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Abstract 

With the increasing number of mobile device users worldwide, utilizing mobile edge computing (MEC) devices 

close to users for content caching can reduce transmission latency than receiving content from a server or cloud. 

However, because MEC has limited storage capacity, it is necessary to determine the content types and sizes 

to be cached. In this study, we investigate a caching strategy that increases the hit ratio from small base stations 

(SBSs) for mobile users in a heterogeneous network consisting of one macro base station (MBS) and multiple 

SBSs. If there are several SBSs that users can access, the hit ratio can be improved by reducing duplicate content 

and increasing the diversity of content in SBSs. We propose a Deep Q-Network (DQN)-based caching strategy 

that considers time-varying content popularity and content redundancy in multiple SBSs. Content is stored in 

the SBS in a divided form using maximum distance separable (MDS) codes to enhance the diversity of the 

content. Experiments in various environments show that the proposed caching strategy outperforms the other 

methods in terms of hit ratio. 
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1. Introduction 

Mobile data traffic is increasing worldwide; by 2023, approximately 70% of the world’s population is 

expected to have mobile connectivity through devices such as smartphones and machine-to-machine 

(M2M) applications [1]. Devices connected to the Internet provide a variety of services to users, which 

includes enabling video or VR streaming. However, to enjoy such services, content must be transmitted 

from a server or cloud and large content data take long time for users to download. In addition, bottlenecks 

may occur when there are many users. One way to overcome these problems is to use mobile edge 

computing (MEC). MEC was developed to address problems arising from mobile cloud computing 

(MCC), and can provide benefits such as fast computing, energy efficiency, and mobility support [2]. In 

particular, MEC provides the ability to store audio and video content; it is located physically close to end 

users, and therefore it reduces the transmission data traffic from a server and transmission latency when 

used as a caching node [2]. Representative facilities that can be used as MEC for caching nodes include 

small base stations (SBSs), macro base stations (MBSs), and roadside units (RSUs). However, because 

they have a smaller storage capacity than the server, it is important to decide which content to store and 
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how much content to cache. 

In an environment where the service areas of the SBSs overlap, reducing the duplication of content that 

is cached in each SBS can more efficiently utilize the limited capacity of SBS while increasing the hit 

ratio for the content requested by users. In addition, caching a variety of content results in a high hit ratio 

if the service areas of the caching nodes overlap [3]. Therefore, a method is proposed in this study to 

increase the hit ratio by reducing the redundantly cached content in SBSs for mobile devices when the 

service areas of the SBSs overlap. 

 

 

2. Related Work 

The technique of caching to a mobile edge server, such as an MEC, is called mobile edge caching; it 

reduces the mobile traffic and latency during data transmission [4]. Many studies have been conducted 

on edge caching with various goals. In [5], a technique of caching in RSUs for vehicles with the aim of 

reducing the transmission latency and service cost was studied. In [6] and [7], caching methods in RSUs 

were used to improve the quality of experience (QoE) and quality of service (QoS), respectively. To 

increase QoE in a vehicular network environment, [6] proposed a deep deterministic policy gradient 

(DDPG)-based algorithm to cache files optimally in RSUs. To improve the QoS by caching files on 

vehicles and RSUs in vehicular network environments, [7] studied a long short-term memory (LSTM) 

model to predict file requests and proposed a Q-learning-based algorithm to increase the hit ratio. In some 

cases, it is intended to reduce system costs using mobile edge caching. A DDPG-based method was 

proposed in [8] to decrease the system cost, which comprises evaluating the communication cost and 

bandwidth cost. In an environment where vehicles request data, two timeslots reflect the mobility of the 

vehicles. In [9], the system cost was reduced, which included not only the caching cost but also the 

computation cost with vehicular mobility and service deadline constraints. 

