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Abstract—With the purpose to offload data traffic in wireless
networks, content caching techniques have recently been studied
intensively. Using these techniques and caching a portion of
the popular files at the local content servers, the users can
be served with less delay. Most of the content replacement
policies are based on the content popularity, that depends on
the users’ preferences. In practice, such information varies over
time. Therefore, an approach to determine the file popularity
patterns must be incorporated into caching policies. In this
context, we study content caching at the wireless network
edge using a deep reinforcement learning framework with
Wolpertinger architecture. In particular, we propose deep actor-
critic reinforcement learning based policies for both centralized
and decentralized content caching. For centralized edge caching,
we aim at maximizing the cache hit rate. In decentralized edge
caching, we consider both the cache hit rate and transmission
delay as performance metrics. The proposed frameworks are
assumed to neither have any prior information on the file
popularities nor know the potential variations in such infor-
mation. Via simulation results, the superiority of the proposed
frameworks is verified by comparing them with other policies,
including least frequently used (LFU), least recently used (LRU),
and first-in-first-out (FIFO) policies.

I. INTRODUCTION

The rapid growth in the number of mobile devices and in

rich media-enabled applications has led to a 17-fold increase

in mobile data traffic from 2012 to 2017 [1]. Mobile video

accounts for more than half of this data traffic, and is

predicted to further grow by 9-fold, accounting for 79% of the

total data traffic, by 2022. However, the increase in mobile

network connection speed, which is predicted to be only

about three-fold, will not be adequate to satisfy the users’

demands on high-quality streaming services.

To better serve the users, content caching strategies have

been studied recently. In particular, content caching is con-

sidered as a key approach to reduce the data traffic as

it enables the content server nodes to store a part of the

popular contents locally, so that when the cached contents

are requested, the server can deliver the content directly to

the users and reduce the delay and congestion in the network.

Motivated by this, different caching strategies have been

studied in the literature. For central content servers, such

as the baseband unit in a cloud radio access network (C-

RAN), centralized coded caching and delivery schemes were
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presented in [2] and [3]. Regarding decentralized caching,

the authors in [4] presented a decentralized optimization

method for the design of caching strategies that aimed at

minimizing the energy consumption of the network. Recently,

proactive caching at the wireless network edge, such as at

the base stations and user equipments, is proposed. This

technique makes it possible to have popular contents to be

placed closer to the end users and be directly transmitted,

which can effectively reduce the time compared to routing

in content delivery networks (CDNs), and apparently save a

considerable amount of waiting time for users and offload

a portion of the data traffic at the CDN. For instance,

authors in [5] and [6] studied edge caching policies aimed

at minimizing the transmission delay in cellular networks.

In [7], a decentralized framework for proactive caching was

proposed based on blockchains considering a game-theoretic

point of view. In [8], caching and multicast problems were

jointly solved using dynamic programming. In addition,

studies on hierarchical caching have also been conducted. For

instance, in [9], [10], [11], hybrid content caching schemes

for joint content caching control at the baseband unit and

radio remote heads were presented. And the authors in [12]

proposed an edge hierarchical caching policy for caching at

small base stations and user equipments. In addition, other

caching strategies have been intensively studied recently

considering different models and strategies. For instance, the

study in [13] proposed an age-based threshold policy which

caches all contents that have been requested by more than

a certain threshold. Furthermore, popularity-based content

caching policies named StreamCache and PopCaching were

studied in [14] and [15], respectively. Recently, femtocell

caching [16], coded caching [17] and D2D caching [18] have

also been investigated.

We in this work concentrate on edge caching at small

base stations, where the caching policy at the base station is

driven by the content popularity. Hence, content popularity

is the key to solve the caching problem. In previous works,

content popularity is assumed to be either known to the

content server as presented in [7], [19], or estimated before

the caching actions as proposed in [20], [6]. The former

assumption makes the framework less practical when the

content popularity is time-varying, and the estimation of the

content popularity or the arrival intensity of the users’ re-

quests will lead to large overhead. To avoid these drawbacks,

machine learning methods have recently been introduced to
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determine efficient caching policies. For instance, the au-

thors in [21] trained the optimization algorithms for caching

through a deep neural network in advance. In other studies,

different deep reinforcement learning (DRL) algorithms were

used to find the caching policies that can better adapt to

changing environments. In [22], authors implemented a Q-

learning algorithm to find the optimal caching policy. In

[23] and [24], the use of actor-critic deep reinforcement

learning frameworks for caching policies were studied. And

for the cooperative caching policy in decentralized caching

networks, a multi-agent Q-learning solution was proposed in

[25], and authors in [26] and [27] presented two different

multi-armed bandit based caching schemes.

In this work, we propose a DRL based framework for edge

content caching at the base stations. We initially consider

a single-cell wireless scenario with one base station, and

study centralized caching where the single base station is the

only cache-enabled content server. Subsequently, we address

a multi-cell wireless network, and consider a decentralized

caching framework, where each base station is equipped with

caching storage space.

As seen in previous studies, content popularity distribu-

tion has a key role in content caching problems. Though

the DRL algorithms do not require the content popularity

information, the agent needs to observe enough features of

the environment to ensure the accuracy of its decisions, so we

adopt the Wolpertinger architecture based actor-critic DRL

framework [28] to deal with large discrete action spaces. And

for the decentralized caching system, we propose a multi-

agent framework [29], [30], [31] for cooperative caching.

The main contributions of this paper are summarized

below:

• We present an actor-critic DRL framework, which

adopts the Wolpertinger architecture, for content caching

in the case of a single base station, and extent it to a

multi-agent actor-critic framework used for decentral-

ized cooperative caching at multiple base stations.

• We analyze the performance of the proposed framework

for centralized caching in terms of the cache hit rate,

and provide comparisons with other caching polices

including least recently used (LRU), least frequently

used (LFU), and first-in first-out (FIFO) policies. We

demonstrate that the DRL agent is able to achieve

improved short-term cache hit rate and improved and

stable long-term cache hit rate.

• We analyze the performance of the proposed multi-agent

framework in terms of the cache hit rate and also the

transmission delay reduction, and again provide compar-

isons with the LRU, LFU, and FIFO caching strategies.

We show that the proposed multi-agent framework can

identify the popular contents effectively, and outperform

the other schemes.

The remainder of the paper is organized as follows. First,

in Sections II and III, we focus on the study of a centralized

caching system. Specifically, in Section II, the single-cell

Fig. 1. System model of a centralized caching system.

system model and the cache hit rate maximization problem

is introduced. In Section III, the deep actor-critic reinforce-

ment learning based centralized edge caching framework

is proposed. Subsequently, we extent our analysis to the

decentralized edge caching scenario in Sections IV and V.

