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Abstract—Wireless edge networks can provide edge services
to support various time-critical Internet of Things (IoT) appli-
cations, like autonomous vehicles, where cache content updates
are significant to maintaining information freshness quantified
as information of age (Aol). However, frequent content updates
result in high energy consumption at the edge nodes. This
paper investigates the cache content updates in wireless edge
networks, aiming to ensure information freshness and low energy
consumption. To this end, we propose a rainbow deep reinforce-
ment learning-based cache content update scheme (RB-DRN).
In the RB-DRN scheme, we first establish a Markov Decision
Process (MDP) to characterize the process of cache update. By
fully taking advantage of R-Learning empowered Rainbow DQN,
we then make optimal strategy to obtain the minimum long-
term average overhead associated with energy consumption and
information freshness. Extensive simulation results are presented
to validate our proposed RB-DRN scheme and also to illustrate
that our RB-DRN scheme outperforms the benchmark scheme
in terms of information freshness and energy consumption.

Index Terms—Wireless Edge Networks, Internet of Things, Age
of Information, Cache Update, Rainbow DQN.

I. INTRODUCTION

IRELESS edge networks (WENTSs) are a promising
W class of edge network architecture where multi-access
edge computing (MEC) techniques are utilized through placing
sensing nodes with the ability to compute and store on the
edge side of the network close to end users, thereby reducing
access to central cloud server resources [1]-[7]. Such networks
have been identified as a new paradigm for supporting various
compute-intensive and delay-sensitive Internet of Things (IoT)
applications, such as the Internet of Vehicles (IoV), augmented
reality (AR), virtual reality (VR), and extended reality (XR)
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[8]-[12]. In particular, the sensing nodes need to perform
frequent cache updates to maintain information freshness in
IoV applications [13]-[17]. However, this will incur high
energy consumption for the energy limited-sensors equipped at
the sensing nodes. Thus, it is critical to explore dynamic cache
update scheme while ensuring information freshness and low
energy consumption in WENTs [18]-[20].

Existing works on dynamic cache updates mainly considers
resource scheduling [21]-[27] and status updates [28]-[34] in
WENTSs (See Section III for details). The above works on
dynamic cache updates mainly study the issues of age of infor-
mation (Aol), latency and energy via resource scheduling and
status updating using mathematical optimization algorithms
and learning algorithms, such as these works summarized in
Table 1. Note that the cache tasks are assumed to have the
same priority in these works. However, the cache tasks usually
employ different priorities in real scenarios [35]-[38]. For
example, fire alarms have high priority because such alarm
tasks require a timely response, but temperature and humidity
sensors have lower priority because they are not so sensitive to
delay. This means that system will assign more resources (e.g.,
transmit power) to the edge nodes with high priority tasks.
Moreover, these works mainly adopt heuristic algorithms and
traditional learning algorithms. The former cannot perceive the
environmental information, while the latter suffers from either
dimensional catastrophe (e.g., the Q-learning algorithms) or
sample non-smoothness and hyper-parameter sensitivity (e.g.,
the deep Q-learning algorithms) [39]-[41]. In particular, it is
of vital importance to maintain information freshness and low
energy consumption for supporting various time-critical and
energy-sensitive applications, like autonomous vehicles.

Motivated by the above observations, we explore the cache
dynamic update problem in a WENT with one base station
(BS), one edge server, multiple sensing nodes and users, which
aims to provide users with cached content with high informa-
tion freshness while guaranteeing low energy consumption. In
our considered network, the Aol is of fundamental importance
to qualify the information freshness for supporting time-
critical assisted driving services (e.g., dynamic high-definition
maps files). To keep information freshness, the service content
needs to be frequently updated, which results in high energy
consumption at sensing nodes with limited energy. To achieve
our goal, traditional optimization methods need to acquire
global network information (e.g., channel state information)
in advance. Therefore, such methods lead to large signaling
overhead, and could also not achieve an effective solution
in highly dynamic environments (e.g., vehicles’ mobility).
Remarkably, we propose a Rainbow Deep Reinforcement



TABLE |
COMPREHENSIVECOMPARATIVE ANALYSIS OF DYNAMIC CACHE UPDATES.

Compa_rison [21] [24] [27] [28] [31] [33] [34] The proposed
metrics scheme

Optimization Method (M) (M) (L) (M) (L) (L) (L) (L)

Status Updating X X X X X
Resource Scheduling X X X X X
Objective of Latency X X X

Objective of Aol X X X X X X X X
Objective of Energy X X X X X X X
Objective of Priority X

and Antennas Power

1(M): Optimization scheme based on mathematical optimization algorithi. Optimization scheme based on learning algorithm.
2 Symbol X indicates a high relevance. Symbolindicates a low relevance.

Learning-based cache content updating scheme (RB-DRN) to
achieve the minimum long-term average overhead associated
with energy consumption and information freshness, in which
RB-DRN can utilize historical information to make predictions
without instantaneous network information and ef ciently re-
duce signaling overhead.
It is worth noting that we consider the edge networks are
made of multiple BSs, multiple edge servers and multiple
mobile users, where each server equipped at a BS serve a
group of mobile users independently. Without loss of gener- o _
ality, we only focus on the scenario with one BS, one edge¥: 1+ Motivating scenario.
server and multiple users in this paper, which is widely used

in previous works [21], [23], [51], [52]. This is because the
high-de nition maps (HDM) les requested by mobile users
does not require too much storage space. The edge server,
which provide powerful computation and storage capabilities,

solve this optimization problem. Notably, by fully taking
advantage of R-Learning empowered Rainbow DQN, we
can obtain the optimal decision of MDP to maximize the
average system utility.

can meet mobile users' needs. Our concerned network serves
as a human-vehicle collaborative assisted driving system. The
sensing node can actively update the cache content once if
the Aol of the cache content exceeds a given threshold or the
cache content cannot meet the need of user request. When
a signi cant change of its sensing environment (e.g., trafc
accident) occurs, a human driver can also collaborativel
control the vehicle. We summarize the main contribution
this paper as follows.

Finally, we conduct extensive simulation studies to vali-
date our proposed RB-DRN scheme and to demonstrate
the impact of parameters on average system overhead. We
also conduct the comparison study between our proposed
scheme and some benchmark methods.

