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Abstract 
 

The number of devices using the internet is growing fast. More people are using smartphones, smartwatches, and other smart devices. 

These devices send and receive large amounts of data. This is causing heavy traffic on mobile networks. Because of this, users sometimes 

experience slow responses and de-lays in getting content. To fix this problem, one idea is to use edge caching. When users request data, it 

is delivered faster from nearby servers instead of faraway cloud centers. This helps improve user experience and reduce network load. This 

lead to low hit rates, which means users still need to fetch data from far servers. We proposed a smart caching system. It is called ICE 

(Intelligent Caching at the Edge). ICE uses a technique called Deep Reinforcement Learning (DRL). DRL is a form of machine learning. 

It helps the system learn from past experiences and make better decisions over time. ICE decides which content should be stored at the 

edge, and it is removed. ICE uses a special popularity model. It is based on Newton's Law of Cooling. This model predicts how popular a 

piece of content will be over time. The system uses a type of decision-making model called a Markov Decision Process (MDP). This helps 

ICE choose the best action in each situation—whether to cache, replace, or skip content. The system is designed to improve the cache hit 

rate and reduce the time and energy needed to fetch data. The paper proposes a second system called DCCC (Distributed Cooperative 

Caching with Coordination). DCCC helps multiple edge nodes work together. It uses a two-layer caching setup and spreads content requests 

across nodes. This improves caching efficiency and uses storage space better. We test ICE and DCCC using many experiments. DCCC 

improves caching by using resources from many nodes. ICE learns to store the right content using DRL. DCCC makes caching more 

efficient by coordinating across many edge nodes. 

 
Keywords: DRL; Edge; Recovery; ICE; UAV. 

1. Introduction 

In today's world, we are seeing rapid growth in technologies similar to 5G, mobile computing, and the Internet of Things (IoT) [1]. More 

people are using smart devices, and they are using them more often. These devices keep generating and asking for data all the time. As a 

result, mobile networks are getting crowded. The data traffic is increasing quickly [2]. This is creating a big challenge for the network to 

handle all this data without delays. People want quick responses and good service. This is called Quality of Experience (QoE) [3]. Cloud 

computing is helpful in many ways. It gives access to large resources like storage and computing power. But cloud servers are far from the 

users. When users send a request to the cloud, it takes time to get a reply. This delay is called latency [4]. Because of the long distance 

between users and cloud data centers, the response time becomes high. This makes the user experience worse, and using cloud resources 

increases energy use and network costs. To solve this problem, we need to bring services closer to the users. This is where edge computing 

comes in. Edge computing means moving part of the data and services from the cloud to nearby edge nodes [5]. These edge nodes are 

http://creativecommons.org/licenses/by/3.0/


604 International Journal of Basic and Applied Sciences 

 
small servers, base stations or even smart devices. They are located closer to the end users. So, when a user requests data, it is served from 

these edge nodes instead of the cloud. This helps reduce delay and save energy [6]. 

The authors of this paper propose a new caching system called ICE. ICE uses DRL to decide what content to cache [7]. It considers content 

popularity and size. It uses a mathematical model based on Newton’s Law of Cooling[8]. This model helps predict how popular a piece of 

content will be over time. If content becomes less popular, ICE removes it from the cache. ICE is trained using a model called MDP[9]. 

This helps the system learn how to make better caching decisions step by step. ICE works well on a single node. But today’s networks 

often have many edge nodes. A single node cannot handle too many requests or cache everything. So, there is a need to make caching work 

across many nodes [10]. The system should avoid storing the same content in many places. This wastes space and resources. DCCC allows 

many edge nodes to work together. Each node runs the ICE model. The nodes are connected using a method called consistent hashing [11]. 

This helps spread the content across the nodes. It avoids duplication. DCCC uses load balancing [12]. It makes sure no single node gets 

overloaded. The system assigns requests to nodes in a smart way. The paper makes several important contributions: 

• To introduce a new content popularity model based on Newton’s Law of Cooling. This model helps predict how long content will 

remain useful. 

• To propose ICE, a DRL-based caching method for a single edge node. ICE improves hit rate, reduces delay, and saves energy. 

• To introduce DCCC, a cooperative caching system for multiple nodes. DCCC uses load balancing and smart coordination to manage 

cache storage across nodes. 

• To run detailed experiments to compare ICE and DCCC with other existing caching methods. The results show that ICE and DCCC 

work much better. 

To sum up, mobile networks are facing challenges because of the rapid increase in data usage. Edge computing and caching offer good 

solutions to this problem [13]. This paper presents two smart caching methods. ICE uses DRL to learn what content to cache. DCCC lets 

many nodes work together and share resources. Both systems use new ideas and smart models. Together, they help improve user experience 

and make mobile networks faster and more efficient [14]. 

2. Background Work 

To reduce these issues and improve service response, caching content closer to users at the network edge is now a popular strategy. This 

method, known as edge caching, helps to minimize data retrieval time and reduce energy consumption. Many researchers have worked on 

different methods to improve caching performance. Three commonly used methods in this category are Least Recently Used (LRU), Least 

Frequently Used (LFU), and First in First Out (FIFO). LRU removes the content that was accessed the longest time ago. LFU removes the 

content that was accessed the least number of times. FIFO removes the content in the order it was added to the cache, and deletes the oldest 

one first. These methods are simple and easy to implement. Though they have limitations. They do not consider the size or type of the 

content. ML models learn from past user behavior and predict future content demands. Among ML techniques, deep learning (DL) and 

reinforcement learning (RL) are the most applied in edge caching. Deep learning is good at handling large and complex datasets. Several 

works have used deep learning for this purpose. Liu et al. [15] proposed a model for content popularity prediction in information-centric 

networks. This method uses SDN (software-defined networking) to assist with data routing and a lightweight caching model. Im et al. [16] 

introduced SNN-Cache, a system that considers the order in which users request content. It learns the relationships between requests to 

improve caching. Tsai et al. [17] used convolutional neural networks (CNNs) to perform context-aware caching. This means the model 

learns from the user's location, behavior, and preferences. Similarly, Lekharu et al. [18] and Zhang et al. [19] developed DL-based models 

that predict content usage patterns and help make better caching decisions in mobile environments. 

