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Abstract—Caching the high definition map (HDM) on the
edge network can significantly alleviate energy consumption
of the roadside sensors frequently conducting the operators
of the traffic content updating and transmission, and such
operators have also an important impact on the freshness of the
received content at each vehicle. This paper aims to minimize
the energy consumption of the roadside sensors and satisfy
the requirement of vehicles for the HDM content freshness by
jointly scheduling the edge content updating and the down-
link transmission resource allocation of the Road Side Unit
(RSU). To this end, we propose a deep reinforcement learning
based algorithm, namely the prioritized double deep R-Learning
Networking (PRD-DRN). Under this PRD-DRN algorithm, the
content update and transmission resource allocation are modeled
as a Markov Decision Process (MDP). We take full advantage of
deep R-learning and prioritized experience sampling to obtain the
optimal decision, which achieves the minimization of the long-
term average cost related to the content freshness and energy
consumption. Extensive simulation results are conducted to verify
the effectiveness of our proposed PRD-DRN algorithm, and also
to illustrate the advantage of our algorithm on improving the
content freshness and energy consumption compared with the
baseline policies.

Index Terms—Vehicular Networks, High Definition Map, Edge
Caching, Deep Reinforcement Learning, Content Update, Trans-
mission Resource Allocation, Age of Information.

I. INTRODUCTION

HE High Definition Map (HDM) is an essential tool
to help autonomous vehicles make path planning and
relative driving decision [1]- [3]. Generally, the HDM can
be roughly divided into two layers, namely the static layer
and the dynamic layer [9]. The static layer contains the road
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topology information stored in the remote cloud platform or
pre-cached onboard, while the dynamic layer contains the real-
time traffic condition of the specific road section requiring
frequent information update from the roadside sensors. To
reduce the file response latency and sensor energy consump-
tion of the remote data transmission, a promising solution
is to cache the dynamic layer files of the HDM at different
network edges [4]- [8]. However, the frequent file update still
brings high energy consumption of the roadside sensors due
to the traffic condition perception and the data transmission.
Actually, a large proportion of updates is unnecessary if
the HDM files arriving the destined vehicles can meet the
vehicular requirement on the freshness. Therefore, a new and
dedicated research is deserved to explore how to relieve the
energy consumption of the roadside sensors while keeping a
relatively high file freshness.

The age of Information (Aol) is a promising metric to
quantify the freshness of the dynamic contents, and is defined
as the time elapsed beginning from the time when the content
is generated from the source [10] [11]. The available works
on Aol aim to improve system performances, which include
the average/(peak) Aol minimization, trade-off between Aol
and request latency, by optimizing various parameters such
as content’s Aol, energy consumption by information sources,
and transmission bandwidth occupation. These works either
use different mathematical optimization theories to deduce
an optimal scheduling policies [12]- [27], or use learning-
based methods to make real-time optimal scheduling decision
[28]- [36] (see Related Works of Section II). The traditional
mathematical optimization theories can efficiently deduce the
feasible solution with relatively low algorithm complexity
[37]- [40].

Note that most of the above mathematical optimization
theories rely on the extra information about the models
and the environment, which are difficult to implement in a
practical scenario. The learning-based methods can overcome
this disadvantage, they consider a more realistic case that
the environment information is unknown, and obtains the
optimal decision through the interaction with the environment.
Most of the existing learning-based methods transform the
proposed problem to a Markov decision process (MDP), and
utilize model-based reinforcement learning (RL) (e.g., value
iteration algorithm), or model-free RL methods (e.g., Deep
Q-learning) to obtain optimal policy [41] [42]. The traditional
Q-learning is an effective method to solve MDP problems
[43], which utilizes a two-dimensional Q-table to evaluate



the system performance of actions taken in each state. How-
ever, when applying to a large-scale reinforcement learning
(RL) problem, it will face the curse of dimensionality due
to the large state or action space and becomes ineffective.
Therefore, the combination of Q-learning and the deep neural
network (DNN), which is called DQN, has been proposed to
approximate the Q-function of state-action pairs and execute
automatic learning under the large system state [44]. The goal
of the natural DQN and its variants is to maximize the long-
term discount reward by utilizing the deep neural network
(DNN) as an approximation function to learn policy and
state value. Their execution usually contains three processes,
namely agent exploration and exploitation, offline training and
online decision [45]. During the exploration and exploitation
process, the agent interacts with the environment and performs
the optimal actions according to the greedy policy. It will cache
the experience in the replay buffer once it performs the relevant
action. When the agent obtains enough training experiences
from the environment, it starts to train the network model with
the cached experiences. Once the network performance has
met the certain requirements, the agent can run the trained
DQN model online to make optimal decision based on the
given MDP. The learning-based methods on Aol optimization
mainly put an eye on minimizing Aol and the relative file
update cost (such as energy consumption, transmission latency,
etc.) by finding out optimal status update policies [28]- [30]
[33]- [34] or transmission related optimizations [35] [36].
However, the status update policy and the relevant trans-
mission optimization are considered separately in the existing
works. In general, reasonable transmission resource allocation
can reduce the number of the instant updating when the real-
time Aol of the request cannot meet the user’s requirement.
This means that more transmission resource can be allocated
to the user whose requested file’s Aol is approaching to its
Aol requirement threshold. Therefore, jointly scheduling the
HDM content update and the transmission resource allocation
in the dynamic edge caching system is a promising solution
in reducing the file update times while keeping a relative high
file freshness. In this paper, we investigate how to satisfy the
vehicular Aol requirements while maintaining relatively low
energy consumption of the battery-powered roadside sensors
in the edge HDM caching scenario by jointly schedule the
content update and the downlink transmission resource allo-
cation. We propose a PRD-DRN algorithm, which combines
the superiority of prioritized double deep Q-learning [47] [61]
and R-learning [46]. In the proposed algorithm, the agent can
interact with environment and execute the optimal scheduling
action for maximizing the long-term average system reward
without adjusting the discount factor.
The main contributions of this paper can be summarized as
follows.
We first model the joint scheduling problem of the content
update and the downlink transmission resource allocation
in the HDM edge-cached scenario as an MDP, which
depicts the real-time Aol of the edge-cached content and
the Aol difference of vehicles’ requested files in non-
uniform decision epochs. During each decision epochs,
the system cost is derived as the sum of each vehicle’s