The rest of the paper is organized as follows. Section Il
dicates the motivating scenario. Section Ill describes related
works. Section IV introduces the system model in the WENT
scenario. Section V formulates an optimization problem with
We de ne an average system overhead function consige aim to minimize the system overhead. In Section VI, we
ing of Aol demand overhead, system energy consumgropose the dynamic cache update scheme to solve this opti-
tion overhead, antenna power allocation overhead, agfization problem. Simulation results are provided in Section
task priority matching overhead. We formulate Aol angy||. Finally, Section VIII concludes this paper.

energy-driven dynamic cache update as an optimization
problem aiming to minimize the average system overhead
with the constraint of the maximum tolerance value of Il. MOTIVATING SCENARIO

Aol. As shown in Fig. 1, we provide a motivation example
To solve this optimization problem, we then model thencluding input data and expected outputs in which there is
joint resource scheduling and status updating of dynamacWENT consisting of a base station (BS), an edge server,
cache update as a Markov Decision Process (MDR)) sensing nodes, and 100 mobile users (e.g., vehicles) within
which characterizes the state space including Aol valudne coverage area of BS. The vehicles in the network need
power of antenna and task priority. The informatiomo request the HDM les generated by the sensing nodes for
transmission failure probability and the constraints aissisted driving. It is noted that these HDM les need to satisfy
link rate and the number of updates are also carefullije need for information freshness, but frequent refreshing
considered in this MDP. of sensing nodes will incur a high energy overhead. For this
We further propose a rainbow deep reinforcement learreason, the information freshness for the vehicle's HDM le
ing based cache content update scheme (RB-DRN) should be satis ed while keeping the sensing node refresh



frequency low. This means that the WENT needs to enswwemmunication network, and indicate that the data buffer of
information freshness and low energy consumption, whi¢he relay should not store any update packets waiting for
are measured by a utility function. A large utility functionservice under the optimal update policy. The work of [25]
value indicates high information freshness and low energxamines the age-energy tradeoff in an IoT monitoring system
consumption. Thus, this paper aims to maximize the utilihhrough adopting a practical truncated automatic repeat request
function. We will provide the input and output data for thescheme. Under such a scheme, when the transmission times
example. does not reach its maximum or a new status update is not gen-
For the input data, we give the following settings. Withirerated, the 10T device can always transmit the current status
the coverage area of BS, there are 10 sensing nodes dpdate. In [26], the authors explore the energy-Aol tradeoff for
sensing road traf ¢ information and generating dynamic HDM status update system where a sensor generates and transmits
les. In this case, the size of each HDM le is 1 MB. All status packets to a monitor over an error-prone channel. The
HDM les will be updated to the edge server through uplinkauthors in [27] propose an optimal transmission scheme to
(orange line in Fig. 1) caching to supply vehicle requesichieve the minimization of the weighted communication on
services. Since there will be competition among multipl&ol and total energy consumption.
sensing nodes transmitting data at the same time, we limitAs for the status updating, the authors in [28] aim to
the number of transmitted contents to no more than 5. Th@nimize the average Aol at a destination with the con-
energy consumption required for each update of the sensitgnint of energy causality at an energy harvesting sensor.
nodes is 10 mW. Vehicles request HDM les through thélere, the sensor continuously monitors a wireless commu-
downlink (blue line in Fig. 1). The channel bandwidth is fication system and transmit time-stamped status updates to
MHz, and the transmit power of the BS antenna is 0.5 W. Thire destination. In [29], the authors rst model an loT-based
channel capacity is 3 Mbps. There is a timeliness in HDM, andulti-source status update system as a multi-source M/G/1/1
the content with fresher information will be more helpful tdufferless preemptive queue, and then optimize the arrival
the vehicle. However, frequent updates will cause very highte allocation to control the maximal violation probabilities
energy consumption overhead. Therefore, it is necessaryingproving the overall timeliness of the multi-source system. In
manage the updating process of HDM. At the same timg30], the authors propose a context-based metric (i.e., Urgency
differentiated resource allocation can be made according dbinformation) to measure the nonlinear time-varying impor-
different priorities of vehicles. In Fig. 1, high-priority vehicletance and the non-uniform context-dependence of the status
Arequests HDM les from sensing nod®and sensing nodé information. In a real-time 10T monitoring system, the work
at 3:00 a.m. If the edge server has cached the requested corsériB1] jointly optimizes the status sampling and updating
originated from the sensing nodes, the content (e.g., the HOWbcess to minimize the average Aol at the destination with
le generated by sensing nod8) is directly transmitted to the the constraint of an average energy cost at each device. The
vehicle A via downlink. Otherwise, the edge server requestgork of [32] considers a scenario of cognitive radio energy
to update the cached content (green line in Fig. 1) and thearvesting communications and explores the average Aol
transmit it to the vehicle after the sensing node (e.g., tmainimization under such a scenario. In [33], the authors focus
sensing nod€) has uploaded the content. As for the expectash striking a balance between the information freshness and
outputs, the system outputs the maximum utility function valuenergy consumed by sensors in a caching enabled loT network
(i.e., -25 in this example) by jointly optimizing cache updatewhich is formulated as a non-uniform time frame based
and resource allocation. dynamic status update optimization problem to minimize the
long-term average overhead. In [34], a deep reinforcement
learning-based algorithm is proposed to solve the content
lIl. RELATED WORK update and transmission resource allocation problem with the
In WENTs, MEC is an efcient resource managemengoal of minimizing the long-term average overhead.
method to provide cache update services. Available dynamicWe summarize the characteristics of some representative
cache update studies mainly consider resource schedulimgrks mentioned above in Table I.
[21]-[27] and status updating [28]-[34].
For the resource scheduling, the authors in [21] propose IV. SYSTEM MODEL
a freshness-aware refreshing and transmission resource allo-
cation scheme to balance the service delay and information Network Model
freshness measured by age of information. The authors in [22]As shown in Fig. 2, we consider a WENT consisting of
prove that the Aol and delay can be minimized simultaneouslyBS, an edge servely] sensing nodes, and multiple mobile
in a short-packet transmission scenario, where these twugers (e.g., vehicles) within the coverage area of BS. The edge
performance metrics are affected by update rate and blasdever equipped at BS is considered as a core network entity to
length in a complex manner. Two schemes are proposedcieche HDM les with different le sizes for mobile users, and
[23] for cache update and content delivery at the roadsidéso dynamically updates HDM les obtaining from sensing
units, which can signi cantly reduce service latency whileodes to ensure information freshness. Speci cally, the HDM
ensuring content freshness in heavily loaded informatiorles for assisted driving can provide road condition informa-
centric vehicular networks. In [24], the authors propose aggen, pedestrian ow information and rules for lane-changing
minimal transmission policies for a two-hop energy harvestirdyiving. Sensing nodes embedded with roadside sensors are



responsible for sensing dynamic environmental information

and generate HDM les. Due to the limited communication

range of sensing nodes, we consider mobile users obtain HDM

les from the edge server rather than the sensing nodes. For

supporting assisted driving, the mobile users request HDM

les with different priorities (i.e., task priority identi eV, (t)

for usern at time framet, which is used to quantify the

priority of usern in obtaining transmit power resources.).

