server cache

space, mobile user cache space, and initialize a random process for action explo-
ration.

2: for each episode do
3: for each t < T do
4: MEC receives user requests
5: Observe the state of this cache for each agent
6: Input all the states into the actor network to get action
7: Choose the right action for each agent
8: Execute the action to store the received reward value and the new status

information in the history
9: t = t + 1

10: end for
11: Store the event set for each agent
12: update the target network using the formula
13: Update content properties and cache state
14: Update network parameters
15: end for
Output: Optimal strategy Π

5 Performance Evaluation

5.1 Parameters Setting

We perform simulations and compare the proposed approach with other exist-
ing solutions. The simulation configuration utilized the Shanghai Telecom
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dataset [19], which comprises more than 7.2 million records of content access
events recorded from 3,233 edge stations and 9,481 mobile users over a span of
six months, along with corresponding mobile traces. Movielens 1M [20] dataset
simulates the content requests from different mobile users. Randomly match a
user trajectory from the Shanghai Telecom dataset to each user in the Movielens
1M dataset. Figure 3 shows the distribution location of edge nodes in Shanghai.
Figure 4 is an example recording the trajectory of a taxi in the city heart of
Shanghai. We use Python to implement the proposed MAACC method. The
relevant parameters are shown in Table 1.

Fig. 3. Blue coordinate icons represent each edge node in Shanghai’s downtown area
showing the general distribution of the whole network. (Color figure online)

5.2 Comparison Algorithms

MAACC is compared against the following benchmark algorithms: Thompson
sampling (TS) [21], Random Selection Algorithm (RSA) [22], Greedy Algorithm
(GA) [23], and the Multi-Agent caching strategy MARL [14].

5.3 Performance Analysis

For performance analysis, we set up an environment where each base station was
equipped with an edge server. Different base stations cached corresponding con-
tents according to corresponding caching strategies to test the resource requests
of mobile vehicles.
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Fig. 4. The green lines represent the route trajectory of a taxi in the city heart of
Shanghai on a certain day. (Color figure online)

Table 1. Parameter table

Parameter Value

Number of users 30

Coverage radius (m) 100–200

Basic Transfer Data Size (KB) 8

Basic run time per task (ms) 20

Total bandwidth (Mbps) 50

Number of rounds of training 30

Size of cache 0–500

The number of local epochs 10

Local batch size 50

Actor and critic learning rate 0.001, 0.0005

Network update rate 0.01

Discount 0.9

As shown in Fig. 5, different kinds of applications are represented by different
shapes, such as triangles, prototypes and squares. Different colors indicate the
resources cached by different edge servers. When the vehicle moves, the resource
hit rates of MAACC and MARL cache are higher than others, which means
the vehicle can obtain resources from the nearest base station. On the contrary,
TS/RSA/GA request resources from adjacent edge servers resulting in increased
latency.
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Fig. 5. Cached resources using different algorithms.
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Figure 6 displays the cache hit rates for various caching strategies with dif-
ferent cache capacities. With the increase in edge server capacity, the cache hit
ratio also rises. A larger cache capacity allows for more resources to be cached,
which increases the likelihood of mobile users obtaining resources from local
and nearby edge servers. This results in a higher hit ratio. And MAACC beats
TS/RSA/GA/MARL by 22.2%/37.6%/15.2%/12.8%, respectively.

Figure 7 reveals the request latency for different caching strategies with dif-
ferent cache capacities. Among them, the MAACC method has lower latency
compared to other methods. As the cache capacity of the edge server increases,
the resource transfer latency for all cache strategies decreases. Indeed, the larger
cache capacity contributes to a higher cache hit ratio for the edge server, increas-
ing the likelihood of mobile users obtaining resources from local and neighbor-
ing servers. As a result, the resource transmission delay is reduced, leading to
improved performance in delivering content to users.

Figure 8 compares the cache hit rates of MAACC and MARL in different
rounds when the edge server capacity is 300. Within 30 rounds, the MAACC
scheme achieves an average cache hit rate of 54.02%, which is 22.85% higher than
the MARL scheme. This indicates that the proposed MAACC scheme in this
paper slightly outperforms the MARL scheme, and the reason for the improved
cache hit rate is that the MAACC scheme takes into account the mobility of
users and selects suitable content for caching.

Fig. 6. Cache hit rates of MAACC/TS/RSA/GA/MARL under different cache capac-
ities.
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Fig. 7. Request latency of MAACC/TS/RSA/GA/MARL under different cache capac-
ities.

Fig. 8. Hit rate of MAACC and MARL under identical capacities but different rounds.
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6 Conclusion

This paper primarily investigates the challenge of high-speed moving resource
caching in the MEC environment and proposes a collaborative caching scheme
MAACC based on a multi-agent deep reinforcement learning algorithm. Experi-
mental results demonstrate that this method effectively improves cache hit rate
and reduces content transmission delay. Moving forward, we intend to explore
the impact of edge node failures during resource caching and integrate a check-
point algorithm to proactively remove untrusted edge nodes, aiming to further
optimize the caching strategy in MEC environments.
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