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Abstract—In this article, we propose a cooperative edge
caching scheme, a new paradigm to jointly optimize the content
placement and content delivery in the vehicular edge computing
and networks, with the aid of the flexible trilateral cooperations
among a macro-cell station, roadside units, and smart vehicles.
We formulate the joint optimization problem as a double timescale Markov decision process (DTS-MDP), based on the fact
that the time-scale of content timeliness changes less frequently
as compared to the vehicle mobility and network states during
the content delivery process. At the beginning of the large timescale, the content placement/updating decision can be obtained
according to the content popularity, vehicle driving paths, and
resource availability. On the small time-scale, the joint vehicle
scheduling and bandwidth allocation scheme is designed to minimize the content access cost while satisfying the constraint on
content delivery latency. To solve the long-term mixed integer
linear programming (LT-MILP) problem, we propose a natureinspired method based on the deep deterministic policy gradient
(DDPG) framework to obtain a suboptimal solution with a low
computation complexity. The simulation results demonstrate that
the proposed cooperative caching system can reduce the system
cost, as well as the content delivery latency, and improve content
hit ratio, as compared to the noncooperative and random edge
caching schemes.
Index Terms—Content delivery, content placement, cooperative
edge caching, deep deterministic policy gradient (DDPG), double
time-scale Markov decision process (DTS-MDP), vehicular edge
computing and networks.

Manuscript received April 27, 2019; revised July 11, 2019 and August 25,
2019; accepted September 21, 2019. Date of publication October 22, 2019;
date of current version January 10, 2020. This work was supported in part
by the National Key Research and Development Program of China under
Grant 2018YFC0807101, in part by the Science and Technology Program
of Sichuan Province, China, under Grant 2019YFH0007, in part by the
Fundamental Research Funds for the Central Universities, China, under Grant
ZYGX2016Z011, and in part by the EU H2020 Project COSAFE under Grant
MSCA-RISE-2018-824019. (Corresponding author: Supeng Leng.)
G. Qiao and S. Leng are with the School of Information and Communication
Engineering, University of Electronic Science and Technology of China,
Chengdu 611731, China (e-mail: qghuestc@126.com; spleng@uestc.edu.cn).
S. Maharjan is with the Center for Resilient Networks and Applications,
Simula Metropolitan Center for Digital Engineering, 0167 Oslo, Norway
(e-mail: sabita@simula.no).
Y. Zhang is with the Department of Informatics, University of Oslo,
0316 Oslo, Norway (e-mail: yanzhang@ieee.org).
N. Ansari is with the Advanced Networking Laboratory, Department of
Electrical and Computer Engineering, New Jersey Institute of Technology,
Newark, NJ 07102 USA (e-mail: nirwan.ansari@njit.edu).
Digital Object Identifier 10.1109/JIOT.2019.2945640