Here, the mobile users with higher priority can obtain more

transmit power resources A, (t), which is the number of

base station's transmit power resource blocks assigned to user

n at time framet. It is used to quantify the transmit power

allocated to usen by the BS in the downlink. In the WENT,

there exist two types of communication links, i.e., downlink

from BS to each mobile user, and uplink from each sensing

node to BS. We consider that the BS is equipped with multiple

orthogonal antennas adopting multiple-input multiple-outpiig- 2. Edge service network scenario.

(MIMO) technique, where each antenna communicates with

one mobile user using equal-sized spectrum resource with @e antenna power allocation overhe@id , and task priority

constraint of maximum transmit pOwegax - P !
It is notable that our WENT is critical to support rclssisting'in"’ltChlng overheady .

driving for connected vehicles. mobile users, i.e., vehicles,

input requests for assisted driving (i.e., input data includirg. Cache-Updated Model

le sizes, transmission capacity, energy consumption, etc), andwe yseN =f 1; 2;:::;N g andM =f 1;2;:::; M g to represent

then the edge server in the WENT outputs HDM les 10 thene sets of the mobile users and sensor-equipped sensing

mobile users for helping assisted driving system in makirghdes, respectively. The set of task requests from the user

decisions (i.e., expected outputs for assisted driving decisiong)within the time framet can be represented &, (t) =

The execution process is as follows. fDL(t);D2(t); =DM (t); ;DM (t)g, wherem 2 M . Here,
Mobile usern rst requests an HDM le cached at the pm(t) = 1 indicates that the usen sends a content

edge server with request identi @7 (t) (i.e., Usem request caching request to the sensing nadein the time framet,

identi er D' (t) for sensing noden at time framet, which ang pm(t) = 0 indicates that there is no content caching

is used to quantify the state of userwhen generating HDM request. The edge server needs to conduct an appropriate

le requests). scheme for real-time Aol of the content caching after receiving
The edge server then judges whether the freshness of {hg request, which can be represented by thel¢gt =

HDM e (i.e., the Aol value of the HDM le from sensing |, (t):1,(t); ;1 (1)1 1w (t)g. Here,l m(t) =0 means that

nodem by usern at time framet) meets the mobile USErs the edge server delivers the cached content directly to user

needs with update identi el (t) (i.e., update identied m (t)  andl,(t) = 1 means that the edge server will update the

for sensing noden at time framet, which is used to quantify cached content immediately.

the actions of the sensing node when updating the HDM T4 ayoid uplink channel congestion, we Uégo denote the

le). If yes, the edge server sends the HDM le (with different sner hound of the number of updated content, and then
le sizes F,, for mobile users) directly to the mobile user

via the downlink transmission with the downlink transmission

rateR, (t) between the edge server and useOtherwise, the Im(t) Y2 @)

edge server requires a sensing node to update the content of the m=1

HDM le. Note that the downlink transmission latency@ (t)

represents the time consumption for the edge server to deliver

the cached HDM le with usem at time framet, and the C- Performance Model

energy consumptio g represents the energy consumption 1) Aol Model: The real-time information freshness of

for each sensing nod®m update operation. The sensing nodeached content depends on the decision of cache updating.

updates the content and then sends the HDM le to the edgée will construct Aol model to characterize the information

server via uplink transmission. freshness of different users with different sensing nodes in
Finally, the edge server sends it to the mobile user. Thise same time frame. The information freshness of cached

execution process can maintain high information freshnessaaintent is affected by the cache updating time consumption

HDM les and low system energy consumption by a joinind the transmission latency (i.e., uplink transmission latency

optimization of the HDM le update scheme of sensing nodesnd downlink transmission latency). Meanwhile, we de ne the

and power resource allocation with overhead function. Noteaximum allowable value of Aol a#\ . for the cached

that we construct an overhead function consisting of Aaontent. When the value of Aol exceeds,x , the cached

demand overhea€,, system energy consumption overheadontent will be updated



TABLE Il

DEFINITION OF MATHEMATICAL SYMBOLS

Symbol De nition
DI (t) User n request identi er for sensing nodm at time
framet. It is used to quantify the state of userwhen
generating HDM le requests.
I'm (t) Update identi er for sensing nodm at time framet. It
is used to quantify the actions of the sensing node
when updating the HDM le.
Vh (t) Task priority identi er for usern at time framet. It
is used to quantify the priority of user in obtaining
transmit power resources.
AT (1) The Aol value of the HDM le from sensing node in
the edge server at time frane . L
AR (1) The Aol value of the HDM le from sensing node by Fig. 3. The variation of Aol at the edge server.
usern at time framet.
Fm The size of the HDM le from the sensing node. . . . . .
hn The channel gain between userand edge server. value of Aol is the time duration from time when the sensing
Rn (1) Ths downlintkt_transfmisseiton rate between the edge servernode generates the HDM le to the time when the le is
upd and usem at time framet. . received by the edge server, which is equal to the transmission

m (1) The uplink transmission I_atency from the sensing node upd . . s
m to the edge server at time frare latency m" (t). We can observe from Fig. 3 that in the initial

va(t) The downlink transmission latency for the edge server to phase, the value of Aol increases linearlytamcreases. At
f'e""er the cached HDM e with usen at time frame  the momentst?, t9 andtg, the Aol immediately returns to

Amax The maximum tolerance Aol value for all HDM les. the initial value and thep in_cregses aggin. In particular, the
n The intelligent level of users. value of Aol at moment] is signi cantly different from other
m H .
n (1) Igse’?;"gfz‘s""e’}?]V;":iiqgfftrafnﬁe'tw le from the sensing  tyyo moments. The reasons behind these phenomena can be
) The average Aol demand overhead of uséor all DM~ €XPlained as follows. Starting from an initial value, Aol is
les at time framet. actually a function of timet with a slope of 1, and thus

Eupd The energy consumption for each sensing nodepdate  jt jncreases linearly witt. When't increases up td9 and
operation, t9 moments, the user requests to update the HDM le, and

Zn (1) The number of base station's transmit power resource ~2 ' a . > und p o '
blocks assigned to user at time framet. It is used to  then the edge server experiencingj“(t) transmission latency
guam'f{ tt_he Ffa{‘hsmc'jt POVI\_’elf( allocated to userby the  receives the updated HDM le from the sensing node. On the

ase station In the downlink. . . .