In mobile edge caching, the factors to be considered vary depending on the user type. In [10], an 

artificial intelligence-based method was proposed to use a multitime scale. The multitime scale method 

helps deal with the high mobility of vehicles by reducing the system cost. In [11], a cellular caching 

technique was proposed to decrease the delay by grouping cells in heterogeneous cellular networks. It 

studies a caching strategy for mobile users aimed at minimizing energy consumption for content 

transmission in an ultra-dense network (UDN) [12]. In this strategy, the cells of the four-tier UDN are 

clustered and solved by dividing a problem into sub-problems of inter-/intra-clusters. In [13], the Q-

learning algorithm was adopted in the UDN environment to cache files with the goal of increasing traffic 

served directly from SBSs without accessing the MBS. 

 

 

3. System Model 

An MBS and multiple SBSs form a heterogeneous network. The MBS and SBSs are connected with a 

backhaul link, and the SBS and end users communicate wirelessly using radio access. It is assumed that 

the MBS can periodically receive status messages from the SBSs to recognize all SBS situations. The 

MBS is assumed to be a content provider with all � content. If the content requested by a mobile user is 

not cached in an accessible SBS, the MBS sends the content to the SBS. There are U mobile users who 
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request content for each time slot �. � = {1, 2, …, N}, � = {1, 2, …, K}, and � = {1, 2, ..., U} denote a 

set of SBSs, content, and users, respectively. The storage capacity of SBS � is limited to ��; on exceeding 

this limit, the content cannot be cached in the SBS. Mobile users are located in the overlapping area of 

�SBSs, therefore � is the number of SBSs that the users can access, as shown in Fig. 1. 

A mobile user in a heterogeneous network receives the requested content from a nearby SBS. The 

popularity of mobile users requiring content is assumed to follow a Zipf-like distribution [14]. 

 

 

Fig. 1. System model. 
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Here � is a parameter affecting the distribution shape and 	���� denotes the popularity of content �, 

where � ∈ �. Using a Zipf-like distribution, each mobile user requests content in every time slot. 

To compute the popularity of the content requested by mobile users, the MBS collects all requests that 

enter each SBS. The popularity of content is calculated by counting each requested content at every time 

slot � . ��
	  denotes the number of requests for content �  at time �  and MBS calculates the content 

popularity using ��
	 . 

It is assumed that ideal MDS rateless codes are used when caching content to the SBSs. This means 

that regardless of order, only the number of parity symbols obtained by the mobile user affects the 

retrieval of full content [15]. The full size of the content is 1, and the content is divided into pieces and 

distributed to various SBSs through MDS-coded caching. If the content is divided into � pieces, it is 

set to the default caching size of 1/�. For example, if � 
 4, the 0.25-sized content can be stored; 

therefore, caching can be performed at 0, 0.25, 0.5, 0.75, or 1. ��,�
	  is the size of content � cached in SBS 

� at time �. 

 

 

4. Problem Formulation 

Deep Q-Network (DQN), which emerged in [16], is a type of reinforcement learning that uses deep 

neural networks to compute a value function. The DQN agent observes the current states, selects an 

appropriate action, and learns policies through rewards that can be obtained (Fig. 2). In this study, we 
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aimed to increase the hit ratio of accessible SBSs for the mobile users. Each SBS observes its service 

area as an environment, assuming the agent is situated in the MBS, and periodically notifies the MBS 

about these observations. The MBS figures out the current state based on the observations received from 

the SBSs and determines the content type and size to be cached in the SBSs. 

 

 

Fig. 2. Interaction between Deep Q-Network (DQN) agent and the environment. 

 

At time �, the state �	 is defined as follows: 
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When the set of SBSs that a user can access is �, ��
	  represents the sum of the content � cached in � 

SBSs at time �. 
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Here, ��,�
	  is the content � stored in the SBS � at time �, and � determines the cached content size. By 

storing a variety of small-sized content rather than a small amount of content in a large size, the hit ratio 

can be increased. This is because the more densely the SBSs are installed, the higher the hit ratio that can 

be obtained when diverse contents are present [3]. 

��
	  denotes the popularity of the content � requested at time �. The number of content � requests at 

time � is expressed as a vector. It is also important to store diverse content on each SBS in a crowded 

environment; however, mobile users are more likely to request popular content. If SBS has popular 

content, it helps to improve the hit ratio. In addition, popular content can change over time, and ��
	  is 

helpful to figure out the popularity of content even if the popularity of the content changes. All states 

were used after normalization. 

