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Abstract. Wireless caching is regarded for alleviating network conges-
tion in next-generation communications. In this work, we focus on the
impact of input data non-uniformity on neural network training when
using deep learning to solve the wireless cache strategy. In particular, in
wireless caching, the assumed user request is generally a classical long-
tailed distribution: Zipf law. We address this problem from cache models
and deep reinforcement learning models. On the one hand, base station
will prefetch partial most popular contents on the user side to reduce the
partiality of caching strategies. On the other hand, the trick of deep long-
tail learning is added to prevent the neural network from been over-fitting
caused by inputs are concentrated in the most popular files. The perfor-
mance for different reinforcement learning methods is analyzed, which
show that our method can achieve better performance and latency than
the existing content caching.

Keywords: Edge caching - Deep reinforcement learning -+ Deep
long-tail learning

1 Introduction

Wireless network devices and traffic will expand exponentially over the next
generation of mobile communications. Specifically, the proportion of stream-
ing media in cellular network traffic is growing rapidly [1]. Wireless caching is
promised as a technique to improve network resource utilization because it can
cache popular contents with off-peak traffic and make cache strategy. When users
ask for popular content, the base station(BS) sends it directly via the wireless
link, which reduces the peak connecting traffic. What’s more, the neighboring BS
may share the cached content via wired or wireless links to expand the service’s
capacity and coverage.
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In general, caching strategy depends not only on the content popularity, but
also on the BS-user channel, BS capacity, wireless cooperative network topology,
etc. At the same time, the content of the Internet changes rapidly, and it is
necessary to redesign the caching strategy between BSs periodically to suit the
environment. Deep reinforcement learning (DRL) has strong adaptability to the
environment, and it will be effective to solve the wireless cache strategy [2].
In [3], the authors use long short term memory (LSTM) and supervised deep
deterministic policy gradient (SDDPG) to learn the caching strategy based on
time-variant content popularity.

However, since the distribution of popular contents is non-uniform, taking
user requests as observations may make the neural network too dependent on
the most popular contents [4]. Referring to Deep long-tail learning for visual
recognition [5], commonly used solutions include meta reinforcement learning
[6], weight balance [7], etc. However, not all methods can be applied to DRL.
Motivated by this, we strive to balance the contribution between the most popu-
lar content and the less popular content, which includes the innovations in cache
model and proposed DRL method. In this work, we reconsider the reward, state
and action design in DRL and based on the deep deterministic policy gradient
[8] (DDPG) algorithm, transform anti-longtail techniques to obtain the proposed
method. The main components of our contributions includes:

1) Considering a hybrid-caching model, which the BS can prefetch the most
popular contents to users. In this way, wireless caching can further reduce
the delay caused by the most popular contents and cut down the weight of
the most popular contents.

2) A DDPG-based DRL method is proposed to solve the formulated problem,
which can achieve advanced low-latency performance compared to tradition
DRL method.

3) For popular streaming media data, the user’s request delay for the most
popular contents will be zero, and the dependence of the BS on the most
popular contents in proposed method will be reduced.

Notations: A >> B denotes that A is far greater than B; while << is far smaller
than. E is the expectation operator. Vy denotes the gradient with respect to 6,
and A|B denotes the event A conditioned on B.

2 System Model

2.1 Wireless Model

The considered centralized wireless hybrid-caching model contains M base sta-
tions(BSs) and U users, denoted by @3y = {1,2,..., M} and &y = {1,2,...,U},
respectively. The service distance of each BS is limited within /,. Assuming that
the distance between BS m and user u is [,,,,. Therefore, the user served by m-th
BS is denoted by U,,, which the set is defined by @™ £ {l,,, < l,,u € dy}.
Consider the achievable radio data rate between BS m and user u with trans-
mission bandwidth B is denoted by:
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R = Blog(1+ Toomi, (1)

where P; is transmit power, « is path—loss factor and o2 is the power of
noise. For BSs cooperative cache scenario, assume that the BSs cooperate over
a wireless link. The achievable radio data rate with bandwidth of B., and the
distance between neighboring BSs [, is denoted by

[

Pz
Reo = Beolog(1 + ——22-). (2)

Assuming that users are randomly spread across the service area of the BS,
and the distance between neighboring BSs will not change. Depending on the dif-
ferent distances between users, the BS should adopt a reasonable cache strategy
to minimize the transmission delay.
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Fig. 1. A centralized coordinated hybrid-caching network.

2.2 Caching Model

Asshown in Fig. 1, we show the centralized wireless hybrid-caching model. Assum-
ing that BSs can collaborate to serve users, meanwhile users also have extremely
limited cache space for BS prefetch popular contents to reduce delay. The user
cache can effectively reduce the rely of the learning algorithm to the most popular
contents. The capacity of BS and user m are denoted by Cgg and C,,. In particular,
there is a central control unit (CU) in the model, which estimate the caching strate-
gies of each BS through global channel information and user requests. Assuming
that the total number of content and the set of content are denoted by F and F. To
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simplify analysis, assume that each content size is Z bits. Practically, the capacity
of BS is generally smaller than the content number and the capacity of user is much
smaller than BS i.e., FF > Cgg > C,, > 0.

Since user cache capacity is extremely limited, we divide a content into K
parts and the user only cache the first part of each content. Assuming that
the physical capacity of user is Cyser, then, the capacity of user is denoted by
Cy = KCheqi- In this way, on the one hand, the partial cache will expanded the
cache range. On the other hand, the stored contents can also reduce the user
delay to O for streaming video or audio.