Po The transmit power resources contained inaunittransmitOther hand, when the Aol achieves its maximum allowable
power resource block. In the case of multiple resource value att; moment, and then the edge server needs to request
b'0<|3t!<5|v thef lt)r?se Statt)'on ‘;V'” PFOV'debffarllsm't power in an update of the HDM le from the sensing node. Thus, the

Prmax Tm#elﬁﬁgiir?ﬁumepguwrgr ?); gnrgﬁ?:r:ﬁg s Aol continues to increasetP’(t) with t, and then returns to

. o d

paA(t) The power supplied to the userby the antenna at time  the initial value °°(t) whent reacheg?, t3 andt3 moments.

5 ffﬁmﬁt- dwidth size of cach ned - To better design the cached content update scheme, we
Is:r andwidth size of each antenna assigned to a singlégy ) ate the rule that the Aol of all cached content cannot

Ca The Aol demand overhead. exceed the maximum valukn,,« . Otherwise, an update will

Ce The energy consumption overhead. be forced as bandwidth allows. Regarding the content from the

Cp The antenna power allocation overhead. ; ;

Cu The task priority matching overhead, sensing noden, there exist two cases for the Aol valag' (t)

The unit price ofCa . It is used to quantify the impact of ~ Of the content stored in the gdge server. One case _is determined
HDM le's information freshness on system overhead. by the duration of the previous time frame. In this case, the
The unit price ofCe . Itis used to quantify the impact cache update is performed at the previous time frame. Another
of energy consumption of sensing nodes on the system . . . . .
overhead. case is determined by the sum of the previous information
The unit price ofCp . It is used to quantify the impact freshness and the duration for the last time frame. However,
of the power resources provided by the base station onthe value of Aol cannot exceellmax in the second case or
the system overhead. it will | h m

The unit price ofCy . It is used to quantify the impact it will be replaced. Among t emig (t) can be expressed as

of the additional overhead of task priority matching on

the system overhead. AD(t) = Ts,_par(t 1); if Ilm(t 1)= 1
0 minfAJ (t 1)+ Tepaft  1); Amax g; Otherwise
)

where Tspaft) represents the duration of the time frame

We further need to distinguish between Aol values for edge For mobile users, they need to obtain the cached information
server or mobile users. Fig. 3 shows how the Aol of an HD¥tom the edge server. Therefore, the Aol value at this time
le at the edge server varies with the tinte In Fig. 3, the depends on the freshness of the content and the transmission
vertical axis represents the Aol value of an HDM le storedatency between devices. For a userequesting the content
at the edge server, and the horizontal axis represents the traehed by the sensing node, the corresponding Aol value
lapset. Amax represents the maximum allowable value oA]'(t) contains two cases. One case is determined by the
Aol. ,‘#’d(t) represents the uplink transmission latency of anformation freshness of the content on the server and the
HDM le from a sensing node to the edge server. The initiadlownlink transmission latency. In this case, no cache update



is performed at the beginning. Another case is determined by« to denote the maximum tolerable latency of the task.
the time consumption consisting of the downlink transmittinghis means that when the update latency of the task is greater
and content updating. In this case, cache update is perforntlean .« , the task update is failed.
at the beginning. Among therd\" (t) can be expressed as  2) Energy Consumption Modeln the WENT, the energy
AT+ 1(t);  if Im(t)=0 is_ mainly consumed at the edge server and sensing nodes.
Und)a. (3) Since edge server usually has a stable power supply, we
only consider the energy consumption at sensing nodes. In

where #Pd(t) represents the uplink transmission latency fgparticular, the energy consumption of sensing nodes consists
sensing noden to update a single task with the edge serve®f the energy of state sensitifye, and the energy of content
and '3(t) represents the downlink transmission latency fd#PloadingEup. We useE pq to denote the energy consumption
the edge server to deliver cached content with usein the required for each content update, i.&ypq = Esent Eyp.
following, we describe the calculation procedure of these twiden, the total energy consumptiéfiy(t) of the WENT can

m —
A (t) = rt]ra(t) + r%‘,.pd(t); otherwise

transmission latencies. be expressed as
In our network model, the transmit power of any antenna NG
can be exibly controlled through adjusting task priority Ewot(t) = I'm (t)Eupd: 9)
and the number of resource blocks. The number of power m=1
resource blocksZ,(t) allocated to each user is not xed.
Speci cally, we model continuous power resources as discrete V. PROBLEM FORMULATION

power resource blocks, each of whichps. The allocation A. Overhead Function
of power resource blocks is based on the optimal decision
introduced in Section V. The transmit powgi "(t) of the
antenna is given by

We construct an overhead function consisting of Aol de-
mand overheadC,, system energy consumption overhead
Ce, antenna power allocation overhe@d, and task priority
PUP(t) = Vi (1) Zn (t)Po (4) matching overhea€y . The overhead functioK (t) of the

. . _ system in time framé can be expressed as
whereV, (t) is the task priority of usen, Z,(t) is the number

of resource blocks assigned to userand pp is the power Kitf(t) = Ca+ Cg+ Cp+ Cy (10)
resources contained in a unit resource block.

The number of resource blocks allocated taN\alusers does
not exceedS, and then

where is the unit price of the Aol demand overhead,

is the unit price of the energy consumption overheads

the unit price of the antenna power overhead, an the

unit price of the priority matching overhead. Note that the
Zn(t) G ®) prices here are all dimensionless units, and different prices

n=l imply tradeoffs between different overheads. Unit price plays

Therefore, the downlink transmission raf, (t) is deter- the role of weight in the overhead function, which affects
mined by the transmit power, channel gain, channel bandwidth® importance metrics of different components and thus the

and noise power, which can be expressed as pgrformance of the average system utiIity: By adjusting the
SUDexir 12 prices, a balance can be found between different components
Rn(t)= Blog, 1+ w (6) to achieve a comprehensive optimization of the system. For

example, choosing the option with a higher price for energy

whereB is the channel bandwidth of the base statigfi”(t) consumption will extend the. battery life of the deyice and
is the power provided by the antenna to the useh, is réduce the energy consumption, but may lead to higher Aol.
the channel gain between userand base station, and? Choosing the option with higher Aol price will improve
is noise power. Since we consider an orthogonal frequenégsponse time and quality of service, but may lead to higher
division multiple access (OFDMA) system, there is no chann@€rgy consumption. In this scheme, we pay more aftention
interference. A signal received at each user can be successfifijhe impact of Aol and system energy consumption, so we
decoded if and only if the transmission rate from BS to tHélVeé @ larger weight. The antenna power allocation overhead

user is greater than some threshold valig i.e., and priority matching overhead are considered as additional
overheads, so they are given less weight.
Rn(t) Rt (7) Now we need to determin€a, Ce, Cp, andCy, respec-

Then, the downlink transmission latency can be expressed¥§ly: The Aol demand overheaG, is determined by the
intelligence level of network-connected useand the average

KO Fm (8) demand value of Aol. First, we use]' (t) to denote the Aol
Rn (1) demand value, which can be expressed as
whereF, is the le size of the cached content, aRj (t) is M) = JAM (L) Asal (11)

the downlink transmission rate.