I. I NTRODUCTION
MART vehicles accessing popular content and sharing
transportation information are evolving as an emerging
paradigm to support the advanced driver assistance systems
and self-driving. Advances in sensing and artificial intelligence
technologies have enabled innovative vehicular applications
for enhancing driving safety and travel comfort [1], [2].
Meanwhile, these applications are resulting in a growing demand for communication, computation and storage
resources. The low content access latency and diverse application requirements may not be satisfied if the contents are
fetched from remote data centers. Fortunately, the vehicular
edge computing and networks can serve as an effective framework for alleviating strain in the backhaul links by migrating
the cloud caching servers to edge devices [3].
The existing mobile edge caching strategies in heterogeneous networks are mainly divided into four categories [4],
i.e., caching in macro-cell base stations (MBS) [5], caching in
small-cell base stations (SBSs) [6], caching in device-to-device
(D2D) communication networks [7], and caching in mobile
devices [8]. Nevertheless, these edge caching strategies cannot be directly applied in vehicular edge caching networks.
Based on the assumption of low-speed moving scenarios, it
is valid to access the whole content during the connection
period within the coverage area of SBSs or in the range of the
D2D communication networks. However, vehicles with highspeed mobility may pass several roadside units (RSUs) in the
content delivery process, and the quality of vehicle-to-vehicle
(V2V) communication links may not always remain stable.
Thus, the whole content may not be obtained from a single
edge caching node. On the other hand, most of the existing work regards content placement and content delivery as
two separate subproblems. Wang et al. [9] analyzed a socialaware edge caching to improve the spectrum utilization in fog
access networks. To improve the efficiency of content delivery in Internet of Vehicles (IoV), Yao et al. [10] proposed
a caching scheme based on vehicular mobility pattern. The
main idea of this strategy is to store, carry, and forward popular contents using vehicles as relay nodes. However, the above
work does not consider the joint optimization of content placement and content delivery to enhance caching performance.
These issues necessitate the design of a joint content
placement and content delivery in vehicular edge caching
network.
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In this article, we investigate the cost-optimal cooperative caching in vehicular edge caching networks with limited
storage capacity and bandwidth resource, taking account of
time-varying content popularity, dynamic network topology,
and vehicle driving paths. Based on the fact that the time-scale
of content timeliness is much larger than that change of vehicle
mobility and network states. The cooperative caching is modeled as a double time-scale edge caching process composed of
content placement and content delivery. RSUs and smart vehicles collaboratively cache/update different types of contents
aiming for minimal storage cost on the large time-scale. On
the small time-scale, vehicle scheduling and bandwidth allocation can be jointly optimized to reduce the content access cost
while satisfying the required delivery latency. However, the
joint optimization problem in a realistic transportation environment is challenging. First, although the vehicle driving
paths between origin and destination can be emulated based on
real transport data, it is difficult to predict the exact location
information of vehicle in different transport regions. Second,
the joint content placement and content delivery problem is
a long-term mixed integer linear programming (LT-MILP),
which has been proven to be NP-hard [11]. Moreover, variable participation of vehicles and ephemeral interactions will
increase the operation complexity of edge caching system.
Thus, it is difficult to obtain the optimal solution in a tolerable time when the system state space becomes large.
These inherent characteristics of vehicular networks require
the adaptability of cooperative edge caching by utilizing some
efficient solutions.
Recently, the nature-inspired approaches like evolutionary
game, swarm intelligence, artificial neural networks, and reinforcement learning have been inspired by the biological system
or a human brain [12]. Smart agents in these complex systems
can imitate the best features or interact with the dynamic environment to learn a series of intelligence behaviors. With the
aid of intelligence of natural-inspired approaches, we design a
deep reinforcement learning (DRL)-based cooperative caching
scheme to provide a low-complexity decision making and
adaptive resource management. Particularly, we leverage a
deep deterministic policy gradient (DDPG) learning algorithm
to cope with continuous-valued control decision.
Below are the main contributions of this article.
1) We design a novel edge caching framework based on
the cooperation among base station, RUSs, and vehicles.
The cooperative caching problem is modeled as a double
time-scale Markov decision process (DTS-MDP). The
policy decisions of content placement/updating, vehicle
scheduling, and bandwidth allocation occur on different
time-scale, which have not been studied in the previous
researches.
2) Based on the real data sets, the destination of vehicle
can be predicted accurately and vehicle driving paths
between origin and destination can be simulated as well.
According to the obtained vehicle densities in different
transport regions, the content placement can be decided
in advance for the improvement of content hit ratio.
3) We propose a DDPG-based cooperative caching scheme
by integrating deep neural networks and reinforcement
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learning approaches. The system agent can perform the
joint caching decision from the historical experiences.
Moreover, the proposed scheme applies deterministic
policy and mini-batch gradient descent to accelerate the
learning speed and improve caching performance.
The reminder of this article is organized as follows.
Section II summarizes related work. In Section III, we present
system model of cooperative edge caching. In Section IV, we
formulate the joint optimization problem as a DT-MDP. We
introduce a DDPG-based approach for cooperative caching in
Section V. Section VI presents simulation results. Section VII
concludes this article and future work.
II. R ELATED W ORK
Many excellent works have investigated mobile edge
computing and caching approach in wireless networks.
Jiang et al. [13] proposed a cooperative content assignment and delivery framework to minimize average content
downloading latency. In [14], a cooperative content caching
approach among small cells was proposed, for which the tradeoff between content delivery latency and storage cost was
investigated. In [15], mobile devices were clustered to provide
unused storage resource in terms of minimizing the average
content access latency. Yao and Ansari [16] jointly optimized
the content placement and storage allocation for Internet of
Things to minimize the network traffic cost.
Vehicular content network has emerged as a promising
paradigm to support diverse vehicular applications. In [17], an
efficient caching scheme was proposed based on the similarity
and population of user community in a V2V communication
scenario to improve content hit rate. Abdelhamid et al. [18]
proposed a caching-assisted data delivery scheme to leverage massive caching servers deployed on the roadside for
collaboratively collecting content and supporting vehicular
applications. To tackle the data loss caused by vehicular mobility, Hu et al. [19] proposed a vehicle-assisted content caching
scheme to assign content at every exit and entrance of the
road segments. The cached information can be shared between
leaving and incoming vehicles.
Due to the stochastic characteristics of content popularity
and vehicle mobility, the decision-making in caching system
is a stochastic optimization. In addition, the complexity of the
caching system is very high in joint content placement and
content delivery. The nature-inspired approaches are a set of
metaheuristic algorithms to effectively overcome these problems and can find near-optimal solutions. These approaches
have been successfully applied in IoV due to their intelligence and adaptability. Thereinto, DRL has been utilized as an
efficient technique for content caching in vehicular networks.
Zhang et al. [20] jointly optimized content caching and rate
adaption to improve quality of experience (QoE). In order
to solve the problem of continuous action variables in MDP
model, Li et al. [21] used deterministic policy gradient learning algorithm to provide the optimal resource pricing strategy.
Sadeghi et al. [22] introduced the concepts of global and local
content popularity, and proposed a novel RL-based content
caching scheme to execute the optimal caching policy.
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TABLE I
S UMMARY OF K EY N OTATIONS

Fig. 1.

Cooperative caching framework based on vehicle driving path.