The action $	 is calculated as follows: 

 

$	 
 %��,�
	 &, ∀� $�' ∀�, (4) 

 

subject to ∑ ��,�
	�

��� ( ��. (5) 
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The action determines the cached size of the content � in SBS �  at time �, ��,�
� . Assuming MDS-coded 

caching, the full size of all content is the same as 1, and the size that can be cached to the SBS is 

{0, 1/�, 2/�, … , 1}. There are various types and sizes of content, and the agent observes the states and 

chooses the action that can provide the highest reward. By using the ε-greedy method, which randomly 

selects an action with epsilon as the probability, the likelihood of staying in the local optimum solution 

is reduced. The epsilon declines over time until it reaches a minimum value and creates a well-trained 

model that chooses less random action. 

The goal of the agent is to maximize the hit ratio of the SBSs. ℎ� is the number of hits, which means 

that the requested content is downloaded from the SBSs without accessing the MBS at time �. Thus, the 

reward is defined as the hit ratio, which is calculated by dividing ℎ� by the total number of requests from 

users. The reward �� at time � is given by 

 

�� =  
��

∑ �
�
��

���

. (6) 

 

 

5. Simulation Results 

For the experiments, we assumed a heterogeneous network that included one MBS and multiple SBSs. 

It is assumed that all mobile users are located in the area where 	SBSs overlap. Mobile users request 

content at each time � and generate the content request using the Zipf-like distribution in (1). Every 

mobile user can request only one piece of content at a time. If the requested content is not cached in the 

SBSs close to the users, the SBSs receive the content from the MBS. 

We compared the proposed algorithm to three other caching strategies. Identical random caching 

randomly stores content in the SBSs, and all SBSs have the same content. Random caching is the same 

as Identical random caching, but it differs in that the cached content is selected independently for each 

SBS. MDS-coded cooperative caching (MCC) is a modified version of the algorithm proposed in [13]. 

In [13], a Q-learning-based caching method was proposed, and its states were the content to be requested 

and a previously taken action. In MCC, the action determines the size of the content cached in the SBS, 

and the reward is the amount of traffic directly imported from the SBS without accessing the MBS. Based 

on this action, all SBSs store the same type and size of content, and all contents are cached using MDS 

codes. For comparison, MCC is modified from Q-learning to DQN, whereas the states, actions, and 

rewards are not changed. The parameters used in the experiments are listed in Table 1. 

 

Table 1. Experiment parameters 

Parameter Setting value 

Number of content (�) 50 

Number of SBSs overlapped (�) [1, 4] 

Content segmentation parameter (�) [1, 4] 

Zipf-like distribution parameter (�) [0.2, 0.8] 

 

The performance criteria are defined as the hit ratio from the SBS and the average update cost. The hit 

ratio can be calculated using Eq. (6). The content cached in the SBSs is updated over time, and the update 
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cost is defined as the total size of the content that is changed in the SBS from time � to time � ) 1 [8]. 

 

*+'$�, -.��� 
 / |��,�
	 1 ��,�

	��|
�

���

 (7) 

  

$2,3$�, *+'$�, -.�� 
 1
� / *+'$�, -.���.

�

���

 (8) 

 

When the update cost is high, MBS sends more content to SBS. Updating the SBS content depending 

on the dynamics of the environment can increase the hit ratio. However, if the caching policy primarily 

focuses on the current situation, the cost of updating the content increases sharply. 

The hit ratio was measured while changing the number of SBSs that users could access, as shown in 

Fig. 3. The difference between the proposed algorithm and Random method decreases as the number of 

SBSs increase, because when there are many SBSs, the content diversity grows accordingly. The MCC 

method learns the amount of content directly served by the SBS as a reward; therefore, it has a smaller 

hit ratio than the proposed algorithm. Both Identical random and MCC methods store the same types and 

sizes of content in every SBS; thus, they have relatively little diversity in content. 