In Section IV, we introduce the multi-cell system and the

decentralized edge caching problems based on the overall

cache hit rate and transmission delay. And in Section V, we

demonstrate the multi-agent framework for the decentralized

edge caching scenario. Numerical results are presented and

discussed in Section VI. Finally, we conclude in Section VII.

II. CENTRALIZED EDGE CACHING IN A SINGLE-CELL

NETWORK: SYSTEM MODEL AND PROBLEM

FORMULATION

A. System Model

In the centralized caching system, shown in Fig. 1, we

assume that there is only one cache-enabled base station,

which is the content server for all users in its coverage. It is

also assumed that the total number of contents that can be

requested by the user is M and the base station can store C
contents at most1. These contents have different popularities,

which can be quantified by the probability that the content

will be requested by the users. In this centralized caching

system, we assume that the requests from users arrive at the

base station one by one, and a Zipf distribution is used to

approximatively describe the popularity distribution of the

files at all users. Here, we assign each content a unique index,

and use this index as the content ID when users request the

content. So, we can denote the requests from the users as

Req = {R1, R2, R3, ...}, where Rt denotes the ID of the

requested content at time t.
Since the base station is equipped with cache storage, it

first checks if the contents requested by the users are cached

locally. If the requested contents are available in the local

cache, then the base station can transmit the contents to the

corresponding user without requesting them from the upper

level content servers. To avoid requesting content as much as

possible, the base station needs to update its cache according

1In this work, we assume that all contents have the same size. And based
on this assumption, we use the number of contents, C, that can be stored
at a base station as the cache capacity.
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to users’ preferences. Each time a request arrives, the base

station, as noted above, will first check if the requested

content is available locally, so that it can decide how to serve

the user. Then, the base station has to decide whether or not

to update its cache. Therefore, for each content, there are

two cache states: cached, and not cached. The cache state

gets updated based on the caching decision. Here, we define

two types of actions: the first one is to find a pair of contents

and exchange the cache states of the two contents and the

second one is to keep the cache states of all the contents

unchanged. We describe the action space at the base station as

A = {a1, a2, a3, ..., am}, where aυ , υ = 1, 2, . . . ,m, denotes

a valid action and m is the size of the action space. Note that

the replacement in the cache requires two contents in pair:

one is to be added to the cache, and the other one is to be

removed from the cache. Hence, the value of m depends on

the cache capacity and the number of content files, and has

a finite but generally a large value. Theoretically, multiple

actions can be executed in one decision epoch. To reduce

the computational complexity, we need to limit the action

space size m and the number of actions to be executed in

one decision epoch. For this purpose, we propose to employ

the Wolpertinger architecture based DRL framework as will

be discussed in detail in subsection III-B.

B. Problem Formulation

In this part, we formulate the caching problem with the

objective to maximize the cache hit rate, which describes

how frequently the requested content is found in the local

cache.

For the centralized caching system, the cache hit rate is

computed from the perspective of the base station, and the

cache hit rate P c
hit in T requests is defined as

P c
hit =

∑T
t=1 1 (Rt)

T
(1)

where indicator function 1 (Rt) is defined as

1 (Rt) =

{

1, if the request Rt hits in the cache,

0, otherwise
(2)

with the cache being essentially described as the set of indices

of the contents in the cache at time t (with cardinality equal

to the cache capacity C).

And the problem of the maximization of the cache hit rate

over the caching states can be expressed as

P1: Maximize
Φ

P c
hit (3)

Subject to

M
∑

f=1

φf ≤ C (4)

where Φ is the 1×M dimensional content state vector that

records the states of all contents (describing whether they

are cached or not), and each element φf in the content state

vector is an indicator to show if the file is cached:

φf =

{

1 if the file f is cached at the base station

0 if the file f is not cached at the base station
.

(5)

III. DEEP ACTOR-CRITIC FRAMEWORK FOR

CENTRALIZED EDGE CACHING

To solve the optimization problem P1, we in this section

propose a Wolpertinger architecture based single-agent actor-

critic DRL framework for centralized edge caching. First, we

introduce the related definitions in this architecture. Several

of these definitions will also be used for the decentralized

edge caching framework in Sections IV and V.

A. Related Definitions

1) Agent’s Observation and State Space:

a) Observations of the Centralized DRL Agent: The

centralized DRL caching agent assumes the feature space

of the cached contents and the currently requested content

as the state. In each decision epoch, we assign a temporary

index to each content from which we need to extract features.

Since we only extract the features from cached contents and

the currently requested content, we let the indices range from

0 to cache capacity C. The index of the currently requested

content is 0, while the index of the cached content varies from

1 to C. This temporary index is different from the content ID

and is only used for denoting the feature. Thus, the observed

state at time t is defined as st = {Fs;Fm;Fl}, where Fs,

Fm, Fl are the features collected at different times, as will

be discussed next.

b) Feature Space: The feature space consists of three

components: short-term feature Fs, medium-term feature

Fm, and long-term feature Fl, which represent the total

number of requests for each content in a specific short-,

medium-, long-term, respectively. These features are updated

as new requests arrive at agents. Then, we let fxj , for

x ∈ {s,m, l} and j ∈ {1, . . . ,M}, denote the feature of a

specific content within a specific term, where M is the total

number of contents. As mentioned above, the observation for

each agent can be expressed by {Fs;Fm;Fl}, and we have

Fs = {fs0, fs1, ..., fsM}, Fm = {fm0, fm1, ..., fmM}, and

Fl = {fl0, fl1, ..., flM}.
2) Action Space: In order to limit the action size, we

restrict that the DRL agent can either only replace one

selected cached content by the currently requested content,

or keep the cache state the same. Thus, each replacement

action of the caching agents indicates a pair of content IDs:

one is the ID of the cached content to be deleted from the

cache, and the other one is the ID of the content which is

currently requested. So, all possible replacement actions can

be described by a C×L matrix, where C is the cache capacity

and L is the number of requests arriving simultaneously. For

the centralized caching agent, since we assume that the users’
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requests arrive one by one, we have L = 1, which means that

the replacement decision must be made between only the

current requested content and a cached content. Therefore,

the action space of the centralized caching agent can be

defined as A = {0, 1, 2, ..., C}, where C is again the cache

capacity at the base station.

And we assume that only one action can be selected in

each decision epoch. Let at be the selected action in epoch t.
Note that for each caching decision, there are (C+1) possible

actions. When at = 0, the currently requested content is not

stored, and the current caching space is not updated. And

when at = υ for υ ∈ {1, 2, ..., C}, the action is to store the

currently requested content by replacing the υth content in

the cache space.

3) Reward: As stated in the previous section, the cen-

tralized caching agent aims at maximizing the cache hit

rate to solve problem P1. The reward rt for each decision

epoch depends on the short and long-term cache hit rate.