The above studies are based on the assumption that
the whole content can be fetched by vehicles, which are
associated to corresponding RSUs or connected with other
vehicles. This is not always feasible in practice due to
dynamic network topology. In addition, the cooperation
between edge caching and V2V-assisted caching in content
placement and delivery processes is an unexplored topic.
To fill this research gap, we focus on the cooperative edge
and vehicle-assisted caching, and present a natural-inspired
learning approach to solve the complex joint optimization
problem.
III. S YSTEM M ODEL
In this section, we propose the cooperative caching framework including network model, double time-scale caching
model, vehicular mobility pattern, and communication model.
A. Network Model
We consider the vehicular edge computing and network with
different types of edge caching nodes, including an MBS,
several RSUs, and content caching vehicles (CCVs) with
the unutilized storage resource. Let N = {0, 1, . . . , K, K +
1, . . . , N} represent the index set of edge caching nodes,
0 is the index of MBS, K = {1, . . . , K} is the index set
of RSUs, and V = {K + 1, . . . , N} is the index set of
CCVs to provide V2V-assisted content caching, respectively.
Let M = {1, 2, . . . , M} denote the index set of content
requesting vehicles (CRVs) to seek their desired contents. Let
F = {1, . . . , F} denote the index set of available contents.
Considering the abundant storage capacity, we assume MBS
is the centralized content provider to cache all available contents. In addition, each edge caching node RSU k ∈ K and
CCV v ∈ V are equipped with a content caching unit of limited
storage resource, which can cache Fkrsu ⊂ F and Fvccv ⊂ F,
respectively. MBS is deployed at the center of the road
network to provide service continuity and RSUs are randomly
located at the center of different transport regions. Table I
lists the key notions and descriptions of our proposed caching
framework.
Fig. 1 shows a graphic illustration of a cooperative edge
caching framework. During the content delivery process,
CRV1 requires a desired content (e.g., navigation map update,
software download, etc.) and wants to pay the minimum

Fig. 2. Double time-scale content caching model with finite number of
y
content fetching time slots tx at the content placement/updating period tx .

resource usage cost while also satisfying its requirement on
content delivery latency. Based on its driving paths, CRV1
can make different choices to fetch a segment of the whole
content. Specifically, if the desired content is cached in itself,
CRV1 can obtain the whole content without access cost and
delivery latency. Otherwise, it will seek a segment of content from an RSU in its region or within the communication
range of CCVs. For example, CRV1 can associate with RSU3
(V2R) or connect with CCV2 (V2V) in transport region-2.
Based on the wireless link quality and content access cost,
CRV1 will select the optimal cache node to fetch the segment of whole content. If there is no desired content in
the attached RSU or CCVs, CRV1 determines whether to
fetch the segment of the content through MBS (V2M) or just
keep idle at the current time slot. Intuitively, the cooperative
edge caching can not only provide users with a continuous
service experience but also reduce system cost by implementing the joint optimization of content updating and content
delivery.
B. Double Time-Scale Content Caching Model
Based on the fact that the time-varying scale of content
timeliness and popularity is much larger than the content delivery process caused by the vehicle mobility and channel change,
we modeled the cooperative edge caching as a double timescale caching model. As illustrated in Fig. 2, the cooperative
content caching process takes place in the different time granularities: 1) content placement/updating horizon and 2) content
delivery horizon composed of several content fetching time
slots. In the large time-scale, let X = {0, 1, . . . , X} denote the
index set of content placement/updating decision made at the
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C. Vehicular Mobility Pattern

Fig. 3.

Division of transport regions based on Geohash algorithm.

beginning of caching period tx , {tx |x ∈ X }. Furthermore, each
content caching period can be slotted as a set of small time
slots, which can be indexed by the set Y = {0, 1, . . . , Y}. The
joint decision of vehicle scheduling and bandwidth allocation
is implemented at the beginning of content delivery time slot
y
y
tx , {tx |x ∈ X , y ∈ Y}, where txY is the maximal content delivery
latency to all CRVs.
Each content is identified with three features, which is
defined as [ρf , νf , df ], f ∈ F, ρf and νf are the popularity of content f and size of content f , respectively,
and df is the maximum allowed access latency to obtain
content f . Let β(tx0 ) ∈ {0, 1}N×F denote the N × F
binary matrix of content updating at time slot tx . That is,
[β(tx0 )]k×f = 1 and [β(tx0 )]v×f = 1 indicate that the content
f is cached in RSU k and CCV v, respectively. Otherwise,
[β(tx0 )]k×f = 0 and [β(tx0 )]v×f = 0. In addition, we have
[β(tx0 )]0×f = 1 due to all available contents can be cached
in the MBS.
Most of existing work assumes that content popularity follows the Zipf distribution in mobile social networks [23].
However, the assumption may not always be true in vehicular networks as smart vehicles pass several RSUs during
the content fetching process. The statistical information of
local content popularity cannot properly reflect the actual
content access requirements. Meanwhile, the modeling of content popularity still requires further investigation in vehicular
networks. In order to provide a reasonable model of content popularity, we define a global content popularity derived
from content requesting rate. Specifically, at the beginning
of the content caching period, content requesting information
of the CRVs will be sent to the MBS, which is responsible for calculating the content popularity. Based on the
received content access requests from CRVs, MBSs compute and update the global content popularity at the caching
period tx
ρf (tx ) :=

f (tx )
, f ∈F
M

where f (tx ) is the total number of requests for content f .