Fig. 4 shows the results of measuring the average update cost by changing the number of SBSs that 

users can request. The cost was calculated using (8) and normalized. Random and Identical random 

methods show the best results because they determine the content to be cached randomly every time. The 

MCC method has an average update cost close to zero, because the cached content hardly changes, even 

in different environments. The proposed algorithm has a lower result than Random method but a higher 

one than MCC. This is because the proposed algorithm caches more content, depending on the situation. 

Fig. 5 illustrates the hit ratio while changing � from 1 to 4. The proposed algorithm has a higher update 

cost than Random method, but the difference decreases when � 
 4 because the small size of the cached 

content encourages rich diversity in all SBSs. Contrastingly, the difference between MCC and the 

proposed algorithm increases because the proposed algorithm selects which content to cache in each SBS; 

however, in the case of MCC, the same content is cached in all SBS. Therefore, the proposed algorithm 

has more diverse content. In the case of Identical random method, the hit ratio increases as � increases, 

but it shows the lowest result because the cached content is not diverse compared with other algorithms. 

 

 

Fig. 3. Hit ratio as the number of SBSs grows. 
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Fig. 4. Average update cost as the number of SBSs grows. 

 

 

Fig. 5. Hit ratio as content segmentation changes. 
 

 

Fig. 6. Average update cost as the content segmentation changes. 

 

In Fig. 6, the average update cost is measured by increasing � from 1 to 4. Random and Identical random 

methods both cache diverse content in a smaller size as m increases, and relatively less content is adjusted 

when updating over time. The proposed algorithm also has a low cost as � increases, but it is lower than 

that of Random because the size of the updated content in the proposed algorithm is smaller than that in the 

Random method. In the case of MCC, it usually stores similar content and has a cost close to zero. 
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The hit ratio was measured by changing parameter � used for the Zipf-like distribution, as shown in 

Fig. 7. The smaller the � (that is lower than 1), the more similar the content popularity to a random 

distribution. As � increases, a small amount of content becomes more popular, affecting mobile users 

requesting for their favored content. If SBS has popular content, there are many advantages, such as 

increasing the hit ratio. The proposed algorithm finds popular content and obtains a better result than 

Random method. Random and Identical random methods always show a uniform appearance because 

they randomly cache, and in the case of MCC, the larger the �, the more popular content is cached, and 

it shows a higher result. 
 

 

Fig. 7. Hit ratio as α increases. 

 

 

Fig. 8. Average update cost as α increases. 

 

Fig. 8 depicts the effect of �, which is used for the Zipf-like distribution, on the average update cost. 

Random and Identical random methods always exhibit the highest and most constant appearances. In the 

case of the proposed algorithm, the update cost decreased when � 
 0.8. The reason is that popular content 

is clarified, which helps the algorithm to cache popular content. MCC shows the lowest result compared to 

the other algorithms because MCC knows the content that was cached in SBS at a previous step. 

 

 

6. Conclusion 

In this study, we investigate a DQN-based caching strategy that increases the hit ratio for mobile users 
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in overlapping SBS coverage. Diverse content is provided to mobile users by reducing the duplication of 

cached content in the SBSs. Using MDS coding, it was assumed that the content was partially coded and 

cached. The state of the DQN is determined by considering the time-varying popularities of content and 

duplicated content in several SBSs. The reward is the hit ratio that stores the appropriate content for each 

SBS. According to the experimental results, depending on the number of SBSs where the mobile users 

downloaded content, the proposed algorithm shows an improvement of approximately 26% on an average 

over MCC in the hit ratio, and about 64% on an average over the Random method in the update cost. As 

a result of measuring while varying the size of the content to be cached, the hit ratio of our algorithm 

increased by approximately 15% on average compared to both the MCC and Random methods, and the 

update cost decreased by approximately 56% on an average compared to the Random method. By changing 

the popularity of the content required by mobile users, the proposed method shows an improvement of 

approximately 16% compared to the Random method and approximately 30% enhancement compared to 

MCC, and the update cost declined by approximately 58% on average compared to the Random method. 

In future studies, it will be possible to expand the UDN environment. UDN is an environment in which 

the access point density is much higher than the user density [17]. In UDN, services requiring large 

amounts of data traffic can be used. However, when the number of SBSs increases, there are many 

duplicated contents; thus, an efficient caching technique is needed. 
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