Aol-related cost, that is, Aol difference and sensor energy
consumption brought by the content updating.

We further propose a PRD-DRN algorithm to adaptively
solve the scheduling problem when the vehicular request
patterns and the dynamics of environment information are
unknown. The PRD-DRN algorithm has the properties of
the R-learning, which can obtain the maximal long-term
average reward without adjusting the discount factor in
the traditional DQN-based algorithm.

Extensive simulation results are conducted to verify the
PRD-DRN algorithm, and also to illustrate the improve-
ment of the content freshness and energy consumption
under the PRD-DRN algorithm compared with the base-
line policies like the heuristics and the traditional DQN-
based policies.

The rest of the paper is organized as follows. Section
II summarizes the related works. Section III introduces our
concerned network model and formulates the problem. In
Section IV, we transform the scheduling problem into an MDP
and propose the PRD-DRN to solve it. Extensive simulation
results are provided in section V. Finally, Section VI concludes
this paper.

II. RELATED WORKS

The available works on Aol can be classified into two
categories: 1) deducing an optimal scheduling policy under
a specific system by utilizing different mathematical opti-
mization theories [12]- [27], and 2) utilizing learning-based
methods to make real-time optimal scheduling decision [28]-
[36]. The former category usually makes the assumption that
the environment information (e.g., the request patterns of
users) is the pre-defined mathematical models or statistics.
The latter category considers a more realistic case that the
environment information is unknown, and obtains the optimal
decision through the interaction with the environment.

Aol has been initially investigated in cache updating sys-
tems to ensure the file freshness when the requested files arrive
at users [12]- [18]. The works in [12] [13] [14] [18] [24]
aim at exploring optimal file update policies to minimize the
average/(peak) Aol of the edge cache system by considering
other factors such as content popularity etc.. The works [15]
[16] [17] optimize the transmission resource allocation in the
edge caching system to realize a trade-off between the file
freshness and the request latency.

Later, researchers find out that the pursuit of Aol mini-
mization in environmental monitoring systems will inevitably
increase the energy consumption of the sensors [34]. Rele-
vant works focus on improving the Aol performance with
lower energy consumption by utilizing different optimization
theories [19]- [23] [25]- [27]. In [19], the authors optimize
the update rate to avoid unnecessary updates and reduce the
energy consumption of the sensors in a monitoring system.
The authors of [20] explore the optimal online status update
policies in the finite battery scenario and the infinite batter
scenario, respectively. A renewal structure is also proposed
in the finite battery scenario to give the order of the sensor
charging and the status update. In [21], the authors prove that



the erasure status feedback is good for online timely updatiog the practical demand. At each time step, the RSU may
when the available energy of the sensors is limited. Thieceive the vehicular HDM le request, and then it will decide
authors of [22] solve the Aol-Energy optimal problem from avhether to pull the up-to-date states of HDM les from the
communication perspective, where optimal transmission potelevant sensors based on the le Aol demands of vehicles.
cies for two-hop networks have been investigated. In [23], thiethe demands can be satis ed, the RSU will respond to
authors investigate optimal state update policies under differ¢hé¢ vehicular HDM le requests with its local cached les.
battery recharge models. In [25], the authors investigate teherwise, it will provide the updated HDM les from these
age-energy tradeoff of I0oT monitoring systems and adoptsansors for the vehicle. It is notable that the proposed model
Truncated Automatic Repeat reQuest (TARQ) scheme. Théth a single edge node in this paper is also suitable for the
authors of [26] focus on the average Aol and energy costultiple edge nodes with non-overlapping scenario, which is
for Low Density Parity Check Code (LDPC) coded statusidely used in the previous works [9] [15] [17].
update over Additive White Gaussian Noise (AWGN) and
Rayleigh fading channels. By utilizing the renewal processes
theory, the expressions of the average Aol and energy cost
can be derived. In [27], the authors investigate how to realize
a tradeoff between Aol and energy consumption over an error-
prone channel by taking sleep and retransmission mode into
consideration.