RL allows systems to learn from interactions with the environment. An agent tries different actions, sees the outcomes, and learns the best 

action for each situation. This is useful in dynamic environments like edge networks. Many RL-based caching models have been proposed. 

Kumar et al. [20] used a distributed Q-learning algorithm that predicts user preferences by adding Bayesian learning. The aim was to 

increase cache hit rate while minimizing training complexity. Liu et al. [21] presented a distributed RL model that focuses on privacy. It 

allowed edge nodes to learn caching policies without sharing user data, which helps protect privacy. Zheng et al. [22] worked on reducing 

energy usage in edge caching using an RL-based model. The approach optimized content placement while considering power consumption. 

Wang et al. [23] developed a caching system for vehicle networks. The model predicted content demand using LSTM (Long Short-Term 

Memory) and made caching decisions with reinforcement learning. Another method was presented by Zhong et al. [24]. They used a deep 

actor-critic model, which combines both value-based and policy-based RL methods. The model balanced cache hit rates and network delays. 

Tan and Hu [25] designed a mobility-aware caching scheme. Their model considered users’ movement patterns in vehicle networks and 

used DQN (Deep Q-Network) to learn optimal caching strategies. Also, existing models do not support cooperation among edge nodes, 

which limits their effectiveness in large networks. 

To deal with growing content and users, some studies proposed multi-node distributed caching systems. These systems allow several edge 

nodes to work together to store and deliver content. Chen et al. [26] developed a distributed caching system for dynamic content. They 

simplified the caching strategy to make the training process easier. Qian et al. [27] proposed a collaborative caching model that reduced 

content delivery time and improved how content was placed across nodes. Shi et al. [28] worked on proactive caching. Their model pre-

dicted future content demands and stored data in advance to reduce service delay. He et al. [29] used a multi-agent actor-critic (AC) model 

to support collaborative caching. The goal was to reduce data exchange and improve learning. Wang et al. [30] introduced an online 

collaborative caching model. Traditional caching methods are simple but cannot learn or adapt. Distributed caching models support multi-

node systems but suffer from poor coordination and resource management. The paper addressed in this work proposes two new systems, 

ICE and DCCC, to solve the limitations found in previous work. Together, ICE and DCCC offer a complete and scalable solution for 

intelligent edge caching. 

3. System Model & Problem Formulation 

This section of the paper describes how the system models content popularity and formulates the caching problem. Content popularity is 

very important in caching. Popular content should be stored at the edge because users request it again. If we estimate popularity well, we 

improve the caching efficiency. The authors of the paper use Newton's Law of Cooling to model content popularity. This law is normally 

used to describe how the temperature of an object changes over time. The same idea is used to describe how content popularity fades over 
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time. Newton’s Law says that the rate of temperature change is proportional to the difference between the current temperature and the 

surrounding environment’s temperature. The equation is: 

 

dT(t)
= - (T(t) - T )sedt

                                                                                                                                                                                        (1) 

 

Here, T(t) is the temperature at time t. 
se

T  Is the environmental temperature.   Is a constant showing how fast the temperature changes. 

To solve this, we integrate both sides: 

 

se

dT(t)
= - dt

T(t) - T
                                                                                                                                                                                              (2) 

 

Solving this gives: 

 

se
ln(T(t) - T ) = - t+ C                                                                                                                                                                                        (3) 

 

We then simplify the equation: 

 
- t

se
T(t) = T + We                                                                                                                                                                                                 (4) 

 

Here, W is a constant determined by the initial condition: 

 
0- t

0 se
T(t ) = T + We

                                                                                                                                                                                             (5) 

 

Solving for W gives: 

 
0t

0 se
W = (T(t ) - T )e

                                                                                                                                                                                            (6) 

 

Substituting W into the equation, we get: 

 
0- (t-t )

se 0 se
T(t) = T + (T(t ) - T )e

                                                                                                                                                                                (7) 

 

Now, we assume the environmental temperature. 
se

T = 0 , because popularity eventually falls to zero. So, we simplify: 

 
0- (t-t )

0
T(t) = T(t )e

                                                                                                                                                                                               (8) 

 

This final equation shows how content popularity decreases over time. However, user behaviour is changing in popularity. If many users 

request a content item again, its popularity should rise. The paper includes this effect with the following formula: 

 

req others


 +
=                                                                                                                                                                                                 (9) 

 

Here, 
req

  Is the number of direct requests. 
others

  Is an indirect or related request.   Is a normalization factor. This value   Helps increase 

the content's popularity if it is being accessed frequently. The final model of popularity 
c

P (t)  Is a combination of the base popularity and 

the user impact. It is written as: 

 

c
P (t) =

T(t)

 +
                                                                                                                                                                                                  (10) 

 

Here,   Is the initial popularity.   Is the impact of user behavior. T(t)  Is the cooling function from earlier. This formula captures both 

time decay and real-time user interest. It helps the caching system to identify useful content dynamically. Once we have a model for content 

popularity, the next step is to define the caching optimization problem. The goal is to cache content in a way that reduces network delay 

and saves energy. The system is made of multiple cache nodes. Each node stores content that users request. We want to choose which 

content to store to improve performance. The variable 
j

v  Is the size of the content j? It affects how much space it takes in the cache. 
j

d  

Is the original content size before caching. After caching, the remaining part is 
j

d . This leftover part was fetched from the cloud or another 

node. B is the network bandwidth. It controls how fast data is transferred. E is the energy cost to send one unit of data. 
j

rt  is the time 

needed to send content j. 
j

re  is the total energy used to send it. Transmission time for content j is calculated as: 

 

j j j
rt = v ×B×d                                                                                                                                                                                                 (11) 

 

Similarly, energy consumption is: 

 

j j j
re = v ×E×d                                                                                                                                                                                                (12) 
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The total transmission time for a user request is the sum of all contents: 

 
N

i j
j=1

Rt = r t                                                                                                                                                                                                      (13) 

 

And the total energy cost is: 

 
N

i j
j=1

Re = r e                                                                                                                                                                                                     (14) 

 

If some content is already cached, it reduces time and energy. The time-saving rate is: 

 
N

j j
j=1

Ni

j j
j=1

v × B×d
pt = 1-

v × B×d




                                                                                                                                                                                       (15) 