For example, we set the short-term reward, considering the

number of requests for local content in the next epoch, i.e.,

the short-term reward P c
hit,s can be either 0 or 1. And let the

total normalized number of requests for local content within

the next 100 requests as the long-term reward P c
hit,l ∈ [0, 1].

The total reward for each step is defined as the weighted sum

of the short and long-term rewards

rt = P c
hit,s + w ∗ P c

hit,l (6)

where w is the weight to balance the short and long-term

rewards. For instance, if we lower the value of w, we give

more priority to the short-term reward to maximize the cache

hit rate at every step given the chosen action.

B. Wolpertinger Architecture

Based on the Wolpertinger Policy [28], our framework

consists of three main components: actor network, K-nearest

neighbors (KNN), and critic network. We train the centralized

caching policy using the Deep Deterministic Policy Gradient

(DDPG) [32]. This Wolpertinger architecture works in three

steps. First, the actor network takes cache state and the

current content request as its input, and provides a single

proto actor â at its output. Then, KNN receives the single

actor â as its input, and calculate the L2 distance between

every valid action and the proto actor in order to expand

the proto actor to an action space, denoted by AK , with K
elements and each element being a possible action aυ ∈ A.

And at the last step, the critic network takes the action space

AK as its input, and refines the actor network on the basis

of the Q value. The DDPG is applied to update both critic

and actor networks.

Below we provide a more detailed description of the key

components of the algorithm.

The actor: The actor network is designed to choose a

proto-actor â ∈ A from the valid actions. This selection is

based on the decision policy of the actor network, and will

be updated after each decision.

K-nearest neighbors (KNN): The generation of the proto-

actor can help reduce the potentially high computational

complexity due to the large size of the action space. However,

reducing the high-dimensional action space to one actor will

lead to poor decision making. To remedy this, the K-nearest

neighbors mapping, gK , is applied to expand the actor â to

a set of valid actions selected from the action space A. The

set of actions returned by gK is denoted by AK :

AK = gK(ât) (7)

where

gK =
K

argmin
a∈A

|a− â|2. (8)

With (8), we determine the K nearest neighbors of the

proto-actor. Here, a is a valid action in the action space

A, and |a − â|2 is the L2 distance of the features between

the action a and the proto-actor â. When the proto-actor is

selected by the actor network, the agent will traverse the

action space to find the K nearest feature distances, and the

action set will be determined accordingly.

The critic: To avoid the actor with low Q-value being

occasionally selected, a critic network is defined to refine

the actor. The critic network will evaluate all actions in

the expanded action space, and the action that provides the

maximum Q value will be chosen as at , i.e.,

at = arg max
aj∈AK

Q(st, aj). (9)

C. Single-Agent Actor-Critic Framework

In this subsection, we present the details of the single-agent

actor-critic framework for the centralized caching system, and

introduce the update of the two networks.

The actor: The actor network is defined as a function

parameterized by θµ, mapping the state S from the state

space to the action space A. The mapping provides a proto-

actor â in A for a given state under the current parameter.

Here, we scale the proto-actor to make sure â is a valid action

i.e., â ∈ A:

µ(s|θµ) : S → A (10)

µ(s|θµ) = â. (11)

The critic: The critic is employed as a refining network,

and the deterministic target policy is described below:

Q(st, aj |θ
Q) = Ert,st+1∼E [r(st, aj) + γQ(st+1, at+1|θ

Q)]
(12)

where θQ stands for the parameters of the critic network,

and γ ∈ (0, 1] is the discount factor which weighs the future

accumulative reward Q(st+1, at+1|θ
Q). Here, the critic takes

both the current state st and the next state st+1 as its input

to calculate the Q value for each action in AK . Then, the

action that provides the maximum Q value will be chosen as

at, i.e.,

at = arg max
aj∈AK

Q(st, aj |θ
Q). (13)
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Update: To update the parameters of actor and critic, we

replay a minibatch of samples randomly selected from the

previous transition, with a minibatch size NB. Therefore,

the actor policy is updated using deep deterministic policy

gradient, which is given as

∇θµJ ≈
1

NB

∑

i

∇aQ(s, a|µQ)|s=si,a=µ(si)∇θµµ(s|θ
µ)|si

(14)

and the critic is updated by minimizing the loss:

L =
1

NB

∑

i

(yi −Q(si, ai|θ
Q))2 (15)

where yi = ri + γQ′(si+1, µ
′(si+1|θ

µ′

)|θQ
′

).
Workflow: In this part, we introduce the workflow of the

proposed framework. At the beginning of each epoch t, the

agent observes the state st from the environment. Then,

the proto-actor obtained by the actor network based on the

current policy will be passed to KNN, and expanded action

set will be evaluated by the critic network. Then, an ǫ-greedy

policy is applied at selecting the action at. This policy can

force the agent to explore more possible actions. After the

chosen action is executed in the environment, the transition

(si, ai, ri, si+1) will be stored to the memoryM at the end of

this epoch. Next, a minibatch with size NB will be randomly

sampled from the memory M and replayed to update the

actor and critic networks. The complete process is presented

in Algorithm 1 below.

IV. DECENTRALIZED EDGE CACHING IN MULTI-CELL

NETWORKS: SYSTEM MODEL AND PROBLEM

FORMULATION

A. System Model

The decentralized caching system considered in this sec-

tion is depicted in Fig. 2. The system consists of a cloud

data center and N cache-enabled base stations. Similar to

the centralized content server, each base station in this

decentralized content caching system also has a fixed cache

capacity C and is able to serve the users from the cache when

the requested contents are available locally. For the contents

not cached locally, a request is generated by the base station

to retrieve the content from the cloud data center. Here, we

assume that the cloud data center has sufficient storage space

to have all content files, and all base stations can connect

with the cloud data center. As shown in the figure, each

base station covers a fixed cellular region described by a

circle with the corresponding base station at the center, and

the radii of the cells are fixed and all users in the cell can

access the corresponding base station. There are U users

randomly distributed in the system, and they are located in at

least one cellular region covered by a base station to ensure

service. Each base station receives requests from all users in

its cellular region simultaneously, and based on the requests,

the base station will learn users’ preferences for contents and

make caching decisions.

Algorithm 1 Single-Agent Actor-Critic Algorithm for Con-

tent Caching

1: Randomly initialize critic network Q(s, a|θQ) and actor

µ(s|θµ) with weights θQ and θµ.

2: Initialize target network Q′ and µ′ with weights θQ
′

←−
θQ, θµ

′

←− θµ

3: Initialize replay buffer M with capacity of NM

4: Initialize features space F
5: for t = 1, T do

6: The base station receive a request Rt

7: if Requested content is already cached then

8: Update cache hit rate and end epoch;

9: else

10: if Cache storage is not full then

11: Cache the currently requested content

12: Update cache state and cache hit rate

13: End epoch;

14: end if

15: Receive observation state st
16: Actor: Receive proto-ation from actor network

ât = µ(st|θ
µ).