Recently, learning-based methods [28]- [36] have also been
applied to optimize the Aol-related caching problems. These
works usually transform the proposed problem to a Markov de-
cision process (MDP), and utilize model-based reinforcement
learning (RL) (e.g., value iteration algorithm), or model-free
RL methods (e.g., Deep Q-learning) to obtain optimal policy.
The authors of [31] and [32] investigate the achievable opti-
mal information sampling and updating strategies which can
minimize the Aol in the environment monitoring system. The
authors in [28]- [30] [33]- [34] study the status update control
problems under different scenarios where for the unknow#9- 1. HDM dynamic layer edge caching scenario.
energy-related information of the sensors, they propose various _ )
le update policies to optimize the Aol performance with low !N @ny time stept, the query detail for the request of
energy cost. Authors of [35] propose an optimal transmissiéfﬁ?'de n can beF represented as a query prode(t) =
mode selection scheme to realize a trade-off between Aol an‘éh (t); d (1); :f::; dy (1), whered,(t) = f0/1g, andf 2
energy consumption. In [36], the authors aim to minimizEl; 2,5 F g dh (1) = 1_ rep_resents_ the HDM - lef fhas been
the Aol by controlling the network's actions on an unknowr'ieques_ted by the vghlcle in the t|me ;tep t, and, (t) = 0
network topology and delay distribution. In [40], the author@therwise. Meanwhile, we use an indicay(t) to represent
investigate the age-energy tradeoff in fading channels witf1ether vehiclen raises a request in the time stepThen,

packet-based transmissions, and solve the speci ¢ problem by CPE -0-

ing Bellman optimal equati &= O _ra&0=0; 1)
using Bellman optimal equations. _ 1. Otherwise

We summarize the characteristics of the aforementioned
works in Table I. The RSU can obtain the query proleD(t) =

fdi(t); do(t);:::; dn (1) g of all the vehicles in the time step
. SYSTEM MODEL AND PROBLEM but it has no prior knowledge of the vehicular request arrival
FORMULATION rates and the popularity of each cached HDM le.

Once if the RSU receives the query pro I&(t), it will

A. Network Model make the HDM dynamic le update decision based on the

As illustrated in Fig. 1, we consider a HDM dynamic layerequested HDM les and the relevant Aol demands. We use
edge caching scenario consisting of a single Road Side Uuift) = fus(t);ux(t);:::; ug (t)g to represent the HDM le
(RSU), F traf ¢ information acquisition roadside sensors andipdate decision in the time stépwhereu; (t) 2 0;1g, f 2
several vehicles in the RSU's coverage range. The RSUHs u; (t) = 1 represents that the RSU decides to refreshf le
equipped withH, transmission resource blocks for downlinkand pull the up-to-date states from the relevant sensor in the
data transmission. Each roadside sensor is responsible tfore stept, otherwiseus (t) = 0. The RSU will select lef
refreshing the relevant HDM le with the same sik&ached to refresh in the time stepbased on the comparison between
on the RSU. The vehicle and HDM dynamic le sets ards real-time Aol on the RSU and the Aol demand in the query
denoted byN =f1;2;:::;; NgandF =f1;2; ::;; F g, respectively. prole D(t). Notice that, when there is no query of lein
To deal with the real-time network changes brought by thtbe query prolesD(t), le f may also be updated to reduce
vehicular requests, we consider a time-slotted system, whéne transmission delay caused by the temporary request update
each time step is slotted into equal-sized time slotsbased only if there is available uplink transmission resources. Then,



TABLE |
THE SUMMARY OF AOIl MINIMIZATION IN ENVIRONMENTAL MONITORING SYSTEMS

L - . . L Solution Taxonomy
Optimization Objective Reference Status Update Policy | Optimal Transmission Schedule Optimization Theory | Learning-based
Aol only [12] (I3[ [14] [18] | X X
[24] X X
Aol & Latency 15] [16] [17] X X
19]- [21] [23] X X
- [22] [25]- [27] X X
Aol & Energy Consumption 28T [34] % %
[35] [36] [40] X X
TABLE Il latency from the RSU to the vehicle can be determined
PARAMETERS as % in the time step t. We consider a more realistic
Parameters Description time—varying channel betwegn each vehicle and the RSU. The
d (1) Vehicle n request identi er for HDM e f. channel is modeled as a nite-state Markov channel (FSMC)
ur (1) Update identi er for HDM e T. [52] without loss of generality. The spectrum ef ciency is
B 1he avafapie bandwidih of each transmission|re-  divided intoZ levels. LetZ = f o; 1;:3; z 1g denote the
Hn () The number of the consecutive resource blocks statg space of the spectrum ef_mency)', it o< ()< 1
allocated to the vehicla. L, If 1< ()< 55 o oz 1, IF (1) 2 1. In each
Y Thehm_aximllJm number of updated HDM les |n time step, the ,(t) can change from one state in the Zet
each time slot. . . . .
"G The max Transmission Taie from The veRicieio to another _Wlth a certain transition probability.
the RSU. Meanwhile, the total number of resource blocks allocated
n(t) The spectrum ef ciency of vehiclen associated to downlink transmissions dfl vehicles is no more thaHy,
with the RSU. ie
max The maximum system Aol a le cached on the U
RSU can reach. X )
B(t) The real-time Aol value of HDM lef in the RSU. Hn(t)  Hb; ©)
40) The Aol value of the lef requested by the vehicle n=1
n.
1T The fime consumption for Te f to be updated. Whedrean r(1t) reﬁ_rei\se_ntshthe_ number of the resource blocks
[=F; The energy consumed by the traf ¢ sensing and|the use y the ve '_C @ In the _tlm.e step t.
information uploading for each HDM I¢ update As for the uplink transmission process of le update, we
- ?Eeri“?r:; AN consider the update time of each HDM le keeps unchanged
Jnax e Aol limitation for all the vehicular requests, at different time steps due to the identical le size and
ns (1) The Aol difference of the vehicular request on the . . . .
' RSU. transmission time. The update time can be depicted,as
nf (1) The Aol difference of the vehicular request gn- Trl;TrZ; :::;TrF , WhereT, represents the le update time
board. consumption sefl,’ represents the time consumption for le