For the uplink, we useJ‘,‘,d to denote the update latency ofwhereAJ" (t) is the Aol in real time, andhs, is the optimal
any task at sensing node. Then, the update latencies of allAol value for each user. We consider the long-term average
tasks are denoted as a Jgpa = o4 uzpd; ;i 0hdd- We use benet of the system. Thus, the average Aol demand value



of usern for all caching content in the time frantecan be where constraint (17a) represents that the Aol valffgt) of

expressed as all cached content cannot exceed the maximum valpe,
1 W or an update will be forced, constraint (17b) represents the
Ta) = Py MDY (t): (12) upper bound of the number of updated content, and constraint
m=1 O (t) m=1 (17c) represents that the number of resource blocks allocated
We further give the Aol demand overhe@q of all users as t© all N users does not excedsl
Q Itis usually challenging to solve the nonlinear and noncovex
Ca = ) (13) optimization problem. In the next sections, we propose an RB-
n=1 DRN scheme to solve this problem.
P
where ,’:':1 n=1, n 2]0;1], and the value of , depends

on the intelligence level of the network-connected user. VI. DYNAMIC CACHE UPDATE SCHEME

Th m ener nsumption overh€adrepresents th . . . .
e system energy consumption overh€adrepresents the This section rst establishes an MDP to characterize the

i(:)’[ﬁlsjr?]ert?gncrc;nsuuirrggt;%r; ;githegéil til;?]ei:'“('g; of the energgche update process, including joint resource scheduling and
b d g ' status updating. Then we propose an RB-DRN algorithm to

The antenna power allocation overhe@d is de ned as e th timizati bl d | s ti |
the sum of the power allocated to each antenna. Theré&l are>0'V€ the optimization problem and analyze 1s time complex-

antennas equipped at the edge server. Each user can get sel¥ral

power resource blocks for data transmission. The transmit

power of each antenna belongs [0;pmax ], and can be A MDP Model

adjusted via changing the number of resource blocks based on

task priority. High priority tasks are allocated more resource We construct the cache updating and resource scheduling

blocks. Then, we can determif@ as process as an MDP process de ned by the quaternion tuple
N hS; A; P; Ui, whereS, A, P andU denotes the state space,
Cp = D™ (t)psA(t) (14) action space, state transition probability and utility function,
n=1 m=1 respectively. The speci c process is described as follows.
wherepn? is the power of each antenna. State Space Sis(t) = (Ao(t);Ax(t); AN (L);
The task priority matching overhea@, represents the Vi(t);: Wn (1)) is dened as the system state at time
additional overhead introduced by considering the priority, framet, which is composed of the real-time Aol value
which is determined as on the edge serveAo(t) = (Aj(t); A§(1); A (1),
W the real-time Aol value of the useA,(t) =
Cy = Va(t) (15) (AL(t); A2(t); = AM(t));n 2 N and the task priority
n=1 Vi (t) for each user. The state spe8és nite due to the

where is the costing factor for priority. In the overnead  following two constraints: the maximum tolerance Aol
function, priority matching overhead is an additional overhead Vvalue and the task priority-based resource allocation.
incurred by users' priority allocation. Speci cally, the high ~ Action space A: a(t) = (11(t);12(t); 51w (1);
priority users can be allocated more transmit power resources. Z£1(1); Z2(t);:::Zn (1)) Is dened as the system action
To obtain priority, these users need to pay fee to the resources' SetA in time framet, which represents the content update

provider, resulting in the priority matching overhead. decision of Fhe sensing .r?ode.
State Transition Probability PP =S A S! |[0;1]
B. Optimization Problem represents the distribution of the transition probability

P(s%]j s; a) from the system stateto a new system state
s%(s;s?2 S) when an actiora 2 A is chosen, which is
mainly affected by environmental changes, such as the
user's request arrival rate, the priority of cache items, the
threshold for antenna power, and the transmission failure
probability, etc. It is worth noting that the probability
of exploring the unknown environment can be modeled
through a noisy network layer.

We focus on the long-term average benet of the system,
and thus the average system overhead is given by

1 X
Kae= lim —E( Kot(1)): (16)
T T 120
Our objective is to minimize the average system overhead,
which can be formulated as the following constrained opti-

mization problem, Utility Function U: S A'! U represents a mapping re-
Pl: min Kae @an lationship between an input state-action parameter and an
st AT() Ama; M2M (17a) output utility valueU(s(t); a(t)). We a_im at_ minimizing
¥ the long-term average overhe#d,. given in Eq. (17).
Then, the value of the utility function can be de ned as
Im(t) Y (17b)
- UGs(t)at) = Kae
Here, we describe the strategyby the agent (i.e., edge
Zn(t) G (17c) server) actiora(t) 2 A and the system statft) 2 S. Then,

n=1 the optimal strategy with states(t9) is given by



., " thus increasing the diversity and robustness of the training.

1 X The TD error ; can be expressed as
=zargmax lim —=E U(s(t);a(t)) js(t?) : (18 } I .00 . o
gmax m $E OEO@OISO 218 o ygia) TrmaxQhial o) Qsia 1)
B | (25)
B. RB-DRN Algorithm whereU represents the average utility of the cached experi-

The constructed MDP model can characterize the imp&dices in the cached experience replay buffer. Among them,
of the content update decisions on the system utility functiop@™Pling can be executed by using tBemTreemethod,

Thus, we need to design an ef cient cache update scheme ygpich allows experience tuples with higher sampling priority
achieving the highest utility. to be selected with greater likelihood. Based on this method,

{itke probability that each experience is sampled in prioritized

Since partial reinforcement learning approaches explore i
Bxperience replay can be expressed as

long-term average return of the system, we propose a dynal

cache content update scheme (RB-DRN) by combining R- P
learning [42] with Rainbow DQN method. We improve on Prj=p5— (26)
the state-value functiow (s) of the DQN-based algorithm as j=1 Pj

" 4

N where represents the parameter for adjusting the in uence

V(s)= E (U(s(t+ T); (t+T)) U)js(t) (19) degree of experience priority. In our proposed algorithm,
T=0 sampling is based entirely on priority, i.e. = 1. In order

and the action-value functio (s:a) can be expressed as to correct the bias introduced in the prioritized experience