 

The energy-saving rate is: 

 
N

j j
j=1

Ni

j j
j=1

v × E×d
pe = 1-

v × E×d




                                                                                                                                                                                       (16) 

 

These equations show how caching helps save resources. The goal is to maximize both the time and energy savings. So, the objective 

function is: 

 

j jd >0,d >0 i i
Objective : max (pt + pe )


                                                                                                                                                                      (17) 

 

The system follows these constraints: 

 

j j
d > 0, d > 0, B > 0, E > 0                                                                                                                                                                        (18) 

 
N N

j j j j
j=1 j=1

v ×B×d v ×B×d                                                                                                                                                                                 (19) 

 
N N

j j j j
j=1 j=1

v ×E×d v ×E×d                                                                                                                                                                                 (20) 

 

These constraints make sure that resources are used correctly and realistically. This section introduces a popularity model for caching 

content at the edge. It is inspired by Newton's cooling law. The model tracks how popularity drops over time but increases when content 

is requested often. This helps in choosing the right content to cache. Then, the caching problem is expressed as an optimization task. The 

goal is to reduce delay and energy by caching the most valuable content. By solving this model, the system makes smart decisions about 

what content to keep in edge storage. This leads to faster service and better user experience. 

4. DRL-Based Single-Node Non-Cooperative Caching Scheme 

This section explains the caching scheme used for a single edge node without cooperation from other nodes. The idea is to use DRL to help 

the system decide which content to store and which to remove. The caching agent runs on its own. It observes the environment and gradually 

learns which choices lead to better caching results. Over time, it becomes more accurate in selecting valuable content to store. To build 

this intelligent system, the authors model the caching problem using an MDP. This is a standard way to describe learning environments. 

Figure 1 shows the working process of an ICE caching strategy using deep reinforcement learning. It begins with the initialization of the 

Q-network and replay memory. These two steps are important to store past actions and rewards to improve learning. After that, the system 

calculates the popularity of content and the size of the requested data. This helps the model understand how often the content is needed and 

how much space it will occupy in the cache. Next, the reward from the previous action is updated. Then, actions are selected using an ε-

greedy policy. This means the system sometimes explores new actions and sometimes chooses the best-known action. This balance helps 

improve learning and performance. After selecting an action, the system checks if it needs to add the content to the ICE cache. If not, the 

process loops back and recalculates popularity and size. If yes, it checks whether adding the new content exceeds the cache capacity. If the 

cache is full, it removes the content with the least reward value. Once space is available or if no removal is needed, the system executes 

the selected action. Then, it updates the Q-network based on the new results. Finally, it checks whether the caching process should continue. 

If not, the program ends. If it continues, the loop repeats. This figure shows a smart way to manage edge caching by learning from user 

behavior and making decisions based on rewards. It improves content delivery and reduces unnecessary data movement. 

The MDP contains five main parts: the state space, the action space, the transition model, the reward function, and the discount factor. 

These elements define how the agent interacts with the environment and how it learns from experience. Formally, the MDP is represented 

as: 

 

MDP = S,A,P,R,                                                                                                                                                                                        (21) 

 

Here, S represents the set of states of the system, and A is the set of actions of the system. P is the probability of moving from one state to 

another after an action, and R is the reward received for taking an action.   is the discount factor that determines the importance of future 
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rewards. In this caching model, the state at each time step includes useful information to help the agent make smart decisions. The state 

t
s  

comprises three elements: the popularity of the requested content, the size of the content, and an indicator showing whether that content is 

already stored in the cache. Mathematically, it is written as: 

 

i i it c c c
s ={P (t),S (t), I (t)}                                                                                                                                                                                      (22) 

 

Here, 
ic

P (t)  is the popularity score of content i at time t. 
ic

S (t)  is the size of content i and 
ic

I (t)  is a binary indicator: 1 if the content is in 

the cache and 0 if it is not. This state helps the agent assess both the value and the storage cost of each piece of content. Once the agent 

knows the state, it needs to decide on an action. The action space has three options: cache the content, replace some existing content with 

the new one, or skip caching altogether. These actions are defined as: 

 

t
a {Cache,Replace,Skip}                                                                                                                                                                              (23) 

 

Choosing the right action is important. If the cache has enough space and the content is valuable, caching is a good idea. If space is limited, 

the agent should remove something first. If the new content is not useful, skipping it might be better. To help the agent learn from its 

decisions, we need a reward function. This function tells the agent how good its last action was. The reward is based on two factors: how 

much transmission time and energy were saved. These are key performance metrics in edge caching. The reward function is: 

 

t i i
r = ×pt + ×pe                                                                                                                                                                                           (24) 

 

Here, 
i

pt  is the percentage of time saved, 
i

pe  is the percentage of energy saved.   and   are weights that control the importance of each 

factor. The reward becomes higher when the caching decision saves more time and energy. To train the agent, the authors use a DQN. This 

is a combination of Q-learning and deep neural networks. Q-learning is a technique where the agent learns the value of taking an action in 

a specific state. The Q-value is defined as: 

 
k

t t t+k
k=0

Q(s ,a ) = E r


   
                                                                                                                                                                                   (25) 

 

This equation means that the Q-value is the expected sum of future rewards the agent will receive. If it acts 
t

a  in state 
t

s  and then follows 

the best possible strategy afterwards. The agent wants to find a policy that gives it the highest Q-values. To learn these values, the agent 

uses a loss function. This function measures the difference between the predicted Q-value and the actual reward received. The goal is to 

reduce this difference by updating the weights of the neural network. The loss function is: 

 
2

t t t
L( ) = E (y - Q(s ,a ; ))                                                                                                                                                                                 (26) 

 

Here, the target value 
t

y  is: 

 
-

t t a t+1
y = r + max Q(s ,a ; ) 


                                                                                                                                                                              (27) 

 

 
Fig. 1: ICE System Workflow. 