Ca(t) The average Aol difference cost of all the HDM f . B T
les vehicle n requested. f to be updatedT,' <T (t);f 2f 1;2;:::;Fg. T(t) denotes the

2o () | The Aol related cost during each time step t. duration of time step t. To avoid uplink channel congestion,
Paol (1) The Aol relevant penalty during each time step the maximum number of updated les in each time slot is no

Pe (t) ;I'he energy relevant penalty during each time step  more than a constart, i.e.,

! aol The factor to nondimensionaliz@ay (t). Na
I'e The factor to nondimensionaliZeg (t). u(t) Y (4)

—

f=1

the RSU responds the vehicular requests with its cached HDMhereY <F . Particularly, an update operation for each fle
les. needsE; unit energy consumed by the traf ¢ sensing and the
In our network model, we consider that the RSU is assignétformation uploading.

with limited transmission resource blocks, which can be op-

timally allocated to the transmission from the RSU to each .

vehicle (V2I) based on service requirements of the vehicld® AC! Analysis

request. The max transmission ratg(t) from the vehiclen The real-time Aol value of the cached HDM les is of great

to the RSU in the time step t is given by: importance for the RSU to conduct a le update decision.
L) = BHA (1) n(D) @ _Since the Aol value_s of the same HDM le may be different

in the RSU and vehicles at the same time slot, we analyse the

where B is the available bandwidth of each transmissioreal-time Aol value of cached HDM les on the RSU and the

resource blockHp(t) is the number of the consecutive rein uence of le response latency on Aol when the requested

source blocks allocated to the vehicle ,(t) is the spectrum le received by the vehicle.

ef ciency of vehicle n associated with the RSU. Here, the We de ne a metric o Which represents the maximum

unit of ,(t) is KB per second. Thus, the le transmissiorsystem Aol a le cached on the RSU can reach. For any



HDM le f in the RSU, its real-time Aol valueg(t) can To better characterize the satisfaction with the Aol of the
be expressed as requested HDM le, we de ne a new metric, namely Aol

f difference cost, as the gap between the real-time Aol value
(O(t) = of the le and .. . The following equations (8) and (9)

T(t, 1) o Ut 1)=1; express the Aol difference of each vehicular request on the

min Lt 1)+ T(t 1), max ; oOtherwise. RSU and on-board, respectively.
) 0 o f v .
For a vehiclen, the transmission latency brought by the le nf (=" o() max 1 (8)
respond process also increases the staleness of the information. - f v 9
. . L1 . n;f (t) - n(t) max - ( )
Additionally, the instant le updating® also brings extra
response latency to the request. Thus, the Aol value of theAs for a vehiclen, we use the average Aol difference cost

le f requested by the vehicle can be expressed as ~ o (t) of all the HDM les it requested as the representative of
( its Aol satisfaction within time step, which can be expressed
f | . — .
t 1)+ ;o us(t)=0 as:
I‘(t) - T?(+ ') 0 Oftr(1e)rwise (©) — 1 X f
r n (1)’ n()= Pe—5— nf (1)dn (1) (10)

To ensure that the Aol of the requested HDM le meets the
demand of each vehicle, we set an Aol limitation for all the According to the above analysis, the Aol related cost during

requests in the time stdpas each time step can be expressed as the weighted sum of each
; v vehicle's average Aol difference cost, i.e.,
n(t) max
X
where Y., max - Fig. 2 illustrates the Aol variation of Aol (1) = n n(t) (11)
the HDM le cached on the RSU. To meet the communication n=1
where. M., =1, , 2 [0;1], and the value of each,

depends on the automatic driving level of the vehicle. Vehicle
with higher automatic driving level possesses a higher value

2. In this paper, we consider the case that each request only
contains one HDM le to simplify the analysis.

Meanwhile, the total energy consumption of the roadside

nsors in each time step can be expresseE@3 =

szl us (t)Es . Here, we denot®aq (t) as the Aol relevant
penalty brought by the average Aol difference cost, and denote
Pe (t) as the energy relevant penalty brought by the total
energy consumption in each time step, respectively.

Paor (1) =~
08 (12)

Fig. 2. The Aol variation for an HDM lef on the RSU. Pe (t) = I%Ef
f=1

needs of other vehicles, the RSU can allocate redundant downl herefore, the overall system cost in each time step t can

link transmission resources to vehicles once if the requestdg €xpressed as:

le's Aol excegds the threshold Y, . This will avoid the Ciot (1) = ! a0l Paor (1) + ! £Pg () (13)
occurrence of instant le update and reduce the update energg _ o

consumption. The le update decision and the downlink tran¥inere! a1 and! g are used to nondimensionalize the func-
mission resource allocation can be jointly optimized to realiZ€n and can realize a tradeoff between the Aol relevant penalty
a reduction in the update energy consumption at the costatd the energy relevant penalty in each time step. Since the

downlink transmission resource while ensuring a relatively lofy0! requirement of the requested HDM le is more important
Aol experience of the vehicles. than the energy consumption of the roadside sensors. we

consider! 5o is larger than .
. Based on the cost function (13), as the tifg,x goes to
C. Problem Formulation in nity, the average cost of the requesting HDM e can be
Our objective is to minimize the average Aol experiencede ned as
by the vehicles and also to reduce the extra sensor en-

ergy consumption caused by le update. We design a joint Toax
scheduling mechanism for the HDM e update and downlink Cave = _ lim E( Ciot (1)) (14)
transmission resource allocation. Tmac 1 Tmax g

11t will occur when the current Aol of the requested le can not meet the 2For vehicles with higher automatic driving level, receiving stale informa-
vehicular Aol requirements. tion has a greater impact on their judgment on driving behavior.