(1)

To facilitate modeling of the vehicular mobility pattern,
we use discrete geographical regions named transport regions
instead of continuous locations. As shown in Fig. 3, a typical
road networks can be divided into L discrete transport regions.
Let L = {1, . . . , L} represent the index set of transport regions.
In this article, the Goehash algorithm [24] is used to convert
the latitude and longitude coordination on the global position
system (GPS) map into a string representing different transport regions. Specifically, each string represents a rectangular
transport region and all the vehicles driving through the same
region can be labeled the same string. Considering the actual
coverage range of RSUs and V2V communication, the sevenbit string can well match the transport region with an accuracy
of hundreds of meters.
In each content caching period, it is difficult to accurately
predict the vehicle location when vehicle drives through the
transport regions. Nevertheless, combined with coverage of
RSUs and V2V communication range, the prediction of vehicle destination can be obtained and the driving paths between
origin and destination can also be simulated through the
advanced data mining based on the real transport data. In the
adjacent content fetching time intervals, CRVs and CCVs can
only drive to the neighboring transport regions along with the
origin and destination, and the transition probability follows
standard distribution, such as uniform or normal distribution.
Based on the aforementioned scenario, we define the following
vehicular mobility pattern as:
   μ, l = l , j ∈ M or j ∈ V
j
j
q lj |lj =
ηe , otherwise

(2)

where
μ+



ηe = 1, e ∈ N, S, E, W

(3)

where e represents one of four possible driving directions [i.e.,
north (N), south (S), east (E), and west (W)]. The new location
lj of vehicle j depends only on the past location lj , lj ∈ L.
Vehicle j may stay in a transport region in the next time slot
with probability μ. Accordingly, vehicle j can randomly drive
into an adjacent transport region with probability ηe .
D. Communication Model
In this section, we formulate the communication topology
between CRVs and different types of cache nodes. Without
loss of generality, we consider that network topology remains
constant during one content fetching time slot.
y
Let αi,j,f (tx ) be the association indicator between CRV j and
y
y
edge cache node i, i ∈ N at time slot tx , where αi,j,f (tx ) = 1
means that CRV j fetches content f from cache node i, othery
wise αi,j,f (tx ) = 0. Moreover, CRV can only choose one type
of communication mode at one time slot.
In the cellular and V2V communication modes, we consider
that the MBS allocates the orthogonal spectrum resources to
CRVs such that there is no interference between cellular and
V2V communication. The signal-to-noise ratio (SNR) at time
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slot tx can be formulated as
 y  y
 y
pi,j tx gi,j tx
γi,j tx =
 y   y κ  y 2 , ∀i ∈ N
ξi,j tx di,j tx σi,j tx

(4)

y

where pi,j (tx ) is the transmission power from cache node i
y
to CRV j, di,j (tx ) is the distance between CRV j and cache
y
y
node i, gi,j (tx ) is the antenna gain at cache node i, ξi,j (tx ) and
κ are path loss at a reference unit distance and path loss expoy
nent, respectively, and σi,j (tx )2 is the power of additive white
Gaussian noise. For the WLAN communication mode, we
mainly consider a contention-free channel access [25]–[27].
In this case, the SNR at CRV k is similar to (4).
The available spectrum resource is denoted as W0mbs Hz for
y
MBS, Wkrsu Hz for RSU k and Wvccv for CRV v, wi,j (tx ) can be
allocated as the continuous bandwidth resource by edge node
i, i ∈ N . Thus, the data rate to fetch a segment of content f
between CRV j and cache node i is given by
 
   
ri,j,f txy = αi,j,f txy wi,j txy

 
× log2 1 + γi,j txy , i ∈ N , j ∈ M, f ∈ F. (5)
IV. P ROBLEM F ORMULATION
In this section, we formulate the joint optimization of
cooperative caching as a DTS-MDP and give the detailed
definitions of each component of DTS-MDP.
A. Caching System State Space
At the beginning of each caching time period, the smart
agent obtains vehicular content request information, which
includes a list of transport regions, content features, and
network states. Specifically, the system state space contains
the following.
1) fj (tx ), fj (tx ) ∈ F: Requesting content type of CRV j at
the caching period tx .
2) oj,f (tx ), oj,f (tx ) ≤ df : Content delivery deadline of CRV
j for accessing content f at caching period tx .
y
y
3) bj,f (tx ), bj,f (tx ) ∈ [0, νf ]: Remaining size of requesting
y
y
content f at time slot tx , bj,f (tx ) ∈ [0, νf ].
y
y
4) lj (tx ), lv (tx ): Index of transport region in which CRV j
y
or CCV v is driving at time slot tx , respectively.
5) ρf (tx ): Content popularity of f in caching period tx .
6) βi,f (tx ): Caching indicator on whether cache node i
stores content f at caching time period tx , i ∈ K ∩ V.
y
Let s(tx ) ∈ S denote the joint system state in our cooperative
caching system, i.e.,
  