" # replay, importance sampling weight (ISW) is used to modify

the learning update and thus reduce the effect of non-uniform

h3 _
Q (ssa=E (U(s(t+ T)a(t+T) U)j(sa) sampling. The ISW is given by

T=0
(20 W = (55 @)
where U represents the long-term average utility of taking ) - . )
strategy , which can be expressed as where Pr; is the probability of sampled experience, and
% represents the parameter for controlling the in uence degree
U=lim 17 U(s(t+T); (t+T):  (21) Of weights. _
T T o1 ’ The average utility combines the batch size of cached

. ) . experience tuples and the TD errors, and then it can be updated
The advantage functio@ (s;a) under each action satises 4¢

the following equation o Xr
1 X U=U+ i (28)
Q (s;a)=V (s)+ G (s;a) A (s;a):  (22) j=1
a%2A According to the update of average utility, the estimated

The optimal strategy of MDP can be acquired by using thevalue of the target networl; is given by

Bellman function as follows —
Qi(siia) = Usiay)  U+max Q(s)ia)s 4 ) (29)
Vo (s)=max Q (s;a): (23) 4
? ) Then, the evaluation network and the target network can be
The framework of our dynamic cache update scheme {ipdated by minimizing the loss functidn( ). Here, the loss

depicted in Fig. 4. _ _ function is given by
In our proposed algorithm, we update the state-action value

function at each time frame as 1 X 2
1 X L()= Wa W (Qu(siia) Qsiia; 15 2) -
Q (Si& 1 2)= V (S ¥ G (si& 2) (s;a% 2): Ri=1 0)
a2 A (24) In our proposed algorithm, we conduct training Gfe

Initially, we employ a prioritized experience replay schem@ops to update the parameters of the network via mini-batch
[43] to collect a batch of cached experience tupRs= stochastic gradient descent with Adam [44] [45]. The update
f 1 20 jim 50, where § = (sp;a;U(sj;q);s?), j 2 parameter is given by
f1,2 :::;._Jg. Here, the size of ea_lch batchWgg . This _method _ 0= rL(s): f2f12g 31)
of experience replay preferentially sample experiences with
high priority. Note that the priority for sampling each experiwhere is the learning rate. The parameter for the main

ence tuple ; is calculated ag; = j jj+ e;j 2f1;2;::;;J9.  network is updated at each time frame, whereas the parameter
Here, ; represents the temporal-difference (TD) error, and the for the target network is updated eveZytime frames, such
value ofe is a very small positive number such s 10 5 that ((t)= ¢(t C). The proposed RB-DRN algorithm is

or 1 10 8. This operation ensures that a sample will bpresented inAlgorithm 1, which can be summarized as the
selected with some probability even if its TD error is smalfollowing steps.



Fig. 4. The framework of RB-DRN.

Step 1: Initialization. At the beginning of the RB-DRN is minimized by the gradient descent method and the network
algorithm, the system initializes the parameters of the maarameters are updated until the utility function converges.
and target networks, the average utility and the time parametBEne exploration rate is initially set to 1 and is decayed during

Step 2: Observing and Actinglhe edge server acting as arfach training session by multiplying it by an exploration decay
agent observes its surrounding environment, and then obtafgfor.
the current system staggt) by observation. For a given state
s(t), the agent chooses acti@(t) using the epsilon-greedy C. Algorithm Complexity Analysis
method. Since the agent does not know the environment weILI-he time complexity for an Articial Neural Network

at the beginning of the iteration under the epsilon-gree XNN)-based algorithm is in uenced by the number of neu-
method, it tends to randomly select an action from the actiQg. < \vithin the network [46]. Consider a fully-connected

set. After performing several iterations, as the decay and the, . ok with X, input neuronsxe output neurons, ant
agent's knowledge of the environment increases, it will SeleﬁFdden layers, each containing neurons i 2 f 1:2;:::: H g)

the action with the largest Q value with higher probabilit he time com ;
! . . . plexity can be expressed@&x; X; + XoXy +
Based on the chosen actiaft), the immediate system u'uhtyy'g H 1thh+l) [47]. Additionally, the time complexity for

i . . h=1
U(s(t),a(t)) IS obtained, as well as the staift + 1) for the the SumTreemethod isO(log,jRj) [43]. Since this value is
next time period.

small, it can be ignored. Therefore, the overall time complexity
Step 3: Replaying.The system refreshes the experiencgf the proposed algorithm is given by
buffer. The agent can obtain the corresponding experience

tuple hs(t); a(t); U(s(t); a(t)); s(t + 1)i and cache the tuple

in the experience replay buffer for subsequent learning. SUb'O(ij(xl.s + Xpa) +
sequently, a small batch is taken from the experience replay ’ ’
buffer and trained using the prioritized experience replay

method.

Step 4: Updating.The algorithm updates the average utility wherexn.s and xy.a represent two ANNs of state-value
function value via Eqg. (28). At the same time, the loss functidianction and advantage functiofi$j and jAj represent the

1
(Xh:s Xn+1:5 + Xna Xn+1;A)

h=1
+Xns + JAJXHA )
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Algorithm 1: RB-DRN: A rainbow deep reinforce- TABLE 11l

ment learning-based cache content update scheme. SIMULATION PARAMETERS
Input: environmental exploration rate exploration Parameters Values
decay factor °, cached experience replay buffer s',VIObi'Ie usegs 15, 20i§5' 30
H D H ensing nodes
sizejRj, system staté&, learning rate and . Maximum power of an antenna 05 W
Output: value ofQ and Qt- Channel bandwidth of the base station 5 MHz
L. Initialization Uplink [ 'Timle ot f i desf 0:8; 0:9 1%)511 1:2
T plink transmission latency for sensing noded 0:8; 0:9; 1:0; 1:1; 1:2g s
2 Initialize model parameters and ;, and let Energy consumption for updating [5,10] MW
. i, f 211 2g; Noise power -114 dBm
itiali ilitd ] = -0 Maximum allowable value of Aol 20s
3 Initialize average utilityl =0 andt =0; Sive of the cached content [1.2] MB
4 . Implementation Maximum number of updated content 5
5 fort Tmax do Total number of resource blocks 200
i i Optimizer Adam [45]
6 .ObObserVIl’lg & ?Cttmg t) of tem: Activation function ReLU/GELU [49], [50]
7 Serve current s at(t) of system; Learning rate of utility 0.005, 0.0005, 0.00005
8 Obtain the value of)(s(t);a; 1; 2) for states(t); Learning rate of neural network 0.00005
9 | Selecta(t) from A with probability or select Batch size _ 32, 64, 128, 256
a(t) = arg max Q(s(t)'a' . ) otherwise: Cached experience replay buffer size 1 10
=arg A 1 2 ' Iteration step 2000
10 Executea(t); Training epoch 150
11 Observe and record the system state under the
actiona(t);
12 Calculate the system utility valud(s(t); a(t))
based on the current state and obtain the state
s(t + 1) for next time frame;
13 . Replaying
14 Refreshing the cached experience replay buffer;
15 Add the new tupldS; A;U; S(t +1)i to the
cached experience replay buffer
16 Sample the cached experience tuples with batch
sizeWg from the cached experience replay buffer
by prioritized experience replay method;
17 . Updating
18 Update the average utilityy with Eq.(28);
19 Obtaining TD errors and calculating the loss
functionL( ¢);f 2 1;2g;
20 Update parameters 1, 2) with Eq.(31);
21 if mod(t;C) =0 then Fig. 5. The average system utility of the RB-DRN algorithm for different
22 Set the target network parameters 7 and learning rates.
2 2;
zj te”d Ch1 VIl. SIMULATION AND ANALYSIS
25 o , We conduct simulation study to analyze convergence perfor-