Our objective can be formulated as B. PRD-DRN Algorithm

With the MDP model aforementioned, we can well charac-
; v terize the effects of the diverse HDM Aol on vehicles under
st: o) maxsf 2fL205Fg (15)  different le update actions based on the vehicular autonomous
(3);(4);(5); (8) driving requirements. Here, we need to design an adaptive
o ) o and ef cient HDM dynamic layer update strategy, which can
This is a nonlinear and nonconvex optimization problem. Broactively make le update decision in each state, so as to
is generally dif cult to solve such a problem. In the followingean a higher reward by considering the long-term system
section, we propose a DRL-based algorithm to solve it. performance.
In our scenario, the rewards obtained by the agent in dif-
IV. DEEP REINFORCEMENT LEARNING-BASED ferent time steps.are cons@dgred to have the same importance.
ALGORITHM Thus, this paper is to maximize the long-term average'reward
rather than the long-term discount reward. We modify the
This section rst formulates the HDM content update andtate value functiov (s) and the state-action value function
downlink resource allocation process on the RSU as an MO®. (s; a) by combining the idea used in the R-learning [46]
Then, the PRD-DRN algorithm is further proposed to minias follows: |
mize the long-term average cost of the requesting HDM le ¥ #
by jointly optimizing the HDM content update and downlink Vv (s)= E (R(s(t+ Kk); (t+Kk) R)js(t)=s

minimize  Cgaye

transmission resource allocation. k=0
(17)
A. MDP Model Q., (S; a) - 4
The MDP in this paper is modeled as a 4-tugie A; P; Ri, R _
ie., E  (R(s(t+k);at+ k) R )js(t)=s;at)= a
State Space S:s(t) = ( o(t); 2(t);:n & (b):; k=0 (18)
1(t); N (1) is de ned as the system state at time

stept, which is composed of the real-time HDM le whereR is the long-term average reward of taking policy
Aol value on the RSU o(t) = ( 3(t); 3(t);::; §(t), Iinstate s, which can be written by:
the Aol difference of each vehicle on the RSU (t) =

0.1(0); Do) Se (1):n2f1,2:;Ngand the R = lim

spectrum ef ciency ,(t) for each vehicle. The whole ki k+1 k=0

state spacé at time stet is nite due to the constraint The gptimal policy ~can be obtained by utilizing the Bellman
of the system maximum Aol valuemax and the FSMC  optimality Equation:
model.
Action set A:a(t) = (u(t); = ue () Ha(t); 5 Hy () V (s)= max2aQ (s;d): (20)
is de ned as the system action set in time stewhich g 5rchitecture of our DRL-based HDM dynamic layer
represents the HDM le update decision and the down“nhpdate mechanism is presented in Fig. 3and  are the
transmission resource 5‘_”_006“!0”_0“ the RSU" . DNN parameters of the main network and the target network
State Transition Probability PP =S A S! [0/1] regpectively. The agent interacts with the environment and
reprgsents the distribution of the transition probabilityyseryes the real-time system state. Based on the current
PO(S 1% a) from the system stateto a new system state gia10 o(1), the agent selects an action using thereedy
s°(s;5°2 S) when an actiora 2 A is chosen, which is gy o400y Under such a strategy, the action gR(s: a; ) is
largely effected by the real environment conditions, Suclpiected with probability, and the actiora 2 A is selected
as the HDM le request rate, the request popularity c\fvith probability (L ), where 2 [0:1]). Notice that, the
each cached HDM le, etlc. , _agent not only uses the previous experience to maximize
Reward Function RS A'! R maps a state-action pairc rent rewards, but also keeps exploration and exploitation
to a valueR(s(t); A(t)). Our objective in this paper is 1 jmprove theQ (s;a) and theR . After the agent performs
to minimize the long-term average cdSive (t) given in 5, actiona(t), the corresponding rewarR(s(t): a(t)) can
equation (14) under the constral_ned conditions, and thS@ obtained from environment, and the system S&{td
we can dene the reward function &(s(t);at)) = tansfers tos(t + 1). Thus, a new experience tupk(t) =
Cave (1) (s(t); a(t); R(s(t); a(t));s(t + 1)) is generated and will be
Here, we de ne the policy as an actiora 2 A that the cached in the experience replay buffdr. Then, the former
RSU will execute by given a specic system stae2 S. steps go into a loop to obtain enough experience in the replay
Then, the objective function in (15) can be rewritten as:  buffer for the future training. Notice that, the oldest experience
" # tuple will be discarded when the experience buffeiis full.
e As for the training procedure, we rst utilize a prioritized

E =0 R(s(D;a®) 1s0)  (16) experience sampling scheme [47] to acquire a mini-batch