 
 
s txy = [f(tx )], [o(tx )], b txy , ρ(tx ) , l txy , [β(tx )] . (6)
B. Caching System Action Space
After receiving the content requests, the MBS calculates the
content popularity and then decides which contents should be
stored to which cache nodes. At each content fetching time
slot, a joint vehicle scheduling and bandwidth allocation is
used to reduce the content access cost subject to the content delivery deadline. Thus, the action space contains the
following.
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1) βi,f (tx ): Whether the content f is saved in the caching
period tx or not, i.e., βi,f (tx ) will be one if the content
is cached, i ∈ K ∩ V.
y
2) αi,j,f (tx ): Association indicator on whether CRV j
fetches a segment of content f from edge cache node i,
i ∈ N.
y
3) wi,j (tx ): Allocated bandwidth when CRV j associates
y
with cache node i at time slot tx , i ∈ N .
y
Let a(tx ) ∈ A denote the joint action space in the cooperative
content caching system, i.e.,
  
 
 
a txy = [β(tx )], α txy , w txy .
(7)
C. State Transition Probabilities
The probabilities associated with different system states
changes are called state transition probabilities. We denote
transition probability as
    

(8)
Pr s txy+1 |s txy , a txy .
y+1

Equation (8) is the probability of state s(tx
y
is chosen at system state s(tx ).

y

) if action a(tx )

D. Cost Function
The objective of the service provider is to minimize the
storage cost. Each cache node updates its stored contents and
broadcasts this information to all the CRVs. CRVs aim to
obtain the desired contents at low content access cost within
the fetching deadline. To realize these objectives, we design
the following cost functions.
1) Content Storage Cost: The storage cost c1,i corresponds
to the cost of updating the contents. That is, for cache node i,
the storage cost can be regarded as the operations required for
caching the number of contents at caching period tx but not
cache at the (tx−1 )th period. Thus, c1,i is a function of action
β(tx−1 ) and upcoming action β(tx ).





 
c1,i β i (tx ), β i (tx−1 ) = λ1 Fi − fcou β i (tx ) ∩ β i (tx−1 )
(9)
where the function fcou {(a)} represents the statistics of the
number of identical contents in the cache node between the
caching period tx−1 and tx .
We introduce the content access cost to pay for cache node i
if the CRV j fetches a segment of desired content f .
2) Content Access Cost: We assume that the service
provider adopts resource-usage-based pricing, which is widely
used in China and USA [28]. The price per unit bandwidth
for cache node i is pbi . Thus, the content access cost of CRV
j paying for cache node i is given by

    
 
 
c2,i,j,f s txy , a txy = λ2 pbi min bi,j,f txy , φi,j,f txy
(10)
where
 
 
φi,j,f txy = ri,j,f txy t, i ∈ N , j ∈ M, f ∈ F

(11)

y

ri,j,f (tx ) is the data rate defined in (5) and t is the time
required to fetch content f . In addition, (11) is the size of the
obtained content at current time slot.
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3) Penalty Cost: If the whole content is not obtained before
the fetching deadline, the penalty cost for system will be




c3,j,f s oj,f (tx ) = λ3 ρi,f oj,f (tx )
(12)
where ρj,f (oj,f (tx )) is the popularity of content f and oj,f (tx )
represents the fetching deadline of CRV j to acquire content f .
λ1 –λ3 are the weight factor to represent the impact on different
y
cost functions, respectively. With the system state s(tx ) and
y
y
action a(tx ) taken at time slot tx , the aggregate system cost
can be expressed as
     
c s txy , a txy =
c1,i (s(tx ), a(tx ))
i∈N

+



    
c2,i,j,f s txy , a txy

i∈N j∈M f ∈F

+



    
c3,j,f s txy , a txy .

(13)

j∈M f ∈F

E. Value Function
The objective of cooperative caching is to achieve an
optimal tradeoff between the total caching cost and the average
content delivery latency. We define π : S → A as a stationary
policy, which realizes the mapping from current system state
to a series of actions, e.g., a = π(s). In addition, we denote 
as a set of all stationary policies. For any initial system state s
and corresponding policy π ∈ , the cumulative system cost
from 0 to X is given by
min

π ∈

X 
Y


y 
   
γ tx c sπ txy , a txy )

(14)

x=0 y=0

where X indicates that the caching system runs X episodes
to represent the number of content caching periods, and each
caching period has Y time slots, γ ∈ [0, 1] is the discounted
y
factor. Here, π ∗ is the optimal policies at time slot tx . The
value function V(·) can be defined as
y

V ∗ (s) = min c(s, a) + γ tx
a∈A




  
Pr s |s, a V ∗ s .

(15)

s ∈S

For simplicity, s and a are the current system state and
caching action at the time slot tx , respectively, and s is the next
y+1
system state at the time slot tx . Equation (15) is the Bellman
equation. In general, the Bellman equation can be solved by
traditional value or policy iteration approach. However, it is
challenging to solve (15) due to the following reasons.
1) Although the state transition probability is defined in (8),
the whole mapping relation cannot be used directly
to solve the Bellman equation since it is difficult to
precisely estimate the state transition in the real transportation and networks environment.
2) As a complicated DTS-MDP problem and highdimensional system state space, the extremely high
computation complexity using traditional approaches
will be a huge drawback limiting its applicability in
a practical caching system. Thus, we need to find an
effective approach to address these issues.