17: KNN: Retrieve k approximately closest actions

AK = gK(ât)
18: Critic: Select action at =

argmaxaj∈AK
Q(st, aj |θ

Q) according to the current

policy.

19: Execute action at, and observe reward rt and

observe new state st+1

20: Store transition (st, at, rt, st+1) in M
21: Sample a random mini batch of NB transitions

(si, ai, ri, si+1) from M
22: Set target yi = ri + γQ′(si+1, µ

′(si+1|θ
µ′

)|θQ
′

)
23: Update critic by minimizing the loss: L =

1
NB

∑

i(yi −Q(si, ai|θ
Q))2

24: Update the actor policy using the sampled policy

gradient:

25: ∇θµJ ≈
1

NB

∑
i ∇aQ(s, a|µQ)|s=si,a=µ(si)∇θµµ(s|θ

µ)|si
26: Update the target networks with τ ≪ 1:

27: θQ
′

←− τθQ + (1− τ)θQ
′

28: θµ
′

←− τθµ + (1− τ)θµ
′

29: Update the cache state

30: Update features space F
31: Update cache hit rate

32: end if

33: end for
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Fig. 2. System model of a decentralized caching system.

We assume that in a given time slot, the users’ locations

do not change and those located in the overlapped regions

can be served by any one of the corresponding base stations.

Users have their own preferences for contents, and in each

time slot, each user can request only one content. Here, we

denote the total number of contents as M , and use the content

ID to denote the requests for the corresponding content. In

each operation cycle, users request contents based on their

own preferences. The requests are sent to all base stations

that can connect with the user, and, for instance, when delay

is the performance metric, the base station that provides

the minimum transmission delay will finally transmit the

requested content file to the user. In the meantime, all base

stations will update their caches to improve the cache hit

rate or minimize the average transmission delay based on

the users’ requests.

The base stations will compete with each other to get

the chance to transmit and also cooperate with each other

to reduce the overall transmission delay. To realize this

framework, we propose a Wolpertinger architecture based

multi-agent framework. In this framework, there are N actor

networks and one centralized critic network. We consider

each base station as an agent that adopts one of the actor

networks to seek its own caching policy. And we assume

there are control channels that allow the base stations to

send the caching state and data traffic parameters to the

cloud date center, so that the cloud data center can act as

the centralized critic to evaluate the overall caching state2.

Similar to the centralized content server, in each operation

cycle, the decentralized agent can either keep the cache state

the same or replace unpopular contents with the popular ones.

Note that there can be more than one request arriving at a

base station at the same time, and for different contents, the

agent needs to jointly decide which cached content will be

deleted and which content requested by which user will be

cached. For each agent i, we define the action space as Ai,

and let Ai = {a0, a1, ..., aDi
}, where aν denotes a valid

action. In our case, a0 indicates that the current cache state is

2We note that the centralized critic can also be placed at a node or
controller (other than the cloud data center) that is connected to the BSs.

unchanged. For ν = {1, 2, ...,Di}, we define Di =
(

Ci

1

)(

Li

1

)

,

where Ci is the total number of files that can be stored at

base station i, and Li is the number of users that can connect

with the base station i. So each aν stands for a possible

combination to replace one of Ci cached contents with one of

Li currently requested contents. In every time slot, each agent

must select its own action from the corresponding action

space Ai and execute.

As seen in the descriptions above, decentralized caching in

a multi-cell network is more general and challenging than the

centralized caching with a single base station analyzed in the

previous sections. In the decentralized caching framework,

base stations receive multiple file requests at a given time

and differentiate which users generate the requests, each user

generates the file requests according to its unique preference,

user location and channel conditions are taken into account if

the objective is to reduce the transmission delay, and overall

multi-agent reinforcement learning is employed. A challenge

in this setting is that the action space and observation space

grow as the number of users in the coverage of the base

stations increases.

B. Problem Formulation

1) Cache Hit Rate: For the decentralized caching system,

the cache hit rate is calculated from the perspective of users

in each time slot t. In particular, the cache hit rate is defined

as

P d
hit =

U
∑

j=1

ξj

U
(16)

where U is the total number of users, and ξi is an indicator

defined as

ξj =











1 if user j is served by a base station

(i.e., from the base station’s local cache)

0 if user j is served by the upper level server.

And the maximization of the cache hit rate over the

caching decisions is expressed as

P2: Maximize
Φ

Phit (17)

Subject to

M
∑

f=1

φi,f ≤ Ci ∀i ∈ {1, . . . , N}

(18)

where Φ is an N×M matrix which records the caching states

of the N base stations, and each element φi,f in the caching

state matrix is an indicator to show if the file is cached at

base station i:

φi,f =

{

1 if the file f is cached at the base station i

0 if the file f is not cached at the base station i
.

(19)
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2) Transmission Delay: For the decentralized caching sys-

tem, we evaluate the caching policy in terms of transmission

delay as well. The transmission delay is defined as the

number of time frames needed to transmit a content file, and

can be expressed as

T = min







t̃ : F ≤
t̃

∑

κ=1

T0C[κ]







(20)

where F is the size of the content file to be transmitted. T0

stands for the duration of each time frame, and C[κ] is the

instantaneous channel capacity in the κth time frame. And

the channel capacity C[κ] is expressed as

C[κ] = B log2

(

1 +
Pt

BN0
zκ

)

bits/s (21)

where Pt is the transmission power, B is the channel band-

width, N0 is the (one-sided) noise power spectral density, and

zκ is the channel gain in the κth time frame. In the system,

there are two types of transmitters: the cloud data center and

the base stations. We assume that all transmitters transmit

at their maximum power level to maximize the transmission

rate. The transmission power is denoted as

Pt =

{

Pc if the transmitter is the cloud data center

Pi if the transmitter is the ith base station
.

(22)

So, if user j requests a content, which is not cached at any

base station that can connect with the user, the content file

will be first transmitted from the cloud data center to the base

station î, which is the closest base station to the user j, and

then from the base station î to user j. Thus, the minimum

transmission delay D̂j in the case of a missing file in the

cache can be expressed as

D̂j = Tc,̂i + Tî,j (23)

where Tc,̂i stands for the transmission delay form the cloud

data center to the base station î, and Tî,j is the transmission

delay from the base station î to the user j.