R(s(t+ k); (t+Kk)): (19)

argmax_ lim
Toax 1 Trax



Fig. 3. The architecture of PRD-DRN

of the cached experience tupléy = fEq;E;: By, 0 Meanwhile, the main network and the target network can
based on the pre-de ned batch sia%,, where § = be trained by minimizing the loss functidn( ), which can
(si;a:R(s;;a);:80), ] 2112 Wng. Unlike the random be expressed as

sampling, the prioritized experience sampling tends to replay : _ NS

experiences with high priority more frequently, which is L( )= El(Quarget (Si;8) Q(sjsay; )L (24)
measured by the magnitude of their temporal-difference (TD) |, this paper, we use the stochastic gradient descent (SGD)
error j de ned as: method to update the DNN parameteiteratively as equation

= R(si;a) R+max QYs%:a’: s:a: ) (21) (24):

i (si;ay) aJOQ(Ja, ) Q(sizay; ) (21) o= 4 1 L() (25)

whereR is the average reward of the cached experience \fhere is the learning rate. The parameterof the main

the replay buffer. Meanwhile, the sampling priority of eacRetwork is updated every step while the parametenf the

cached experience tuplg can be determined g% = j jj. target network will be updated evensteps. Then,, = ;.

The sampling can be executed by utilizing a SumTree methodThe pseudo code imlgorithm 1 shows the details of

[47], where the experience tuple with higher sampling priorifihe proposed PRD-DRN algorithm. The replay buffer and

has a higher probability of being selected. the parameters of the main network and the target network
After obtaining the batch of sampled experiences and thg| be initialized at the beginning of the algorithm. During

relevant TD errors of these experiences, the average réWar@ach episode, the environment needs to be reset at rst. Then,

will be updated as: the agent starts to explore the environment Tgre loops.
W For a given states(t), the agent selects an acti@ft) by
R=R+ i (22) utilizing the -greedy method. With the-greedy method, the
j=1 agent tends to take a random action from the action set at the

After obtaining the update of the sampled experiences S%]Eginning of the iteration since it doesn't know much about

the Q value of the target networge: Of the PRD-DRN tbe environment. After efxt(;cutlnglmultlplet |ter3t|_?n§il theI agﬁﬂt
algorithm can be expressed as: ecomes more aware of the environment, and it will select the

- action with the maximum Q-value with a higher probability.
Quarget (Sj:a) = R(sj;8) R+QYs;argmaxa(s’;a; ); ): The immediate rewardR(s(t);a(t)) and the following state
(23) s(t+1) of s(t) can be obtained based on the selected action



Algorithm 1: PRD-DRN Algorithm

Input: exploration rate , decay factor °, replay buffer

size jMj, stateS, pre-training steflyre ,
training episodeTy, , learning rate and

1 Initialize model parametersand , = ;

2 Initialize average rewar® = 0;
3 Initialize m;n =0;

4 for n

© o N o O

11
12

13
14

15
16
17
18
19
20
21

22

23

24

25
26
27

Tyan do

Initialize environment;

Initialize m = 0;

while True do

Action Selection

Given the states(t);

Output the correspondin@(s(t); a; ) of
actions;

Select actiora(t) with probability ;

Select actioma(t) = max 5 Q(s(t);a; ) with
probability (1 );

Replay Buffer Refreshing

Executea(t), obtain the rewardR (s(t); a(t))
and the following states(t + 1), append the
new experience tuple
(s(t);a(t); R(s(t); a(t)); s(t + 1)) to M;

m=m+1;

if m  Tye then
| break;

end

end

Training ;

Sample a mini-batchW from M by utilizing the
prioritized experience replay method in [47];

Update the average rewaRl with the equation
(29);

Update parameters of the main network by
minimizing the loss functior ( ) value with
SGD;

Update parameters of the target network with
each i steps;

Record the model parametersaand

n=n+1,

= + ©

28 end

C. Algorithm Complexity Analysis

The time complexity of the Arti cial Neural Network based
algorithm can be deduced based on its number of network
neurons [48]. Assuming that a fully-connected networkXas
input neuronsxo output neurons andl hidden layers with
Xn heurons each layeh(2 f 1;2; ::;; H g}, the t|me complexity
can be expressed &(x; X3 + XoXy + h 1 xhxh+1) [49].
Meanwhile, the time complexity of the SumTree method is
O(logjMj) [47]. Thus, for the proposed PRD-DRN algorithm,
the time complexity of each episode can be determined as

X
O(JSjx1 + JAjXn +  XnXn+1 +logjMj) (26)
h=1
wherejSj andjAj are the dimensions of the state and action
space, respectively. Combining with the network model pro-
posed in this paper, the value i8j andjAj can be deduced
as:

iSj=(1+ N)F + N;
jAj= F+N:

We know that the training process of a DRL is extremely
time-consuming [50]. Similar to [51], we can of ine perform
the training procedure in our proposed DRL-based algorithm
for many episodes under different channel states. The trained
model needs to be updated when there is a signi cant change
in the environment characteristics. Speci cally, we can update
the trained model when computing resources are idle (e.g.,
midnight).

(27)

V. SIMULATION RESULTS AND DISCUSSIONS

In this section, we evaluate the performance of our proposed
PRD-DRN algorithm. We describe our simulation settings
rstly, which consists of the parameters of the network model
and the hyper-parameters of the PRD-DRN. Meanwhile, the
con gurations of the baseline algorithms are also been pre-
sented. Then, we show the performance comparison of the
PRD-DRN with the benchmarks in different environments
and give the relevant analysis. The whole experiment is
implemented by the Tensor ow frame and runs on a PC with
an Intel Core i7-6700 CPU @2.6GHz, Memory 16G.