 

Here,   represents the current parameters of the Q-network.  −  are the parameters of a separate target network. This target network is 

updated less frequently to make learning more stable. To make learning more effective, the authors use two popular techniques in DRL: 

experience replay and target networks. Experience replay stores past experiences in a memory buffer. During training, the agent samples 

random experiences from this buffer to update the Q-network. This helps to break the correlation between consecutive samples and im-

proves learning stability. The target network is a copy of the main Q-network. It is updated at fixed intervals to provide stable target values 
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t
y . Using a separate target network avoids the issue of rapidly shifting target values that destabilize training. The action selection is based 

on an epsilon-greedy policy. This means that with probability ò , the agent chooses a random action (exploration) and with probability 

1−ò  it selects the action with the highest Q-value (exploitation). Over time, ò  decreases, allowing the agent to focus more on learned 

behavior. 

The full workflow is described like this. When a user requests some content, the edge node first checks if it is already cached. If it is, the 

content is served directly, and the agent receives a reward for a successful hit. If the content is not in the cache, the agent decides what to 

do. It considers the popularity size of the content and the current state of the cache. It chooses to store the content, remove older items to 

make room, or skip caching if the content is not important. It has several benefits. First, it adapts to changes in user behavior. If certain 

content becomes more popular, the agent learns to store it. Second, it does not require labeled data or supervision. It learns directly from 

the results of its actions. Third, it reduces the amount of time and energy needed to serve user requests. This improves the overall user 

experience. Finally, the system works independently and does not require cooperation with other nodes, which makes it scalable and easy 

to deploy. The system models the caching task as a Markov Decision Process, defines a proper state and action space, and uses a reward 

function to guide learning. The ICE model works in real-time and provides better caching decisions without needing help from other nodes. 

It helps reduce network traffic, saves energy, and improves service quality for users at the edge of the network. 

5. Distributed Computing-Based Cooperative Caching Scheme 

This section of the paper discusses how multiple edge nodes work together to improve caching. So far, we have seen how a single node 

uses DRL to make smart decisions. But in real-world networks, there are many edge nodes. They are often close to each other. If they all 

store the same content, it wastes space. If they do not work together, some users may face delays even if nearby nodes have the content. 

So, there is a need for a distributed and cooperative caching strategy. We introduced a new approach called Distributed Computing-based 

Cooperative Caching (DCCC). This system connects many edge nodes. Each node runs its own intelligent caching agent. But share re-

sources and make joint decisions. DCCC balances user requests across nodes. It prevents any single node from getting overloaded. The 

system uses a DRL framework. It is extended to support cooperation among nodes. Each node learns locally but benefits from shared 

coordination. This makes caching smarter and faster in multi-node edge networks. 

In a network with many edge nodes, each node receives requests from users. Without cooperation, they might all cache the same popular 

content. This creates duplication and wastes storage. Also, one node might get too many requests while others are idle. This leads to delays 

and uneven energy usage. By working together, nodes share the load. They divide the content and avoid duplication. If one node is busy, 

another nearby node serves the request. This improves performance and resource use. In the DCCC framework, the edge network is made 

up of multiple nodes denoted by 
1 2 K

M ={m ,m ,...,m } . Here, K is the number of nodes. Each node has a cache and a local DRL agent. These 

nodes are connected and share information. Each node follows a two-layer architecture. The first layer is for local caching. It works like 

the ICE model described earlier. The second layer is for cooperation. It checks if a requested content is available in neighbouring nodes. 

The nodes connect to a global coordinator, which helps manage the network, and this works as a central controller. It is a lightweight 

process that handles consistent hashing and load balancing. To avoid storing the same content in multiple nodes, use a method called 

consistent hashing. This technique is often used in distributed systems. It maps content to nodes in a balanced way. Let each content item 

be represented by a unique ID. The system defines a hash function: 

 

h : Content [0,1)→                                                                                                                                                                                          (28) 

 

Each node is also mapped to a point in the range [0, 1) using the same or a similar hash function: 

 

H : Node [0,1)→                                                                                                                                                                                            (29) 

 

To assign content to a node, the system finds the node with the smallest hash value that is greater than or equal to the content hash. This 

node becomes the owner of that content. If no such node is found (wrap-around case) the first node in the circle is selected. When a node 

joins or leaves the network, only a small part of the content needs to be reassigned. To solve this, the DCCC system uses a load-balancing 

technique. When a user sends a request, the system checks the assigned node using consistent hashing. But before forwarding the request, 

it checks the current load of that node. If the node is overloaded, the request is routed to a nearby node with a lighter load. Let 
m

L (t)  be the 

load on node m at time t. The load is measured using factors such as CPU usage, the number of requests, or energy consumption. The 

routing system selects a node with the lowest 
m

L (t)  in the neighborhood. This helps in spreading the requests evenly across nodes. It 

reduces delays and prevents bottlenecks. With cooperation, a content request is served from other nodes. So, the paper defines a new metric: 

the cooperative cache hit ratio (CCHR). It is the ratio of requests served either locally or from neighboring nodes. Formally, it is given by: 

 

Total requests served from local or neighbor caches
CCHR =

Total requests
                                                                                                                              (30) 

 

This metric shows the effectiveness of the cooperative system. A higher CCHR means better sharing and less need to fetch data from the 

cloud. To support cooperation in learning, the reward function is modified. Instead of focusing only on local gains, the new reward considers 

how well the network performs. Let m

t
r  be the reward of node m at time t. It is now defined as: 

 
m m m m

t i i
r = ×pt + ×pe + ×cchr                                                                                                                                                                         (31) 

 

Here, m

i
pt  is time-saving rate at node m. m

i
pe  is the energy-saving rate at node m. mcchr  is the cooperative hit contribution by node m. 

, ,    are the weights for each factor. This reward encourages nodes to store useful content that helps other nodes. Each node still uses a 

DQN to learn. But now, the learning is extended to include cooperative outcomes. The state space is extended. The new state for each node 

m is: 



International Journal of Basic and Applied Sciences 609 

 

i i i i

m

t c c c c m
s ={P (t),S (t), I (t), N (t),L (t)}                                                                                                                                                                   (32) 

 

Here, 
ic

N (t)  is a flag showing if neighbor nodes have the content. 
m

L (t)  is the current load on the node. The action space remains similar 

but with added options to forward requests. The agent has multiple choices when handling a request. It serves the content locally if it is 

already cached. This gives a fast response and saves bandwidth. If not cached, the agent stores the content. It replaces less useful content 

to make space. Another option is to forward the request to a nearby node. The rest of the learning process is similar. Each node learns from 

its actions and updates its policy. Over time, the nodes learn when to cache, when to forward, and how to serve requests effectively. 