However, if the requested file is cached at a base station

i, which can connect to user j, the transmission delay Dj in

the case of having a hit in the cache can be expressed as

Dj = Ti,j . (24)

Problem Formulation: In the previous section, we have

described the transmission delay for both cases of missing

and hitting in the cache. In this section, we formulate the

caching problem. First, we define the transmission delay

reduction ∆Dj as

∆Dj = D̂j −Dj . (25)

Now, the average transmission delay reduction in an opera-

tion cycle is

∆D =
1

U

U
∑

j=1

∆Dj (26)

=
1

U

U
∑

j=1

(D̂j −Dj) (27)

=
1

U

U
∑

j=1

(Tc,̂i + Tî,j − Ti,j) (28)

where U is again the total number of users. In this work, our

goal is to maximize the average transmission delay reduction,

and the caching problem is formulated as follows:

P3: Maximize
Φ

∆D (29)

Subject to ξi,j = 1 ∃i ∀j (30)

M
∑

f=1

φi,f ≤ Ci, ∀i ∈ {1, . . . , N}

(31)

where Φ is again the N × M matrix which records the

caching states of the N base stations, and each element φi,f

in the caching state matrix is an indicator, showing if the file

is cached at base station i:

φi,f =

{

1 if the file f is cached at the base station i

0 if the file f is not cached at the base station i
.

(32)

Ci is the maximum number of files that can be stored at base

station i. And ξi,j is an indicator describing if user j is in

the area covered by base station i:

ξi,j =

{

1 if user j can connect to base station i

0 if user j cannot connect to base station i
.

(33)

V. DEEP ACTOR-CRITIC FRAMEWORK FOR

DECENTRALIZED EDGE CACHING

In this section, we introduce the multi-agent deep rein-

forcement learning framework for the decentralized edge

caching problem. In this framework, there will be multiple

DRL agents that can make independent caching decisions

based on their own observations, and each agent will also

incorporate the Wolpertinger architecture as introduced in

subsection III-B.

A. Related Definitions

1) Agents’ Observation and State Space: Allowing the

agents to make their own caching decisions and cooperate

with each other, the decentralized caching framework is

proposed as a centralized critic network together with a

decentralized actor network. Therefore, the agent will feed
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the actor network with their own observations and feed the

critic network with the complete state space. This multi-agent

actor critic framework is based on a partially observable

Markov decision process. Each agent i, i = 1, 2, ..., N ,

can only observe the requests arriving at itself, and select

its own action only based on the observation oi. In the

environment, the agent i can observe the contents’ features

through its local request history. And for the centralized

critic, the state space is defined as x = {o1, o2, ..., oN}.
Similar to the centralized caching agent’s observation, the

observation oi of each decentralized caching agent can be

denoted as oi = {Fs;Fm;Fl}, where {Fs;Fm;Fl} is the

feature space as introduced in subsection III-A1.

2) Action Space: Similar to the action space in the cen-

tralized edge caching framework, introduced in subsection

III-A2, each agent in the decentralized caching framework

can either keep the current caching state unchanged or only

make one replacement. However, in the decentralized caching

system, different numbers of file requests arrive at different

base stations, since each base station serves potentially dif-

ferent number of users. Therefore, the action space size of

each decentralized agent is also different depending on the

number of users in the base stations’ service regions.

3) Reward: The decentralized caching agents are designed

to solve the optimization problems P2 or P3, depending on

whether cache hit rate or delay reduction is the ultimate goal.

To solve problem P2, in operation cycle t, after the agents

update their caches according to the selected actions, the

cache hit rate for requests in the next operation cycle t+1 will

be received as the reward within the multi-agent framework.

So we define the reward in the tth operation cycle as

rt = P t+1
hit , (34)

and to solve the problem P3, the reward for each iteration is

defined as

rt = ∆Dt+1. (35)

B. Multi-Agent Actor-Critic Framework

Now, we introduce the decentralized caching framework in

detail. Specifically, we have multi-agent actor-critic frame-

work based on the partially observable Markov decision

processes with N agents, where the critic network V (x)
and N actors πθi(oi), i = i, 2, ..., N , are parameterized by

θ = {θc, θ1, θ2, ..., θN}.
Actor: The actor network is defined as a function to seek

a caching policy π = {π1, π2, ..., πN}, which can map the

observation of the agent to a valid action chosen from the

action space A. In each time slot, agent i will select an action

ai based on its own observation oi and policy πi:

ai = πi(oi). (36)

Critic: The critic is employed to estimate the value func-

tion V (x), where x stands for the observation of all agents,

x = {o1, o2, ..., oN}. At time instant t, after the actions

at = {a1,t, ..., aN,t} are chosen by the actor networks, the

agents will execute the actions in the environment and send

the current observation xt along with the feedback from the

environment to the critic. The feedback includes the reward

rt and the next time instant observation xt+1. Then, the critic

can calculate the TD (Temporal Difference) error:

δπθ = rt + γV (xt+1)− V (xt) (37)

where γ ∈ (0, 1) is the discount factor.

Update: Instead of using DDPG to train the neural

networks as we present in the centralized caching framework,

the decentralized caching agents are updated using TD error

since this approach involves relatively lower computational

complexity, helping the decentralized caching agents more

easily meet real-time operation requirements.

Specifically, the critic is updated by minimizing the least

squares temporal difference (LSTD):

V ∗ = argmin
V

(δπθ )2 (38)

where V ∗ denotes the optimal value function.

The actor i is updated by policy gradient. Here, we use

TD error to compute the policy gradient:

∇θiJ(θi) = Eπθi
[∇θi log πθi(oi, ai)δ

πθ ] (39)

where πθi(oi, ai) denotes the score of action ai under the

current policy. Then the weighted difference of parameters in

the actor i can be denoted as ∆θi = α∇θi log πθi(oi, ai)δ
πθ ,

where α ∈ (0, 1) is the learning rate. And the actor network

i can be updated using the gradient decent method:

θi ←− θi + α∇θi log πθi(oi, ai)δ
πθ (40)

Workflow: To make the multi-agent system meet real-time

operation requirements, we abandon the memory presented

in the centralized agent. Consequently, only the current

transition will be used in updating the networks. In each

iteration, agent i, i = 1, 2, . . . , N , observes the features of

users’ requests and updates its own cache space. Each actor

network will propose a proto-actor âi,t, and each of these

proto-actors will be expanded to a K-action set respectively

by the KNN, and the expanded action set is denoted as

AiK . Then, one action will be chosen from the expanded

action set of each agent, and the chosen actions will be

combined to form a new action set to be evaluated by the

critic network. Each possible action set combination can be

expressed as Ah = (â1K , â2K , ..., âNK
), where we denote âiK

as an element chosen from the ith agent’s expanded action

set. Therefore, there will overall be KN possible action

combinations considering all agents, and we can also index

the possible action combination Ah with h = 1, 2, . . . ,KN .

The critic network will evaluate all KN possible combina-

tions of action sets. For example, if there are 2 agents, and

each agent’s proto-actor is expanded to an action set with 3
actions, the critic network will need to evaluate all 32 possible

combinations. Following this, the action combination that
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provides the maximum state value will be executed in the

environment finally. Then, the critic and actor networks will

update their parameters accordingly.