V. D EEP R EINFORCEMENT L EARNING FOR
C OOPERATIVE C ONTENT C ACHING
Reinforcement learning is an important branch of machine
learning that can make a smart agent learn from a set
of optimal policies in a dynamic environment by minimizing/maximizing the expected cumulative cost/reward. There
are two major categories of RL algorithms: 1) the modelbased approach and 2) the model-free approach. The former
is mainly used in the automatic control field. Generally, the
Gaussian process or the Bayesian network is used to model this
type of problems. The model-free framework can be regraded
as a data-driven approach to obtain an optimal policy by estimating value function or policy function. In this article, we
focus on the model-free learning approach in order to provide a
training guidelines based on a large number of historical experiences. The model-free approach can be divided into three
types: 1) critic-model (value-based approach); 2) actor-model
(policy-based approach); and 3) actor-critic learning approach.
Critic-model, such as Q-learning, is a classical RL learning
algorithm that obtains optimal policies based on the estimated
action-value function Q(s, a). Actor-model can learn a stochastic policy function π (s|a) with network parameter  . Konda
and Tsitsiklis [29] combined the actor-model and the criticmodel in order to address the individual disadvantages of
policy gradient and value predication scheme. The actor-critic
approach exhibits good convergence properties with continuous action spaces. However, the good performance is based on
a large amount of training samples. In order to solve the challenge, Silver et al. [30] developed a deterministic policy gradient approach that can directly learn deterministic policy μ(s)
instead of the stochastic stationary policy distribution π(a|s).
Based on the deterministic actor-critic model, we leverage deep neural networks to provide accurate estimation of
deterministic policy function μ(s) and value function Q(s, a).
The combination can be utilized to implement our proposed
joint optimization of content caching and resource allocation
problem. The schematic of the DDPG is shown in Fig. 4 [31].
There are three major modules of the RL agent: 1) primary networks; 2) target networks; and 3) replay memory.
Thereinto, deep actor-network and deep critic-network are
key models in the primary networks and target networks,
respectively. In the following sections, we will discuss the
detailed principles of each module and present our proposed
cooperative caching algorithm.
A. Deep Critic-Networks Training and Update
The critic-network of DRL is responsible for evaluating
policies based on the action-value function Q(s, a), which
should satisfy the following condition:
     
(16)
Pr s s, a V ∗ s
Q(s, a) = c(s, a) + γ
s ∈S

where c(s, a) is the instantaneous cost function in (13) and
V ∗ (s ) is the optimal value function in (15).
The Q-learning algorithm is prone to the curse of dimensionality with the increasing number of system states and
a large number of vehicles. In addition, Q(s, a) cannot be
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where ηθ is a positive constant reflecting the learning rate for
the value function evaluation. The small learning rate can avoid
oscillation but it may result in a lager number of iterations for
performance convergence.
B. Deep Actor-Networks Training and Update
Instead of learning stochastic policy distribution π(a|s),
the actor-network can learn a deterministic policy function
a = μ (s) with parameter vector  = (0 , 1 , 2 , . . . , n ).
Likewise, we introduce a deep neural network as an approximator of deterministic policy function in which the mapping
function of any two adjacent layers of deep actor-network can
be expressed by


 · (s, a) =
T

Fig. 4.

directly calculated due to continuous action space. Therefore,
we introduce an approximator based on a deep neural network
to estimate the action-value function and update parameters
using the history experience stored in replay memory buffer.
The Q-function can be approximated by parameter matrix θ
and denoted as Qθ (s, a) ≈ Q(s, a), the mapping function of
any two adjacent layers of deep critic-network is give by


θ · (s, a) =

H 
H


(θhh φmh (s, a) + θ0h ).

(17)

h=1 h =1

For the mth training sample,  = (φm1 (s, a), . . . , φmH (s, a))
is the activation function, θ is the parameter matrix of deep
neural network, [θ01 , . . . , θ0H  ] is the vector of bias value and
the [θh1 , . . . , θhH  ] is the vector of weighted values, and H and
H  are the number of hidden units of the adjacent layers of
critic network, respectively.
In order to solve the exploration problem of deterministic policy, we leverage the off-policy learning method to
differentiate the sampled policies and advanced policies.
Specifically, we construct a replay memory to store a series
of historical experiences [s, a, c, s ]. This operation can avoid
sample-correlation during the training process. To improve the
efficiency of the learning algorithm, we utilize the stochastic method to updates parameters. More specifically, the
network parameters can be updated by randomly choosing a mini-batch sample from replay memory. We define
the size of replay memory buffer is B, and denote the set
D = {1, 2, . . . , m, . . . , D} is the index set of training samples.
The temporal difference error is given by


(18)
δTD = c(s, a) + γ Q θ  s , a − Qθ (s, a)
where Q θ  (s , a ) is the target action-value function derived
from the target critic-network and γ = [0, 1] is the learning
rate. The training phase and parameter updating process of
the target network will be discussed in the following section.
Then, we update parameter θ in the primary critic-network
using mini-batch gradient descent, i.e.,
θ := θ − ηθ δTD ∇θ Qθ (s, a)

(hh ψmh (s, a) + 0h ).

(20)

h=1 h =1

Schematic of the DDPG learning algorithm.