Cooperation requires communication between nodes. But too much communication is costly. So, the system limits the exchange of data. 

These messages are small and sent at fixed intervals. This keeps the communication overhead low. The system avoids large data transfers 

or real-time syncs. 

The system is fault-tolerant. If a node goes offline, the hash function reassigns the content to the next node in the circle. This helps maintain 

uninterrupted service. The DCCC framework expands the single-node caching model into a powerful cooperative system. 

It uses distributed computing, consistent hashing, and DRL agents at each node. Together, they decide what to cache, when to share, and 

how to balance requests. The reward function is adapted to include cooperative gains, it helps align local goals with network performance. 

The system is scalable, adaptive, and energy-efficient. It performs better than traditional and non-cooperative models in dense networks. 

6. Experiments 

This section describes the experiments used to test and validate the performance of the proposed caching models. The two models, ICE 

and DCCC, were compared with both traditional and learning-based caching schemes. These tests help us understand how well the models 

perform in real-world scenarios and how they adapt to changes in content popularity and network load. The experiments were conducted 

in a simulated edge computing environment. The setup included multiple edge nodes, each with limited storage space. In single-node 

testing, each node worked independently. In multi-node testing, nodes cooperated using the DCCC framework. Table 1 shows the param-

eters used during the experiments. These values define the environment in which the caching models were tested. 

 
Table 1: Experiment Parameters 

Parameter Value 

Number of Edge Nodes 10 (for DCCC) 

Cache Size per Node 500 MB 

Total Number of Files 1000 
File Size Range 1 MB to 10 MB 

Request Rate 50 requests/second 

Simulation Duration 5000 seconds 
Datasets Used YouTube, Campus WiFi Logs 

Content Popularity Model Newton's Cooling + Real Requests 

DRL Architecture DQN 

 

Table 1 lists the simulation environment parameters. It shows the number of edge nodes used, the size of cache at each node, the total 

number of content files, and other essential values like file size range and request rate. These parameters were kept consistent across all 

models to allow for a fair comparison. We used three primary metrics to evaluate caching performance: Cache Hit Rate (CHR), Average 

Transmission Time (ATT), and Average Energy Consumption (AEC). These are shown in Table 2. 

 
Table 2: Evaluation Metrics 

Metric Definition 

Cache Hit Rate (CHR) % of requests served from edge cache 
Average Transmission Time (ATT) Average time to deliver content (in ms) 

Average Energy Consumption (AEC) Average energy used per request (in joules) 

 

These metrics help to judge how fast and efficiently the caching model is. A higher CHR means fewer requests are forwarded to the cloud. 

Lower ATT means users get content faster. Lower AEC implies better energy efficiency, which is very important for mobile and edge 

devices. Table 3 compares the performance of different caching strategies using the three evaluation metrics. The models tested include 

traditional methods (LRU, LFU, FIFO), an ML-based method (SNN-Cache), a reinforcement learning method (DRL-Edge), and the pro-

posed models (ICE and DCCC). 

 
Table 3: Performance Comparison Results 

Caching Method CHR (%) ATT (ms) AEC (J) 

LRU 68.2 178.3 2.94 

LFU 69.5 174.6 2.88 
FIFO 67.0 182.9 2.96 

SNN-Cache 72.3 162.7 2.55 

DRL-Edge 76.8 148.1 2.33 
ICE (Single-Node) 81.1 138.3 2.12 

DCCC (Multi-Node) 84.9 121.3 1.91 

 

Table 3 highlights the superior performance of ICE and DCCC compared to other models. DCCC achieves the highest cache hit rate 

(84.9%), which means more content was served directly from edge nodes. It is the lowest average transmission time and energy usage, 

proving that cooperation among nodes boosts overall efficiency. We analyzed how quickly the DRL models learned to make smart caching 

decisions. Table 4 summarizes the convergence behavior for DRL-based models, including DRL-Edge, ICE, and DCCC. 
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Table 4: Convergence and Learning Behavior 

Model Episodes to Converge Stability of Q-Values Training Time (hrs) 

DRL-Edge 2100 Medium 3.5 
ICE 1600 High 2.8 

DCCC 1500 Very High 3.2 

 

Table 4 shows how long each model took to converge, how stable its learning process was, and how much time was needed to train the 

system. DCCC showed the fastest and most stable convergence. This is because the cooperation among nodes helps each node learn better 

through shared experience. The experiments demonstrated that ICE and DCCC significantly outperformed existing caching techniques. 

ICE worked well in single-node systems by using content popularity and DRL to improve decisions. DCCC, which extends ICE into a 

distributed system, performed even better. It increased cache hit rates, reduced delays, and saved energy by avoiding duplicate content 

storage and sharing load among multiple edge nodes. These results show that DRL-based caching is practical and highly beneficial in 

modern networks. When combined with consistent hashing and distributed cooperation, as in DCCC, it becomes a powerful caching system 

suitable for 5G, smart cities, and IoT networks. 

Figure 2 shows the cache hit rate (%) for different caching methods. Among all the methods, DCCC has the highest hit rate, reaching 

around 86%. ICE performs slightly lower, close to 81%. DRL-Edge follows with about 77%. SNN-Cache stands at approximately 72%. 

Traditional methods like FIFO, LFU, and LRU range between 66% and 70% with FIFO having the lowest among the three. Quantitatively, 

LRU has a hit rate close to 68% and LFU is about 70%. FIFO is slightly below LRU, around 67%. SNN-Cache improves over these with 

a noticeable increase. DRL-Edge raises the hit rate by around 5% compared to SNN-Cache. ICE, an improved learning method, beats DRL-

Edge by another 4%. Finally, DCCC shows the best performance by surpassing ICE by 5%. It makes it about 18% better than LRU. This 

figure clearly highlights how advanced caching strategies using deep learning and cooperation. It leads to better hit rates and smarter cache 

management. 

 

 
Fig. 2: CHR Comparison. 