The complete process is presented in Algorithm 2 below.

Algorithm 2 Multi-Agent Actor-Critic Algorithm for Content

Caching

1: Initialize critic network V (x) and actor πθi(oi), param-

eterized by θ = {θc, θ1, θ2, ..., θN}.
2: Receive initial state x = {o1, o2, ..., oN}.
3: for t = 1, T do

4: The base station receive users’ requests Reqt =
{req1,t, req2,t, ..., reqU,t}.

5: Extract observation at time t for each agent, and xt =
{o1,t, o2,t, ..., oN,t}

6: for i = 1, N do

7: The agent i selects proto-actor âi,t = πθi(oi,t)
w.r.t. the current policy

8: Expand the proto-actor âi,t to a action set with k
actions Ai,K via KNN.

9: end for

10: Extract all possible action set combinations Ah, h =
1, 2, . . . , kN .

11: Critic network calculate the state value V with all

possible action set combinations.

12: Find the action set combination that can provide max-

imum state value, set at = argmaxâi,k∈Ai,k
V (xt+1|A)

13: Execute actions at to update the cache state of each

base station

14: Observe reward rt and new state xt+1

15: Critic calculates the TD error based on the current

parameter: δπθ = rt + γV (xt+1)− V (xt)
16: Update the critic parameter θc by minimizing the

loss: L(θ) = (δπθ )2

17: for agent i = 1 to N do

18: Update the actor policy by maximizing the action

value: ∆θi = α∇θi log πθi(oi,t, ai)δ
πθ , α ∈ (0, 1).

19: end for

20: Update features space F
21: end for

VI. NUMERICAL RESULTS

To analyze the performance of our algorithms, compar-

isons are made between our proposed deep reinforcement

learning framework and the following caching algorithms:

• Least Recently Used (LRU) [33]: In this policy, the

system keeps track of the most recent requests for every

cached content. And when the cache storage is full, the

cached content, which is requested least recently, will

be replaced by the new content.

• Least Frequently Used (LFU) [34]: In this policy, the

system keeps track of the number of requests for every

cached content. And when the cache storage is full, the

cached content, which is requested the least many times,

will be replaced by the new content.

• First In First Out (FIFO) [35]: In this policy, the

system, for each cached content, records the time when

the content is cached. And when the cache storage is

full, the cached content, which was stored earliest, will

be replaced by the new content.

A. Numerical Results for Centralized Edge Caching

1) Neural Network: In our implementation, the actor

network has two hidden layers of fully-connected units with

256 and 128 neurons, respectively; and the critic network has

two hidden layers of fully-connected units with 64 and 32

neurons, respectively. The memory capacity NM is set as

NM = 10000, and the mini batch size is set as NB = 100.

The discount factor γ introduced in (12) is set as 0.9.

In the KNN component of the algorithm, we conduct the

experiments with the number of neighbors as K1 = ⌈0.15C⌉
and K2 = ⌈0.05C⌉, where C is the cache capacity.

2) File/Content Request Generation: In our simulations,

the raw data of users’ requests is generated according to the

Zipf distribution

f(k;β,M) =
1/kβ

∑M
m=1(1/m

β)
(41)

where k is the rank of the files. For each experiment, we

collect 10000 requests as the testing data. The settings of

Zipf exponent β and total number of files M are specified

before each experiment.

3) Feature Extraction: From the raw data of content

requests, we extract the feature F and use it as the input state

of the network. Here, as features, we consider the number of

requests for a file within the most recent 10, 100, and 1000
requests.

Fig. 3 shows the overall cache hit rate (plotted in per-

centage) achieved by the proposed framework and the other

caching algorithms introduced above. In this figure, we set

the total number of files as M as 5000 and the Zipf exponent

as β at 1.3 and we vary the cache capacity. However, instead

of directly using the cache capacity C, we consider the cache

ratio σ = C
M

(where M is the total number of content

files that can be requested by the users), so that we can

analyze the impact of the cache capacity normalized by the

potential data traffic flow into this system. We observe that

the proposed framework with K1 = ⌈0.15C⌉ outperforms the

other strategies and provides the highest cache rates for all

cache capacity values, while the performance of the proposed

framework with K2 = ⌈0.05C⌉ is relatively close to the

LFU policy. This observation demonstrates that increasing

the number of neighbors selected in the KNN stage can help

improve the decision policy because the value of K dictates

how many actions can be learned in one iteration. We also no-

tice that when the cache capacity is small, the performance of

LFU is very close to our proposed framework. As the cache

capacity increases, the gap between proposed framework with



10

0.00 0.02 0.04 0.06 0.08 0.10
Cache ratio σ

20

40

60

80
P h

it
  % K1

K2
LRU
LFU
FIFO

Fig. 3. Cache hit rate vs. cache ratio σ =
C
M

. We vary the cache capacity
as C = 1, 5, 25, 50, 150, 300, 500.

K1 and other three caching algorithms increases at first, and

then gradually decreases. At cache capacity C = 500, the

cache hit rate of all four algorithms are close to each other

at around 80% hit rate. At this point, the cache hit rates

achieved by different policies tend to converge because the

cache capacity is high enough to store all popular contents.

From this point on, increasing the cache capacity will not

improve the cache hit rate significantly, and the cache hit rate

is now essentially limited by the distribution of the content

popularity.

In Fig. 4, we study the cache hit rate as a function of

the Zipf exponent β. In this experiment, we set the total

number of files as 1000, fix the cache capacity at 100,

and vary the Zipf exponent β. Again, we test the proposed

framework with two different K values, i.e., K1 = ⌈0.15C⌉
and K2 = ⌈0.05C⌉, and compare the cache hit rate with

that achieved by the non-learning based caching policies. As

β increases, cache hit rates achieved by all caching policies

grow. This is due to the fact that with larger β, there are

fewer files with larger request probabilities and therefore the

popularity of the files is skewed. Consequently, caching these

more popular files leads to an increase in the cache hit rates.

And with the same cache capacity, chances are higher that

the agent can cache all the highly popular files (the number

of which has decreased). We also notice that the slopes of all

the curves first increase and then decrease. This is because

initially when the number of popular files gets small, all

caching policies start storing the most popular files, and the

larger the β, the smaller the influence of less popular files is.

However, we eventually experience diminishing returns as β
is further increased. In addition, the gap between the curves

corresponding to K1 and K2 also increases as β gets larger.

This verifies that adopting a larger value of K can be helpful

for the agent in exploring different action strategies.