26 end mance of RB-DRN algorithm, and also to illustrate the impact
of critical parameters on system performance. We further
provide efciency analysis compared with other methods.

sizes of the state space and action space, respectively. Accdfee Whole simulation is implemented via the TensorFlow

ing to the MDP and the proposed algorithm, we can expre§@me and runs on a PC with Intel Core i9-10980XE CPU
the size ofjSj andjAj as @3.00GHz, Memory 16G, and GPU for NVIDIA GeForce

RTX 3090.

iSi=(1+ M)N + M;

A= M+ N A. Parameter Settings
Assuming that the neurons in the two ANNs have identical

parameters, this expression can be simpli ed as

(33)

We construct a WENT simulation scenario in which there
is a base station equipped with an edge serer(N 2

f 15; 20; 25; 30g) connected vehicles, and 10 sensing nodes.
At each time slot, the arriving task requests for each cached
whereM represents the number of sensing nodéstepre- HDM le follow a Zipf distribution, where the value of the
sents the number of users, ardrepresents the number ofdistribution parameter is set to 1.0 [47]. This distribution
NNs. is representative of real vehicular networks and is widely

O(MNXx + x?) (34)
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TABLE IV
THE TIME CONSUMPTION OFTRAINING FOR DIFFERENTALGORITHMS
(UNIT IN HOUR)

Parameter RB-DRN PDSU Greedy Random

N =15 4.97 4.61 3.60 3.58
N =20 5.37 5.13 4.16 4.01
N =25 5.65 5.52 4.79 4.78
N =30 5.91 5.85 5.31 5.10

that does not fully understand the environment. The detailed
parameter setting is listed in Table 11l

B. Performance Analysis

1) Convergence Performance We validate the conver-
gence performance of the algorithm to guarantee its reliability.
Fig. 5 shows the average system utility under the RB-
bRN algorithm with different learning rates. We can see that
different learning rate settings have a signi cant impact on the
reward pro le of the RB-DRN algorithm, and the appropriate
learning rate helps the RB-DRN algorithm to converges more
quickly to a certain constant. This is due to the following
reason. First, a larger learning rate allows the agent to explore
the unknown environment quickly and improve the ef ciency
of convergence. However, a larger learning rate may make the
update step of the agent larger, which may cause the model to
oscillate around the optimal solution and fail to converge. In
the subsequent experiments, we set the learning rate to 0.0005.
Fig. 6 shows the average system utility under the RB-DRN
algorithm for different batch sizes. It is obvious that varying
batch sizes substantially in uence the utilities obtained by the
RB-DRN algorithm, and the appropriate batch size helps the
model converge quickly. The reasons for this are described
below. First, larger batch sizes make the empirical samples
required for model training richer, which speeds up the con-
Fig. 7. The average system utility of the PDSU algorithm for differenf €rg€NCE of the model. However, too large batch size makes
discount factors. the model fall into local optimal solutions, which reduces
the generalization ability of the model. In the subsequent
experiments, we set the batch size to 64.
used in many related references [53]-[55]. The BS uses thep) Ef ciency Analysis: We conduct a comparison study
MIMO model. At the same time, the allocated power Opetween the RB-DRN algorithm and the following baseline
each resource block is 2.5 mW, and the number of resourgethods.
blocks is set to 200. For each sensing node, the HDM le Random algorithm (Random):For the current state, the
update latency is randomly selected from the set of values@fige server randomly chooses an update action at each time
f0:8;0:9; 1:0; 1:1; 1:2 g, The value of time slot is set frame. This algorithm does not consider antenna power con-
to 1 s. Once the le update latencies for each roadside sengey, meaning that each user is allocated an equal number of
are determined, their values will remain constant throughotsource blocks.
the simulation. The Aol maximum tolerance is set to 20 time Greedy algorithm (Greedy)The edge server aims to maxi-
slots. Meanwhile, the power of each sensor is set to 10 mWize the immediate utility by implementing the update action
For sensing nodes, each update of the HDM le consumes each time frame, i.e., minimum sum of Aol for cached
the same amount of energy. Note that all parameter settingghtent. This algorithm doesn't take the antenna power control
are widely used and veri ed to be effective in simulating reahto consideration, which is similar to the Random algorithm.
vehicular networks in previous studies [47],[53]-[57]. Prioritized Double DQN-based status update algorithm
Small scale data is not suitable for training deep reinforc€PDSU): The network architecture of PDSU algorithm is
ment learning and it may face the problem of insuf cienbased on Prioritized Double DQN (DDQN). During each time
exploration. Deep reinforcement learning schemes (e.g., D@fdme, the Optimization Objective of network is to maximize
approach) relies on exploration and exploitation mechanisiie cumulative discount return by executing the update action.
to learn the dynamics of the environment. With small scale Fig. 7 shows the average system utility under the
data, exploration may be insufcient, resulting in a modePDSU algorithm for different discount factors, i.e. 2

Fig. 6. The average system utility of the RB-DRN algorithm for differen
batch sizes.
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(&) Number of users (N=15). (b) Number of users (N=20).

(c) Number of users (N=25). (d) Number of users (N=30).