 

Figure 3 shows the average transmission time (in milliseconds) for different caching methods. Among the methods, DCCC has the lowest 

transmission time, around 125 ms. ICE follows closely with about 138 ms, and DRL-Edge is around 148 ms. These three methods show 

better performance due to intelligent learning and content placement. In contrast, older methods like FIFO, LRU, and LFU have higher 

values between 172 ms and 185 ms. Quantitatively, FIFO appears to have the highest transmission time, close to 185 ms. LRU is around 

178 ms. LFU is slightly lower at about 175 ms. SNN-Cache performs better than these three, reaching around 165 ms. DRL-Edge improves 

the extra dropping to approximately 148 ms. ICE maintains this pattern with reduced delay, while DCCC achieves the best performance 

by having the lowest average delay. This shows that as caching methods become more intelligent and cooperative, they reduce the time 

needed to deliver content. Lower transmission time means faster user experience and more efficient network usage. 

 

 
Fig. 3: ATT Comparison. 

 

Figure 4 shows the average energy consumption for different caching methods. Among the traditional caching techniques, FIFO consumes 

the most energy, close to 2.96 joules. LRU and LFU follow closely with values around 2.92 and 2.88 joules. SNN-Cache shows some 

improvement that reduces energy use to about 2.55 joules. DRL-Edge improves more, reaching around 2.33 joules. ICE goes even lower 

to nearly 2.12 joules, and DCCC shows the best result with an average of about 1.91 joules. Quantitatively, the difference in energy savings 

is clear. Compared to FIFO, DCCC saves over 1 joule per request, which is more than a 30% improvement. Between DRL-Edge and DCCC, 

the reduction is about 0.42 joules. ICE performs well, saving roughly 0.8 joules over traditional methods. As the models move from basic 

caching (like LRU and FIFO) to intelligent and cooperative caching (like ICE and DCCC), energy use drops significantly. This figure 

shows how advanced methods like DCCC improve performance. DCCC helps reduce energy costs. Lower energy use is important for edge 

devices. It benefits mobile networks. DCCC is both efficient and reliable. 
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Fig. 4: AEC Comparison. 

 

Figure 5 compares the CCHR of three caching methods—DCCC, ICE, and DRL-Edge. It is across different numbers of edge nodes, ranging 

from 2 to 14. As the number of nodes increases, all three methods show improvement in hit ratio. The rate of improvement differs. DCCC 

begins at approximately 72% with 2 nodes and rises to about 88% with 14 nodes. ICE starts at 66% and reaches 75%. DRL-Edge begins 

at the lowest point around 63% and ends near 72%. The plot shows that DCCC not only starts stronger but also gains more as the system 

becomes larger. Between 6 and 10 nodes, DCCC sees a sharp climb, passing 80% and eventually reaching the highest value among all. 

This indicates that DCCC takes full advantage of node cooperation. It has distributed coordination and better caching decisions. In contrast, 

ICE and DRL-Edge grow more slowly. The hit rates improve by about 9 and 8 percentage points, respectively. DCCC, on the other hand, 

improves by about 16 percentage points in the same range. The performance gap grows wider with scale. For example, at 8 nodes, DCCC 

achieves around 81%. ICE is at 71% and DRL-Edge is slightly behind at 68%. The consistent lead of DCCC highlights its advantage in 

cooperative environments. It uses consistent hashing and deep learning to assign content smartly and distribute requests evenly. This results 

in higher efficiency and fewer content misses. The figure clearly shows that DCCC scales better than others. It improves cache performance 

in edge computing. DCCC uses smart cooperation between nodes. This makes it more effective. Distributed reinforcement learning helps 

it learn better. It performs better than traditional caching methods. 

 

 
Fig. 5: CCHR Comparison. 

 

Figure 6 shows how cumulative reward changes over 100 training episodes for three methods: DCCC, ICE, and DRL-Edge. In the early 

episodes, all models improve, but DCCC rises the fastest. It jumps from about 68 to 95 in the first 15 episodes. After that, its growth slows 

but remains steady. It crosses 100 by episode 20 and reaches around 112 by episode 100. ICE begins at around 60 and climbs at a slower 

pace. It moves steadily with small dips and ends close to 101. DRL-Edge shows the slowest progress. It starts near 55, grows gradually, 

and ends below 85. DCCC maintains a clear lead in both learning speed and reward throughout all training episodes. If we look at specific 

points, DCCC’s cumulative reward is already near 100 by episode 25. ICE is around 87, and DRL-Edge is under 80. By episode 50, DCCC 

stays above 105. ICE fluctuates between 90 and 95. DRL-Edge hovers below 85. In the last 20 episodes, DCCC shows stable and high 

rewards with fewer drops. ICE shows some rise but with more noise, while DRL-Edge levels off. The gap between DCCC and the others 

grows over time. This confirms that DCCC learns more efficiently. Its higher and smoother reward curve proves it delivers better caching 

decisions through distributed coordination and deeper learning. 

 

 
Fig. 6: Learning Curve: Reward Over Episodes. 

 

Figure 7 shows the CHR in percentage for three caching methods—DCCC, ICE, and DRL-Edge. It is under different cache sizes ranging 

from 100 MB to 700 MB. It starts at 70% for 100 MB and steadily climbs to 88% at 700 MB. ICE follows next, beginning at about 67% 

and reaching around 81%. DRL-Edge has the lowest CHR, starting at 62% and ending at 74%. As the cache size increases, all methods 
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show improvement, but the gap between DCCC and the others also widens. Quantitatively, from 100 MB to 400 MB, DCCC improves by 

11 percentage points. ICE gains about 9 percentage points. DRL-Edge improves by roughly 9% as well. At 500 MB, DCCC reaches about 

85%. ICE is around 79% and DRL-Edge stands at 72%. At the maximum cache size of 700 MB, DCCC achieves the highest CHR of nearly 

88% with ICE at 81% and DRL-Edge at 74%. This clearly demonstrates that DCCC gains the most advantage from larger cache sizes. It 

makes better use of available memory through coordination and intelligent caching strategies. The graph shows that all methods improve 

with more cache. But DCCC gives the best results. It reaches the highest performance. DCCC scales better in edge caching systems. 

 

 
Fig. 7: Effect of Cache Size on CHR. 