In Fig. 5, we plot the cache hit rate as a function of the

total numbers of files M . In this experiment, we set the cache

capacity as 100, fix the Zipf exponent at 1.4, and vary the

value of M . Again the proposed framework is tested with

two different values of K and the performance is compared

with the LRU, LFU, FIFO caching policies. As the number

0.6 0.8 1.0 1.2 1.4
Zipf exponent β

0
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40
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P h
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Fig. 4. Cache hit rate vs. Zipf exponent β. We vary the Zipf exponent as
β = 0.5, 0.7, 0.9, 1.1, 1.3, 1.5.
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Fig. 5. Cache hit rate vs. number of files M . We vary the number of files
as M = 1000, 2000, 3000, 4000, 5000.

of files increases, the cache hit rate achieved by all policies

tend to decrease. This is because when the cache capacity is

fixed, increasing the number of files leads to smaller cache

ratio. And since the Zipf exponent β is also fixed, the number

of popular files is increased. In this figure, we still observe

the proposed framework outperforming for all values of M .

Besides, observing the difference between the cache hit rate

achieved at M = 1000 and that achieved at M = 5000 with

the same caching policy, we find that the proposed framework

has better ability in handling cases with larger M (or smaller

cache ratio), making it more competitive in practical settings.

In Fig. 6, we plot the long term average cache hit rate

P hit(T ) =
∑T

t=0 1 (Rt) over time. In this experiment, the

number of files is fixed at 1000, and the popularities of the

files change every 10000 time slots. Each time the popularity

changes, the ranks of the files will vary randomly and the

Zipf exponent is randomly generated in the range [1.0, 1.3].
Note that the change points and the popularity parameters

of the files (both ranks and Zipf exponent) are unknown

to the reinforcement learning agent. With the long-term

average cache hit rate, we evaluate the ability of the caching

policies to maintain a stable performance in the changing

environment. We can observe that the proposed framework

outperforms all the time and the performance is stable. For

the LRU and FIFO caching policies, though the curves are

flat and smooth, the cache hit rate is not competitive. And

for the LFU policy, the cache hit rate drops quickly after the

first change point because of the frequency pollution. With

this experiment, we conclude that the proposed framework
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Fig. 6. Long term average cache hit rate as the popularity of files change
over time.
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Fig. 7. Coverage map of a system contains 5 base stations and 30 users

is more suitable for applications that require high long-term

performance and stability.

B. Numerical Results for Decentralized Edge Caching

1) Environment Settings: As shown in Fig. 7, in the

experiments, we consider a system with 5 base stations and

30 users randomly distributed in the area, each covered by

at least one of the base stations. The cell radius is set as

R = 2.2km, and the transmission power of all base stations

is set as Pi = 16.9dB, i = 1, 2, ..., 5. The transmission power

of the cloud data center is set as Pc = 20dB. As assumed,

the content files are split into units of the same size, and the

size of each unit is set as 96 bits. And we assume Rayleigh

fading with path loss E{z} = d−4, where d is the distance

between the transmitter and receiver.

2) Neural Network: In the implementation, each actor

network has three layers, and the first and hidden layers have

200 and 600 neurons, respectively, as shown in Table I. And

for each actor network, the number of neurons in the output

layer depends on the size of the action space Ai. For the critic

network, the number of neurons in each layer is provided in

Table I. To ensure that the critic network can learn faster

than the actor networks, we set the learning rate of the critic

network as 0.001, and the learning rate of each actor network

as 0.0005. And we test this framework with the number of

TABLE I
ARCHITECTURE OF MULTI-AGENT FRAMEWORK

Actor Network Critic Network

Input Layer 200 Neurons 400 Neurons

Hidden Layer 600 Neurons 800 Neurons

Output Layer Di + 1 Neurons 1 Neurons

Learning Rate 0.0005 0.001

neighbors set as K = 1 and K = 2 in the KNN component

of the algorithm. When K = 2, the proto-actor of each agent

will be expanded to an action set with 2 valid actions, while

when K = 1, the proto-actor will not be expanded and the

Wolpertinger architecture will specialize to the regular actor-

critic structure.

3) File/Content Request Generation: In our simulations,

the raw data of users’ requests is generated according to the

Zipf distribution as shown in (41), where the total number

of files M is set as 500, and unless state otherwise, the Zipf

exponent β is fixed at 1.3 in the study of the cache size

and transmission delay. The rank of the file k is randomly

generated for each user so that users’ preferences for files can

be differentiated. To encourage the base station to cache the

files that are popular for more users, the users are randomly

divided into 5 groups. It is assumed that the users in the

same group will have similar but not exactly the same rank

for all files. And the group information will not influence

the users’ location. It is important to note that we generate

the requests with Zipf distribution and also group the users.

However, such information is totally unknown to the agents.

4) Feature Extraction: From the raw data of content

requests, we extract the feature F and use it as the agents’

observations of the network. Here, as features, we consider

the number of requests for a file within the most recent 10,

100, and 1000 requests.

Cache Hit Rate

In Fig. 8, we plot the overall cache hit rate (as a per-

centage) achieved by the proposed framework and the other

caching policies in a multi-cell network. The tendency of the

cache hit rate as the cache ratio increases is very similar

to that in the case of a single base station as shown in

Fig. 3. However, in a multi-cell scenario, even the cache

hit rate achieved by the regular actor-critic framework (i.e.,

when K = 1, whose curves are labeled as “DRL” in the

figures) is always higher than those of the LRU, LFU and

FIFO policies, while in the single base station case, when

we set the number of neighbors as K2 = ⌈0.05C⌉, the cache

hit rate achieved by the proposed framework can become

slightly lower than that of the LFU policy. This observation

indicates the benefits of the agents cooperating with each

other to avoid caching the same files so that the limited

cache storage can be utilized more effectively. Also, when

we increase the number of neighbor to K = 2 (whose curves

are labeled as “K = 2” in the figures), the gap between the



12

0.00 0.02 0.04 0.06 0.08 0.10 0.12
Cache ratio σ

0

10

20

30

40

50

60

70
P h

it
  % K=2

DRL
LRU
LFU
FIFO

Fig. 8. Cache hit rate vs. cache capacity. We vary the cache capacity as
C = 1, 10, 20, 30, 40, 50, 60.
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Fig. 9. Cache hit rate vs. Zipf exponent. We vary the Zipf exponent as
β = 0.5, 0.7, 0.9, 1.1, 1.3, 1.5.

proposed framework and other policies increases further. This

is because when we increase the number of neighbors from

K = 1 to K = 2, the total number of action sets that will

be learned by the critic increases from 1 to 25, which will

provide the critic more information for final action selection.

Note that we can continue increasing the value of K, but

since the number of action sets will increase exponentially,

we need to trade off between the performance and increased

computational complexity and runtime.