A. Simulation Settings

Simulation ScenarioWe build a simulation scenario, where
there are one RSU with an MEC server, N connected vehicles
and 10 traf ¢ information acquisition sensors. The value of
N ranges from 10 to 40 with the interval of 10. The wireless

a(t). Then, the agent can get a corresponding experierc®annels between the vehicles and the RSU follow the nite-
tuple E(t) = ('s(t); a(t); R(s(t); a(t)); s(t + 1)) and cache the state Markov channel (FSMC) model. We assume that the
tuple in the experience replay bufféd for the subsequent state of the channel is considered to be bad when spectrum
training. So far, the training of the network model startsf ciency is 1 or good when spectrum efciency is 2. The
and a mini-batch will be sampled from the experience replasansition probability of staying at the same state is set to be
buffer M by utilizing the prioritized experience replay method.7, and the transition probability from one state to another

in [47]. The loss function will be minimized by the SGDis set to be 0.3 [52]. The value of Aol limitationy,,,

is set

procedure to update network parameters until it is converged.be 20 slots. Meanwhile, the allocated bandwiBtlof each

The exploration rate is set to 0 initially and increased by

during each training episode.

resource block is 1 MHz while the number of resource blocks
Hy, is set to be 50.



In each time step, the arrival vehicular requests for eaohthe average one. Notice that, the state value funotif(s)
edge-cached HDM le follows a Zipf distribution, where theand the state-action value functi®@®(s;a) in the DDQN
value of the distribution parameter is set to be 1.5 [53inodel are de ned as 4
This kind of distribution is representative for the practical X
vehicular networks which has been widely adopted in manyv%s) = E KR(s(t+ k); (t+K))js(t)=s ; (29)
relevant references [54]- [58]. The proposed algorithm needs k=0
to be retrained if the distribution changes. For each roadsidegng
sensor, the relevant le update latency is randomly selected
from the value sef0:5; 0:6; 0:7; 0.8, 0:9 g, where is Q(s: a) =
the length of the unit time slot. The value of is set to "X' # (30)
be 1. Once the le update latency of each roadside sensok k . ; - e -
has been determined, their values will remain unchangedE - R(S(t+ksa(t+ k) js(t) = sia() = a

during the whole simulation process. Based on this, we seﬁ - the di t fact |10 0.95 in th b t
the extra request latency of a specic le to be the sam@nere 1S the discountiactor équal to ©.951n the subsequen

as its update latency. In this paper, we consider the e gmlz_;\tion. Meanv_vhile, the DDQN c_ioes not ado_pt the priority

nodes (e.g., road side units and base stations) are equip rience sampling method, and its loss function is given by

with stable power supply facilities, which are less affecte guation (31). : .

by energy consumption. Thus, we do not consider the ener _gcept the d|ff_erences described above, all the ”e‘_WO”‘

consumption of the edge nodes. Meanwhile, the transmiss ining con gurations are set to be the same as those In the

power for each roadside sensor is set to be &V, where D-DRN.

the value of belongs to [0.5,1]. As for a speci c sensor, the

energy consumption for traf ¢ status sensing per le updatin§- Simulation Results

is set to be the same as that for data uploading [59]. 1) Convergence Performance To ensure the reliability
Training model architecture’As for our proposed PRD- of our proposed PRD-DRN algorithm, we rst verify its

DRN model, the main network and the target network amdnvergence performance.

made up of two identical fully-connected ANNs. Each ANN is Fig. 4 shows the reward of PRD-DRN under different mini-

consisted of four layers, i.e., an input layer, an output layer abdtch size (32,64,128). To control variable, we set lthg

two hidden layers. The input layer is consisteddf+1) F+N to 0.6 andN to 30. We can see from Fig. 4 that different

cells including the pre-processed system state. Each hiddaue of the batch-size has a signi cant effect on the reward

layer has 256 cells while the output layer gives the HDM leof PRD-DRN, and a higher value of the mini-batch size helps

update action. We utilizReLU as the activation function and PRD-DRN converge faster to a certain extent. This can be

Adam [60] as the optimizer. To make the model easier to traiexplained as follows. Firstly, the mini-batch size determines

the input state has been normalized by the maximum allowalthe number of the experience samples used for training per

Aol max , i€, round. A smaller mini-batch size increases the randomness of
X norm = X (28) the experience sample, which may impede the convergence
max speed of the model. Meanwhile, the PRD-DRN utilizes the