 

Figure 8 presents how the average transmission time changes with increasing request rates for DCCC, ICE, and DRL-Edge. As the request 

rate goes from 10 to 70 requests per second, the delay increases for all methods. DCCC has the lowest delay at the start. It begins at around 

110 milliseconds. At 70 requests per second, it reaches about 140 milliseconds. The increase is steady and smooth. ICE begins slightly 

higher at 120 milliseconds and reaches approximately 158 milliseconds by the end. DRL-Edge shows the highest delay throughout, starting 

at 132 milliseconds and ending at nearly 177 milliseconds. This shows that DCCC handles network load more efficiently than the other 

two. The differences between the methods become more noticeable as the request rate increases. At 30 requests per second, DCCC has an 

average delay of 120 milliseconds. ICE is around 130, and DRL-Edge is above 140. At 60 requests per second, DCCC maintains a delay 

close to 135 milliseconds. ICE reaches about 150, and DRL-Edge approaches 170. The gap widens under heavy traffic, proving that DCCC 

is more stable and scalable. Its slower increase in delay suggests smarter decision-making and better caching efficiency. This makes DCCC 

a strong choice for systems that need to serve content quickly, even when many requests are made at once. 

 

 
Fig. 8: Effect of Request Rate on ATT. 

 

Figure 9 shows the content exchange time for four caching strategies: ICE, AC, LRU, and LFU. Each method is evaluated based on its 

minimum, average, and maximum content exchange time. ICE has the lowest values among all methods. Its minimum exchange time is 

around 5000. The average is about 6000. The maximum is just above 6200. AC comes next with higher values. Its minimum is 7000. The 

average is around 8500. The maximum reaches 9000. In comparison, LRU and LFU show similar and slightly higher exchange times than 

AC. LRU’s values are approximately 7500 (min), 8000 (avg), and 8700 (max). LFU shows similar results to AC. It starts at about 7300. 

The average is around 8100. The maximum goes up to 8800. ICE has the lowest overhead. It handles content coordination better. This 

makes ICE more efficient for node communication. AC, while adaptive, introduces more frequent content shifts. LRU and LFU show the 

highest load in content exchange. It is due to static policies causing frequent replacements. The chart clearly indicates that smarter and 

cooperative strategies like ICE reduce content exchange overhead significantly. 

 

 
Fig. 9: Content Exchange Time for Different Caching Types. 
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Figure 10 shows how average energy consumption (in joules) changes with increasing cache size for three caching methods: DCCC, ICE, 

and DRL-Edge. All three methods consistently show a decrease as the cache size increases. DCCC begins at around 2.8 J with 100 MB 

and decreases steadily to just below 1.9 J at 700 MB. ICE starts higher, at 3.0 J, and reduces to about 2.0 J. DRL-Edge consumes the most 

energy, starting at 3.2 J and dropping to approximately 2.2 J. Quantitatively, DCCC shows the best energy efficiency throughout. Between 

100 MB and 400 MB, DCCC’s energy usage falls by about 0.6 J. ICE reduces by about 0.7 J, and DRL-Edge by nearly 0.6 J. However, at 

every point, DCCC stays ahead with the lowest energy values. At 500 MB, DCCC is around 1.95 J. ICE is at 2.15 J, and DRL-Edge is at 

2.3 J. By 700 MB, DCCC reaches its lowest point just below 1.9 J. ICE ends near 2.0 J, and DRL-Edge is at 2.2 J. These results prove that 

DCCC is more energy-efficient and scales better as cache size increases. The smoother drop in DCCC's curve shows it uses cache space 

more intelligently. It reduces data transmission and energy usage. This underscores DCCC’s strength in optimizing resource usage in 

caching systems. 

 

 
Fig. 10: Energy Consumption Versus Cache Size. 

 

Figure 11 shows the loss curves with clear differences in learning behavior across 100 training episodes. DCCC performs better with the 

lowest loss values throughout the training. ICE comes next, showing steady improvement but slightly higher values than DCCC. DRL-

Edge has the highest loss and the most fluctuations. It indicates slower and less stable learning. Early in the training, all models start with 

high loss. The gap between DCCC and the others widens quickly. DCCC’s curve is smoother, showing better convergence. DRL-Edge has 

more noise and variability. By looking at the numbers, we see that in the first 20 episodes, DCCC reduces its loss from around 1.0 to below 

0.6. ICE follows with a drop from 1.15 to around 0.7. DRL-Edge lags still near 0.85. At episode 50, DCCC is close to 0.3. ICE near 0.4 

and DRL-Edge slightly above 0.5. Toward the end of training, DCCC reaches its lowest point near 0.1. ICE stabilizes around 0.2, and 

DRL-Edge remains above 0.3. These observations indicate that DCCC learns more quickly, adapts more effectively, and delivers more 

reliable training results. Its lower and smoother loss curve demonstrates stronger model stability and more efficient optimization. 

 

 
Fig. 11: Loss Over Episodes for Different Caching Methods. 

 

Figure 12 shows the Q-value variance over 100 training episodes for three caching models: DCCC, ICE, and DRL-Edge. A lower variance 

means better learning stability. At the start, all models begin with high variance. DRL-Edge starts at the top with around 0.39. ICE begins 

at about 0.28 and DCCC at around 0.24. As training continues, the variance decreases for all methods, but the rate and smoothness differ. 

DCCC shows the fastest and smoothest decline. ICE reduces steadily as well. DRL-Edge shows more fluctuation throughout the training 

process. By episode 50, DCCC's Q-value variance has dropped below 0.10. ICE is around 0.12, and DRL-Edge is still around 0.17. As the 

training moves forward, DCCC continues to improve and maintains a variance near 0.03 toward the end. ICE stabilizes and ends close to 

0.04. DRL-Edge shows more delay. It ends with a higher variance, near 0.06. This suggests that DCCC learns more efficiently and con-

verges to a stable policy faster than the other methods. The smoother and lower curve of DCCC proves that it offers better training stability. 

ICE performs well. DRL-Edge struggles with learning. It has a higher variance in results. This happens more in the early and middle 

episodes. Its learning is less stable. This figure shows that DCCC not only learns faster but is also more confident and reliable across the 

training episodes. 