In Fig. 9, we study the relationship between cache hit

rate and Zipf exponent β. In this experiment, we fix the

cache capacity of all base stations as C = 40, and vary

the Zipf exponent. As β increases, the cache hit rate of all

policies increase because there are now a smaller number

of popular files but with higher popularities compared to

before when β was smaller. Eventually, for large values of

β, performances of different policies tend to converge. This

is because with the increasing value of β, the frequencies

of popular files being requested is sufficiently high, so that

the LFU and LRU policies can always keep these files, and

for the proposed learning agents, the features of these files

become more distinguishable to learn.
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Fig. 10. Percentage of transmission delay reduction vs. cache capacity. We
vary the cache capacity as C = 1, 10, 20, 30, 40, 50, 60.

Transmission Delay

In this section, we present the the simulation results ad-

dressing the transmission delay. In particular, we evaluate the

reduction in transmission delay as a percentage as follows:

η =
∆D

1
U

U
∑

j=1

D̂j

× 100%. (42)

Hence, η is the percentage of delay reduction per user in one

operation cycle.

To determine the relationship between the transmission

delay and cache capacity, in Fig. 10, we fix the Zipf exponent

at β = 1.3, and plot the percentage of overall transmission

delay reduction η as a function of the cache ratio. It is

shown that as the cache ratio σ increases, the reduction in

transmission delay achieved by all caching policies first rises

quickly because the base stations can cache more files, and

then the trend slows down after a certain value of σ. The

upward trend starts to slow down because all these caching

algorithms are encouraged to cache the most popular files

following the statistics they learn. So when the cache ratio

grows further and further, the caching agent will start caching

the less popular content files. Though more files are cached

and transmission delay is further reduced, caching the less

popular files at the edge nodes lead to smaller improvements

in reducing the transmission delay when compared with the

contribution made by caching the most popular files. In other

words, when the cache ratio is large enough to cache all of

the most popular files, the system does not necessarily have

to keep enlarging the cache capacity, considering the price

to pay for the storage and the relatively small reduction in

transmission delay that will be achieved by storing the less

popular files. We also observe that for all values of the cache

ratio, the proposed framework achieves better performance

for two reasons: First, the proposed framework considers the

reduction in the average transmission delay as the reward,

so that the caching algorithm does not only focus on finding

the most popular files, but also takes into account the users’

locations and several less popular files with potentially high

delay penalties if not cached; and secondly, the critic network
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Fig. 11. Percentage of transmission delay reduction vs. Zipf exponent. We
vary the Zipf exponent as β = 0.5, 0.7, 0.9, 1.1, 1.3, 1.5.
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Fig. 12. Percentage of transmission delay reduction η as the popularity
distribution of contents change over time

can facilitate the exchange of information among the base

stations so that they can avoid caching the same file to serve

the user located in overlapped regions, and in this way, utilize

the cache space more efficiently.

Again, we fix the cache ratio at σ = 0.1 and demonstrate

how the percentage of transmission delay reduction varies as

the Zipf exponent β increases. In Fig. 11, we observe that

when β is small, the gap between the curve with “K = 2”

and the curve labeled “DRL” (i.e., K = 1) is small, implying

that when the popularities of the files are close to each other,

the actor-critic agent is not able to take advantage of the

KNN because the features for all files are relatively similar

and therefore it is more difficult to find the most popular

files. On the other hand, as β increases, the increasing gap

between these two curves points to the advantage of adopting

a larger number of neighbors in KNN. And when the value

of β approaches 1.5, the actor-critic agents with different K
values achieve similar performances again since the features

of popular files can be easily distinguished from the non-

popular files, and therefore even with smaller number of

neighbors, the proposed framework can learn it well.

In Fig. 12, we demonstrate the ability of the caching

policies to adapt to varying content popularity distributions.

In this experiment, the users’ preferences for files change

at every 10000 time slots. The users’ requests are generated
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Fig. 13. Percentage of transmission delay reduction vs. total number of
files. We fix the Zipf exponent at β = 1.3 and the cache ratio σ = 0.1.

using Zipf distributions with their unique ranks of files and

Zipf exponents. At each change point, these parameters vary

randomly. The change points and Zipf parameters are all un-

known to the caching agents. We only limit the Zipf exponent

β to be in the range [1.1, 1.5]. Then we plot the average

of the percentages of the transmission delay reduction over

time as ηT = 1
T

T
∑

t=1
ηt, for t = 1, 2, ..., 30000. As shown

in Fig. 12, the proposed framework with both values of

number of neighbors achieve relatively lower performance at

the beginning, because unlike the other three caching policies

(i.e., LRU, LFU, and FIFO), the proposed framework does

not directly collect the statistics from the users’ requests, but

generally adjust the parameters of the neural networks and

learn the popularity patterns of the files. After the neural

networks are trained well, the two actor-critic agents are

able to achieve better long-term performance over the other

policies. As before, having larger number of neighbors (i.e.,

K = 2) results in the best performance. And at each time

the popularity distribution changes, even though the average

transmission delay reduction slightly drops as the actor-

critic framework updates the parameters to adapt to the new

pattern, the actor-critic agents can keep a stable performance

after the re-training process. The LFU policy performs the

best at the beginning, but due to the frequency pollution,

the performance drops quickly at the first change point and

continues diminishing. For the LRU and FIFO policies, the

performances are stable, because the cache size is limited and

the files that are used to be popular and less popular after the

change can be replaced in a relatively short amount of time.

However, as evidenced in this figure, their performances are

lower and the proposed framework is more suitable be to

applied in scenarios that require long-term high performance

and stability.

In Fig. 13, we plot the percentage of transmission delay

reduction as a function of the total number of files. Actor-

critic agents again outperform the other caching policies.
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VII. CONCLUSION

In this work, we have focused on edge caching in single-

cell and multi-cell scenarios. In particular, we have designed

deep actor-critic reinforcement learning frameworks for both

centralized and decentralized edge caching scenarios. More

specifically, we have employed the Wolpertinger architecture

involving an actor neural network, a KNN component, and

a critic neural network. We have described in detail how the

neural networks are updated. We have developed a single-

agent actor-critic algorithm in the single-cell scenario and

described its workflow. In the multi-cell setting, we have

proposed a decentralized edge caching strategy via a multi-

agent framework with multiple actor networks and a single

critic network. In this setting, we have designed a multi-agent

actor-critic algorithm. We have provided simulation results

to test the performance of the proposed frameworks. For

the centralized edge caching scenario, we have analyzed the

performance in terms of the cache hit rate as a function of the

cache ratio, Zipf exponent, and the number of files. For de-

centralized edge caching in a multi-cell environment, we have

considered two objectives: cache hit rate and transmission

delay reduction. We have studied the performance in terms

of both objectives again as the cache ratio, Zipf exponent,

and the number of files vary. We have also evaluated the

reinforcement learning agents’ adaptation capabilities in the

presence of unknown change points where users’ preferences

change randomly. In all of the experiments, the proposed

actor-critic frameworks have shown advantage over the non-

learning based policies, leading to benefits and improvements

in terms of cache hit rate, transmission delay reduction,

adaptation capability and long-term stability.
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