Fig. 8. The average system utility of the RB-DRN algorithm for different users.

f0:92;,0:95,0:983. We can see that the discount factor coulthe network, which improves the generalization ability of the
affect the performance of utility and convergence. The smallerodel and makes the algorithm better adapted to unknown en-
= 0:92 acquires higher convergence speed and loweironments. In addition, the RB-DRN algorithm incorporates
utility. The larger = 0:98 acquires higher utility, but its R-Learning, i.e., obtaining higher long-term average utility
convergence performance is unstable. These can be explaivaldes without adjusting the discount factor, which also saves
as follows. When is smaller, the agent is more concernedomputational resources to some extent. The training time con-
with immediate bene ts and is less dif cult to train. When sumption of each algorithm is listed in Table IV. It can be seen
is larger, the agent is more concerned with long-term bene that our proposed algorithm can incur a large training time
which may make it dif cult for the algorithm to converge.consumption. However, the training of our proposed algorithm
In the subsequent experiments, we set the discount factan be completed of ine using historical data. Thus, the of ine
=0:95 training time consumption of our proposed algorithm does not
degrade system performance for online prediction. We can

d to the other th laorith Wi h b "Main ofine when computational resources are idle (e.g., at
compared to the other three algorithms. We set the num ern(?gfjht) to better cope with the need for online prediction in

users_N 2  15;20; 25;30g. we can observ_e that the_ _greedyfov scenarios.

algorithm and the Random algorithm obtain lower utility after

the model converges. Our proposed RB-DRN algorithm en-Fig. 9 shows the impact of different number of users on the
sures faster convergence with higher utility values. The reas@wrage system utility. We can see that the average system
for this are described below. The RB-DRN algorithm combinegility values under different algorithms have a decreasing
the advantages of Rainbow DQN, i.e., it allows the netwotkend with the increase of the number of users. Particularly, the
to learn higher-valued state-action pairs and mitigates tRB-DRN algorithm has a smaller decreasing trend. This can
problem of Q-value overestimation. Meanwhile, a prioritizetde explained as follows. As the number of users increases, the
experience replay mechanism is introduced to learn importantmber of states observed by the system increases exponen-
experiences more frequently. By giving higher learning prioritfally. As a result, the system needs more frequent cache up-
to important samples, the ef ciency of estimating the valudates to cope with the demand of the varied tasks. Compared to
of key state-action pairs can be improved. Second, we agiceedy and random algorithms, learning-based algorithms save
a Gaussian noise component to the fully connected layer winecessary cache status updates. This is because learning-

Fig. 8 shows the convergence of the RB-DRN algorith
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TABLE V
THE PERFORMANCEBETWEEN RB-DRN, GUROBI AND THE
EXHAUSTIVE METHOD FORSMALL INSTANCE SCENARIOS

Mobile users RB-DRN Gurobi Optimal solution

N=3 -25.31 -25.06 -25.03
N=4 -25.60 -25.19 -25.10
N=5 -25.95 -25.32 -25.29

based algorithms pay more attention to the long-term utility
of the system, while the RB-DRN algorithm also combines
the power control and priority matching strategies.

We solve the optimization problem on small instances
with the setting of different mobile users using the Gurobi
solver, exhaustive method, and our proposed RB-DRN method,
respectively. As illustrated in Table V, the optimal solutions
are provided to check the optimality gap between our proposed
method and traditional mathematical methods (i.e., Gurobi

Fig. 9. The impact of different number of users on the average system utiligolver, exhaustive method). We can see from Table V that
the optimal solutions under our proposed method are almost
the same as those under the other two methods. However,
the traditional mathematical methods are dif cult to solve the
optimization problem on large-scale instances due to high time
complexity. It is notable that our proposed method is more
suitable to solve the large-scale optimization problem.

Fig. 10 shows the impact of different number of users
on the average Aol related overhead. We can see that the
RB-DRN algorithm maintains a lower average Aol related
overhead compared to the other three algorithms. Meanwhile,
the effect of different number of users on the average Aol
related overhead under the RB-DRN algorithm is small. The
reasons are explained as follows. On one hand, the RB-DRN
algorithm pays more attention to maximizing the long-term
utility of the system, so it can execute the optimal cache
update strategy based on the real-time status information and
historical status information of the environment. On the other
hand, the RB-DRN algorithm combines power control to

Fig. 10. The impact of different number of users on the average Aol relatedh \<train the variation range of transmission latency, which

overhead of the system.
makes the average Aol related overhead more stable.

Fig. 11 shows the impact of different number of users on
the average energy consumption of the system. We can see
that the average system energy consumption under the RB-
DRN algorithm is lowest compared to all the other three
algorithms. The reasons are explained as follows. First, the
RB-DRN algorithm accomplishes the tradeoff between Aol
related overhead and energy related overhead by maximizing
the long-term average utility, i.e., the RB-DRN algorithm
does not greatly increase the number of cache updates by
reducing the short-term Aol related overhead. Second, the RB-
DRN algorithm also combines the power control and priority
matching strategies to optimize the content update process,
thus avoiding unnecessary updates.

Fig. 12 shows the impact of different number of users on
the average number of cached content updates. We can see
that the average number of updates of the RB-DRN algorithm
stays low compared to all the other three algorithms. The

Fig. 11. The impact of different number of users on the average energy relaf€Rson is explained as follows. Reinforcement learning-based

overhead of the system. algorithms can obtain the global optimal solution through the
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Fig. 13. The average system utility of the RB-DRN algorithm for 100 users.

interaction between the agent and the environment, so the
average number of updates of the algorithms is smaller. The
greedy algorithm pays more attention to the current system
utility and easily obtains the local optimal solution, so the
average number of updates of the algorithm is larger. At
the same time, the RB-DRN algorithm also combines the
power control and priority matching strategies to complete
the allocation of power resources to different users, thus
optimizing the performance of the system.

We scaled up the experimental size of the edge network,
where one edge server equipped at one BS can serve 100
mobile users. Fig. 13 shows the convergence of the RB-DRN
algorithm compared to the other three algorithms. We then
scaled up the experimental size of the edge network with 10
BSs, 10 servers and 1000 mobile users, where one edge server
equipped at one BS can serve 100 mobile users. Fig. 14 shows
the convergence of the RB-DRN algorithm compared to the
other three algorithms. Similar to the limited input size, our
proposed RB-DRN algorithm ensures more stable convergence
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Fig. 14. The average system utility of the RB-DRN algorithm for 1000 users.

and higher utility values.

VIII. CONCLUSION

This paper explored the Aol and energy-driven dynamic
cache update scheme in wireless edge networks. Specifically,
we formulated it as a nonlinear and nonconvex optimization
problem, which aims at minimizing long-term average over-
head while ensuring information freshness and low energy
consumption. For this purpose, we proposed an RB-DRN al-
gorithm fully leveraging the advantages of both Rainbow DQN
and R-learning. Simulation results show that our proposed
RB-DRN algorithm can achieve higher system utility, higher
information freshness, and lower system energy consumption
in comparison with the benchmark algorithms. An interesting
study is to explore the cache update schemes in the case of
high-level autonomous driving in our future work, where the
sensing node can actively update the cache context, when it
finds a significant change of its sensing environment.
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