 

 
Fig. 12: Q-Value Stability Over Episodes. 
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In Figure 13, as the number of edge nodes increases, the CCHR increases for all four caching methods—DCCC, AC, LRU, and LFU. 

Among these, DCCC demonstrates the most significant increase. It begins at a higher level than the others and continues to grow more 

rapidly with each additional node. AC improves steadily but stays below DCCC throughout. LRU and LFU begin with lower values and 

only gain slightly as the number of nodes increases. DCCC maintains the highest performance. The traditional methods, like LRU and 

LFU, show limited benefits from added nodes. This reflects how advanced coordination strategies enhance caching performance in large 

systems. Looking at the numbers, DCCC grows from 70% at 2 nodes to 88% at 14 nodes. It gains 18 percentage points. AC increases from 

65% to 80% a gain of 15 points. LFU starts at 56% and ends at 67%. LRU begins at 55% and reaches 65%. At 10 nodes, DCCC is already 

around 85%. AC is at 77%, LFU near 64% and LRU just above 63%. These values show that DCCC uses cooperation more effectively. It 

scales well as more nodes are added, giving higher hit ratios. In contrast, LRU and LFU do not take much advantage of distributed caching. 

It makes them less suitable for cooperative edge environments. The figure confirms the benefit of smart caching. Intelligent coordination 

improves performance. Learning methods make caching more adaptive. This makes it more efficient. These methods scale well. They work 

better as more edge nodes are added. 

 

 
Fig. 13: CCHR Versus Number of Edge Nodes. 

 

Figure 14 illustrates how the CHR changes as cache size increases from 100 MB to 700 MB for four caching methods. As the cache size 

increases, all four methods show improvements in hit rate, but at different rates. DCCC performs the best starting at about 71% with 100 

MB. It is reaching nearly 88% at 700 MB. AC follows, starting at around 65% and ending at 80%. LFU and LRU start lower, both near 

55%, 57% rise more slowly. It ends around 67% and 65%, respectively. Quantitatively, DCCC improves by 17 percentage points over the 

full cache size range. AC improves by 15 points. LFU and LRU show smaller gains of about 12 and 10 points. At 300 MB, DCCC already 

reaches around 78%. AC is near 72%, LFU is around 61% and LRU is close to 60%. At 500 MB, DCCC climbs above 84%. AC reaches 

77%, LFU is around 63% and LRU is near 62%. This shows that DCCC scales better with more cache space and makes better caching 

decisions. AC performs reasonably well but falls behind DCCC. Traditional methods like LRU and LFU show slower growth and lower 

performance overall. The figure clearly shows the benefit of DCCC. It uses larger cache sizes more effectively. DCCC gives higher hit 

rates. It performs better than basic caching methods. Learning-based strategies have a clear advantage. 

 

 
Fig. 14: Cache Hit Rate Comparison. 

 

Figure 15 shows how the energy saved (%) increases with the number of edge nodes for four caching methods. As the number of nodes 

increases, all four methods show improvement, but at different rates. DCCC performs best. It starts at 20% energy saved with 2 nodes and 

climbs steadily to about 78% with 14 nodes. AC shows strong gains, beginning at 15% and reaching around 68% by the end. LFU and 

LRU show much slower growth. LFU starts at 10% and ends close to 30%. LRU begins at 8% and finishes just above 22%. Quantitatively, 

DCCC shows an increase of 58 percentage points from 2 to 14 nodes. It is the highest among all methods. AC increases by 53 percentage 

points in the same range. LFU gains about 20 percentage points. LRU shows the smallest improvement of roughly 14 points. At 8 edge 

nodes, DCCC already saves about 60% energy. AC is close to 50%, LFU around 21% and LRU about 18%. The performance gap widens 

as more nodes are added between DCCC and the traditional methods. This result clearly shows that DCCC uses cooperation more effec-

tively to reduce energy use. It adapts better to larger networks, resulting in higher energy savings. In contrast, LRU and LFU do not benefit 

much from added nodes. It suggests that basic caching techniques are less efficient in dynamic, distributed edge environments. 
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Fig. 15: Energy Saved Versus Number of Nodes. 

 

In Figure 16, by the end of 100 training episodes, DCCC achieves the highest cache hit rate. It reaches around 85%. ICE follows with a 

final value of about 79%. DRL-Edge ends at approximately 74%. These results show that DCCC offers better caching accuracy than the 

other two methods. The performance gap between DCCC and DRL-Edge is more than 10 percentage points. The difference between DCCC 

and ICE is around 6 points. This shows that DCCC delivers stronger and more effective learning in dynamic environments. DCCC starts 

at 62%. It rises sharply in the first 30 episodes. By episode 40, it goes above 80%. The increase is fast and smooth. ICE begins at 60% and 

grows steadily, reaching 75% near episode 50 before slightly slowing down. DRL-Edge starts lower at 57% and takes longer to improve, 

reaching just above 70% after 60 episodes. Its curve is less smooth with more fluctuations throughout. DCCC, on the other hand, maintains 

a steady increase with fewer fluctuations, indicating stable learning. The overall pattern suggests that DCCC is more efficient and consistent. 

ICE performs moderately, and DRL-Edge improves more slowly and remains behind in hit rate. 

 

 
Fig. 16: Episode-Wise Cache Hit Rate Comparison. 

7. Conclusion 

This paper proposed two intelligent caching systems for edge networks: ICE and DCCC. The main goal was to reduce transmission delay 

and save energy by storing useful content closer to users. Both systems used DRL to make smart caching decisions. The first system, ICE, 

works on a single edge node. It uses a model based on Newton’s Law of Cooling to track how content popularity changes over time. ICE 

learns which files are valuable by observing user requests. It then decides which content to keep or remove from the cache. Over time, ICE 

improves and becomes better at storing the most needed content. The second system, DCCC, is for multiple edge nodes working together. 

It uses consistent hashing to divide content among the nodes. This avoids storing the same content in many places. DCCC balances the 

load by sending user requests to nearby nodes when one node is busy. This cooperation improves the use of storage and reduces overall 

system delay. The work showed that both ICE and DCCC are flexible. They work well even when content demand changes. They adjust 

to different cache sizes and user request rates. This makes them useful for many real-world edge computing environments, for example, 

5G, smart cities, and IoT systems.  
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