T

H 
H


(19)

For the mth training sample,  = (ψm1 (s), . . . , ψmH (s)) is the
activation function,  is the parameter matrix of deep actor
neural network, [01 , . . . , 0H  ] is the vector of bias value,
and the [h1 , . . . , hH  ] is the vector of weighted values.
Our objective is to minimize the joint optimization problem
defined in (14) by leveraging the stochastic gradient descent
algorithm. Silver et al. [30] proved that the gradient of the
objective function with respect to parameters  is equal to
solving the gradient of Q-function. Thus, the gradient of the
objective function is given by

∂μ (s) ∂Qθ (s, a) 
.
(21)
∇ Qθ , (s, a) =

∂
∂a
a=μ (s)
The global/local minimal Q-value can be found by the minibatch gradient descent policy. The parameter update of policy
gradient can be expressed as
 :=  − η ∇ Qθ, (s, a)

(22)

where η > 0 is a positive constant representing learning rate.
C. Policy Exploration and Target Networks Updating
1) Policy Exploration: A major challenge of reinforcement
learning is the credit assignment problem. Most existing work
has demonstrated that it will yield poor performance if the
RL agent strongly focuses on either exploitation or exploration. We introduce policy exploration to obtain good training
performance. Instead of the traditional greed exploration and
random sampling of Gaussian distribution, the Ornstein–
Uhlenbeck noise mechanism [32] is used to implement policy
exploration with a continuous action space.
2) Target Networks Updating: As shown in Fig. 4, the
target networks can be regarded as “approximate copy” of
primary networks. Actually, the deep target network architecture, such as the number of layers and hidden units, need to be
consistent with the deep primary networks. Additionally, the
learning performance can be stable and robust if the target policy function and value function are updated slowly compared
to the primary networks. We use the exponentially weighted
moving average (EWAM) scheme to update network parameters θ  and   instead of copying the parameters θ and 
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Algorithm 1 DDPG-Based Cooperative Caching Algorithm
1: Parameters γ , ηθ , η , τθ  , τ  , X, Y, B, D.
2: Initialize primary networks and target networks.
3: Repeat (each episode-content caching period):
y
4:
Initialize system sate s(tx ).
5:
Execute (content fetching step of current episode):
6:
Perform policy exploration μ(s) using Ornstein-Uhlenbeck

noise method.
Sample transport regions and network environment.
y+1
y
Observe feedback tuple s(tx ), c(tx ).
y
y
y
y+1
Store s(tx ), a(tx ), c(tx ), s(tx ).
y
y
y
y+1
Sample s(tx ), a(tx ), c(tx ), s(tx ) from the D.
Evaluate temporal difference based on Eq. (18).
Update parameters of deep primary networks based on Eq.
(19) and Eq. (22).
13:
Update parameters of deep target networks based on Eq.
(23) and Eq. (24).
14: Until this episode is terminated.

TABLE II
S IMULATION PARAMETERS

7:
8:
9:
10:
11:
12:

directly [33]. The updated parameters θ  and   are given by


(23)
θ  := τθ  θ  + 1 − τθ  θ
and
  := τ    + (1 − τ  )

(24)

where τθ ∈ [0, 1] and τ  ∈ [0, 1] are weights with respect
to θ  and   . Furthermore, θ  and   can be regarded as
 )
approximately average values over 1/(1 − τθ ) and 1/(1 − τ
time slots, respectively.
D. DDPG-Based Cooperative Caching Scheme
By combining the double time-scale content caching model
and the actor-critic learning framework, the whole DDPGbased cooperative caching scheme is presented in Algorithm 1.
The algorithm parameters include the total amount of content caching episodes X, content delivery deadline txY at
caching episode tx , discount factor, learning rates, replay
buffer size B, and mini-batch size D. After initializing the
network parameters and hyper-parameters, the decision of content placement is executed at the beginning of each episode
tx . Furthermore, the content delivery process is implemented
by content fetching time slot under each current episode tx .
Then, the parameters of primary networks are updated by
leveraging the Ornstein–Uhlenbeck-based policy exploration
and mini-batch gradient descent technique. After a given training period, the parameters of the target network are updated
based on the EWMA scheme. Last, the training process is terminated after having completed the maximal content caching
period X.
VI. P ERFORMANCE E VALUATION
In this section, we use Python to build a simulation environment for the vehicular edge caching system based on the
real transportation data sets [34]. For an area of road network,
we choose 16 transport regions and each of them can be
divided as a square area. Furthermore, we use TensorFlow
platform to implement the DDPG-based cooperative caching
scheme. Our implementation is based on the open-source