where X is the input value. The learning rate of the PRD-DRRrioritized sampling method, which can reduce the in uence
parameters, are setto bd 10 “. The learning rate of the of mini-batch size on the convergence speed to a certain extent
average reward is also set to #e 10 4. The target network when the mini-batch size becomes larger. However, a large
update interval i is set to be 2000 steps. The average retbatch-size can result in a single-direction gradient descending
is calculated by the agent interacting with the environmeduring the training process, and this may cause a local optimal
for 10* steps. The memory buffer size is set to be 10°, solution. We set the mini-batch size to 64 in the subsequent
and the mini-batch siz#/,, is set to be 32, 64 and 128. Thesimulation.
exploration rate increases linearly from 0 to 1 and keeps xed. Fig. 5 shows the convergence comparison of the PRD-DRN
We compare our proposed PRD-DRN algorithm with thand the baseline policies whéh= 30. Here, we also consider
following baseline ones. that the discount factor of the DQN-based policy can affect
Random PolicyDuring each time step, the RSU randomlyts performance in the convergence and the average reward
selects an update action for the current state. This polif§l]. Generally, a smaller means that the agent pays more
doesn't take into account the transmission resource allocatiattention to the immediate interests, and the training dif culty
Greedy Policy:During each time step, the RSU managesiay be smaller. On the other hand, a biggemeans that
to maximize the immediate reward by executing the updatiege agent pays attention to the long-term interests, which
action. This policy doesn't take the transmission resourceay make the algorithm unstable. It can be seen from Fig.
allocation into consideration. 5 that a smaller (0.89, 0.92, 0.95) of the DQN-based policy
DQN-based PolicyThe DQN-based policy is based on théndeed ensure its convergence speed, while the average reward
traditional double DQN (DDQN) algorithm [61]. Its networkbecomes higher with a bigger. However, an extremely big
architecture is similar to the PRD-DRN, which consists of (0.98) makes the DQN-based model dif cult to converge
a main network and a target network. The objective of thduring the training process. Meanwhile, the greedy policy
DDOQN is to maximize the cumulative discount reward insteaghd the random policy obtain a relatively low reward. By
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L()=E (R(s;3) QYsfiargmaxa(sfia )i ) Q(siigy; ))° (31)

Fig. 4. The training rewards comparison under different batch-size.

comparison, our PRD-DRN obtains a higher reward whi
ensuring a faster convergence speed. It can be explaiﬁ%&

2) Efciency Analysis. To verify the efciency of our
proposed method, we make performance comparison with the
mentioned baseline policies.

Fig. 6 shows the average Aol cost when vehicles receive
their requested HDM les under different number of vehicles.
It can be observed from Fig. 6 that the RSU with the PRD-
DRN policy maintains relatively low Aol cost compared
with the baseline policies. Meanwhile, it is interesting to
nd that although the number of state-action pairs increases
exponentially with the increase of vehicular numidér the
performance of PRD-DRN keeps stable with resped tadt is
due to the fact that the PRD-DRN is to maximize the long-term
average reward, and thus it can execute optimal update actions
in response to the vehicular requests. Even when there are no
vehicular request arrival in a speci ¢ time step, the RSU may
execute appropriate le update actions based on the historical
request record and the real-time Aol of the cached les. We
can also nd out that the average Aol cost performance of the
proposed PRD-DRN algorithm is under the pre-de ned value
I%f the Aol limitation ( Y, =20). Thus, the PRD-DRN can
ure the stability of the Aol cost performance and realize a

as follows. The prioritized experience sampling reduces tﬁ%asonable utilization of the network resources.
amount of experience the agent required to learn since it

always selects the more valuable experience sample. Although

the sampling process consumes some computation resources

(as the analysis in Section 11I-C), the increased computational

overhead is acceptable relative to the increased performance

gain. Moreover, the PRD-DRN can achieve a better per-

formance without adjusting the discount factor, which also

reduces the training cost to a certain extent.

Based on the above analysis, we set the discount factor
of the the DQN-based policy to 0.95 in the subsequent

simulation.

Fig. 5. The training rewards comparison under different policy.

Fig. 6. Performance comparison in average Aol cost.

Fig. 7 shows the average le updating energy consumption
of the system at each time step under different number of
vehicles. It can be seen from Fig. 7 that the PRD-DRN
keeps a relatively low energy consumption compared with the
baseline policies with the increasing number of vehicles. This
is due to the following reason. To achieve a high average
reward, the agent will adjust the balance between the Aol
cost and the energy consumption appropriately. Meanwhile,
available transmission resource is allocated to the vehicle
whose requested le is close to the Aol threshold, which
avoids the unnecessary updates, and thus reducing the le
update energy consumption.



Fig. 7. Performance comparison in energy consumption.

Fig. 8 shows the average le update time of the system
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tem. For this purpose, we rst formulated the le update and
resource allocation as a nonlinear and nonconvex optimization
problem. To solve this challenging problem, we then proposed
a PRD-DRN algorithm combining the perceive capability of R-
learning and the scheduling capability of reinforcement learn-
ing. Under the proposed PRD-DRN algorithm, the content
update and transmission resource allocation procedures on the
RSU were modeled as an MDP. Based on the advantages
of deep R-learning and prioritized experience sampling, we
obtained the optimal decision to minimize the long-term
average cost related to the Aol and energy consumption. The
extensive simulation results show that our PRD-DRN algo-
rithm can achieve high long-term reward without managing
the discounted factor. Remarkably, in comparison with the
baseline policies, our algorithm can achieve lower average Aol
and energy consumption with relative low le update time
during a xed period. An interesting study is to explore the
joint content update and transmission resource allocation in the
multiple edge nodes scenario with overlapping service region
iy our future work.

each time step under different number of vehicles. We can
see from Fig. 8 that the greedy policy has worse performance
than PRD-DRN and DQN-based policy. This is because th%]
greedy policy only considers the instant system performance
and is prone to fall into the dilemma of local optimal. [2]
Moreover, the greedy policy ignores the benet brought by
the optimal transmission resource allocation in reducing thg]
number of instant le updates. The agents of the PRD-DRN
and DQN-based policy can jointly schedule the le update
and downlink transmission resource allocation from the longp]
term interactions with environment. The available downlink
transmission resources are reasonably allocated to differ
vehicles to ensure that the Aol of the requested le meets the
requirement of the vehicle with minimum le update times.
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