package DDPG [35]. In addition, the training performance
of DDPG is characterized by intense oscillation in a certain range as the number of episodes increases. In order to
adapt to the dynamic environment of IoV, the Monte Carlo
experiment method is used to calculate the cumulative average caching performance [36]. The main parameters employed
in the simulations are summarized in Table II.
For performance comparison, we present two benchmark
schemes: 1) the random caching scheme and 2) the noncooperative caching scheme.
1) Random Caching Scheme: The decision of content
placement/updating process is randomly executed based
on the DDPG learning algorithm.
2) Noncooperative Caching Scheme: The joint content
placement and delivery can only be implemented at the
RSUs without vehicular caching cooperation.
A. Data Analysis of Destination Prediction
We conducted a heuristic analysis of a set of vehicle
driving data sets, which are composed of eight features,
including the index of sample, the index of vehicle, start
time, end time, latitude of origin, longitude of origin, latitude
of destination, and longitude of destination. By utilizing the
machine learning model, the destination of the vehicle can be
predicted given the index of vehicle, latitude, and longitude of
origin. Compared with the method of using longer strings to
represent the transport region of smart vehicles, using shorter
strings can significantly improve the accuracy of vehicle destination prediction. This result also shows that the length of the
Geohash string can be flexibly adjusted to meet the tradeoff
between destination prediction and accurate location of smart
vehicles.
B. Numerical Analysis of Caching Performance
Fig. 5 shows the comparison of the cumulative system cost
per episode of different caching schemes based on the DDPG
learning algorithm, for a caching system with CRVs = 30
and CCVs = 20. All the three content caching schemes can
approach their stable cumulative average cost as the number
of episodes increases. We can draw the following observations
from Fig. 5. First, the noncooperative caching scheme has the
highest average system cost including content storage cost and
access cost. The reason is that the CRVs need to fetch more
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Fig. 5. Cumulative average system cost per episode achieved by different
edge caching schemes.

Fig. 6. Cumulative average delivery latency per episode achieved by different
caching schemes.

segments of the whole content from centralized caching node
within the individual content delivery deadline. Second, the
V2V-assisted caching scheme can reduce system cost since
CCVs can provide more mobile store capacity. In addition,
the system cost can be further reduced when more CCVs participate in the edge caching scenarios. Third, our proposed
cooperative caching scheme can yield the lowest system cost
as compared to the other benchmark schemes. Thus, this result
also demonstrates the efficiency of joint optimization of content placement and content delivery from the reduction of
system cost.
On the other hand, the number of iterations of different
caching schemes is basically same. It can be explained that the
three caching schemes use the same deep learning framework
which can largely determine the convergence performance of
edge caching schemes.
Fig. 6 provides the comparison of cumulative average delivery latency of CRVs for the final content acquisition. In order
to reduce the resource usage cost, CRVs should seek a cheap
access mode to obtain segments of the whole content if there
is enough time left to meet the content fetching deadline. For
the noncooperative caching scheme, CRVs have to seek segments of the whole content from the centralized cache node
within maximal fetching deadline. In contrast, the random
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Fig. 7. Average content hit ratio per episode achieved by different content
delivery latency.

Fig. 8. Cumulative average system cost per episode achieved by different
number of CRVs and CCVs.

caching scheme can reduce the content delivery latency since
the CCVs can provide abundant of mobile bandwidth and storage resources. Furthermore, our proposed scheme results in
the lowest content access latency due to the joint optimization
of cooperative content placement/updating and opportunistic
content delivery process.
In Fig. 7, we compare the cumulative average content hit ratio by different edge caching scheme. The
cooperative caching scheme increases the content hit
ratio by the (13.95%, 28.17%), (25.97%, 77.01%), and
(34.44%, 135.62%), compared with random caching scheme
and noncooperative scheme, respectively. This result shows
that the V2V-assisted caching scheme can make full use the
unutilized communication and storage resources of CCVs.
Moreover, the result demonstrates that the proposed caching
scheme can significantly improve the content hit ratio, especially in the low content delivery latency.
In Fig. 8, we compare the cumulative average system cost
achieved by different numbers of CRVs and CCVs. First, when
the number of CRVs is 30, the difference in system cost is
not significant when 10 CCVs and 20 CCVs participate in the
cooperative edge caching network. This explains that CRVs
obtain the most segments of content through V2V-assisted

Authorized licensed use limited to: British Telecommunications via the BT Library. Downloaded on January 26,2021 at 17:22:16 UTC from IEEE Xplore. Restrictions apply.

256

IEEE INTERNET OF THINGS JOURNAL, VOL. 7, NO. 1, JANUARY 2020

caching while avoiding frequent content placement/updating
operation. Second, more CCVs participating in the cooperative edge caching scenario can significantly reduce the
system cost when massive CRVs need to access the contents.
Moreover, the gap of the cumulative average system cost can
be further reduced when the number of CCVs is 20 because
more CCVs can provide a higher gain of content placement and opportunistic content fetching. Our proposed content
caching scheme is beneficial for vehicular edge computing and
networks especially when the vehicle density is high on the
road.
VII. C ONCLUSION
In this article, we have modeled the joint content placement
and content delivery with DTS-MDP in vehicular edge computing and networks. In order to solve the LT-MILP problem,
a DDPG-based caching scheme has been proposed to overcome with high-dimensional state space and continuous-valued
action space. As compared with other benchmark schemes,
numerical results have demonstrated the reduction of system
cost and content delivery while enhancing the content hit
ratio.
The proposed caching scheme is still under active improvement. To match the dynamic IoV environments, our proposed
caching system should require the lifelong learning capability. We will continue to design a more effective and
robust learning model. Moreover, the caching scheme can
be further improved from the perspective of the cooperative optimization between road traffic control and resource
management.
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