The BS cache strategy in time slot ¢ in denoted by A = {0, 1}MXF , with
each of element afm ¢ = 1 indicating content f is cached in BS m in time slot
tif af, g=1lor otherwise not if al, 5 =0. The user request in time slot ¢ can be

similarly defined by B* = {0, I}UXF where each element bt = 1 or 0 indicating
that the g-th content is requested by user u in time slot ¢ or not The user cache in
time slot ¢ can be similarly defined by G* = {0, 1}UXF where each element g, =1
or 0 indicating that the g-th content cached by user u in time slot ¢ or not. The
contents are sorted in descending order by their popularity, and obey the classic
long-tailed distribution : Zipf distribution, which can be expressed by:

F .
ZJ:lJ v

where ~ is Zipf factor. The larger ~y is, the more request probability will concen-
trate on the most popular contents.

When contents are cached in a nearby BS instead of a service BS, the service
BS will fetch the contents through a cooperative BS-BS link. Therefore, the CU
can jointly design the cache strategies for each BS.

P, = Vi e F, (3)

3 Problem Analysis and Formulation

As stated in system model, we aim to design a global cache strategy to minimize
the overall transmission delay.

The wireless link delay for content transmission between BS m and user u
can be defined as:

ddzr _ Z _ Z
"7 B Blog(1+ Pyt

Considering the user u cache, when the user requests content f in time slot ¢,
the wireless link delay is:

(4)

dir dilf,rm gfm =
Dy = K — lddir gt =1 (5)
K wm Jwf '

Meanwhile, the set of wireless link delay between BSs and users can be defined
as: ( = {R Vu € 95( ™) ,Vm € &y}, The cooperation delay of user u through
the cooperatlon request content f between BSs can also be similarly expressed
as:
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Z
R

CcO _ CcO
u,f T K_li . (6)
K R, w7

Assuming that there are two processes to fetch a content from the cloud
server: fetch and download delay is correspondingly defined with d’¢**" and
d®wn respectively. In particularly, the download time will be much larger than
the wireless latency i.e., d%°%™ > RZ . dfeten, Will be inevitable unless the user
caches the entire content (i.e., K :mf). Therefore, the backhaul delay for user

m to download content f from the cloud server through the BS is:

dfetch + ddown gz,f — O,K Z 1
ackhau K -1
dzﬁfkh L= { gfeteh | Tddown gq‘;,f =1,K>1 (7)
0 gz,f = 17K =1

Based on (Egs. 5, 6, 7) and caching model, in time slot ¢, the transmission
delay for user u to request a content f through its serving BS m is:

di t
Ao, f U, p =1
Qg = 3 Dy + A5y ay,,, f=1,mco € Py (8)
d%fu’f + dff]‘ikh““l others.

Therefore, the overall transmission delay in time slot ¢ can be expressed by:

D! (A", B!, G") = i%idt bt (9)
) ’ m,u, fYu, f*
m u f

In order to minimize the long-term network transmission delay D!(A?, B!, G!),
the hybrid-cache centralize problem can be formulated as:

T
P1: m toat mt it
min ZD(A,B,G)
t=1 (10)
st. Yp_jab,, <Cps/Zt=12 TVm € dy.
al, p€{0,1},t=1,2,---, T VfeFVse s

Obviously, A in P1 is a high-dimensional discrete variable, and the delay
in D*(A*, B*, G") is continuous. Therefore, P1 is a NP-hard problem and com-
plexity of solving non-convex P1 with traditional optimization algorithms will
be extremely high. To achieve the design goal in (10), the CU should improve
the caching hit-ratio (i.e., the ratio of the number of request contents that are
cached over the total number of request contents) for each BS and reduce delays
by designing coordination strategy among BSs.
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4 Proposed Method and Algorithm

Reinforcement learning has a strong ability to adapt to the environment, but
when the input data has a longtail distribution, the neural network responsible
for the policy will still rely the most popular contents.

Caching task

Fig. 2. Proposed DDPG-based Anti-longtail Algorithm.

In this work, we use DDPG as the baseline model, and by referring to deep
long-tail learning, we propose a reinforcement learning algorithm dedicated to
wireless caching. As illustrated in Fig. 2, is the algorithm architecture of DDPG.
DDPG consists of two parts, actor and critic, both of which are composed of
deep neural networks.

4.1 Reinforcement Learning

Reinforcement learning framework is generally defined based on Markov deci-
sion process(MDP). MDP is usually including three base components: (S, 4, R),
which is define as state space, action space and rewards respectively. Correspond-
ingly, the system state and action in time slot ¢ can be defined as s* € S and
a' € A. To be precise, the agent will observe the environment state s' in each
time slot ¢ and make an action with policy function 7'(a|s) to maximum the
reward rt.

The state, action and reward are accordingly formulated in our proposed DRL
and introduced as follows: System state: According to optimization problem
(P1), in order to further reduce the transmission delay in this work, the BS
cache strategy needs to be designed according to user requests and the channel
conditions of different users. Since users request the same set of contents, B! can

1xF
be reduced to H! = {Zg b, f} : The system state is defined as user request

and current BS - User channel state: s' = (H',G'). Action space: In propose
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DRL, the action is defined as the optimization variable in (P1). So the system
action: ' = A!. Reward: We normalize the total delay value in a time slot ¢ as
reward: r(st,al) = e~D'(A"B",G") Latency caused by the most popular contents
is further reduced due to the presence of user caches. Less popular contents will
be an important factor influencing further declines in latency. Therefore, some of
the most popular contents and the less popular contents will become the primary
goals of agent optimization.

To further optimize (P1), we will introduce a Q-value function to optimize
the long-term delay with T time slot in one epoch:

Q(s',a") =E, [Z r(st/,atl)|st,at] (11)

t

So the policy function will take the action that maximizes the Q-value func-
tion:

w(st) = argmz}xQ(st,at). (12)

4.2 Proposed DDPG-Based Anti-longtail Algorithm

The architecture of DDPG is shown in Fig. 2(a). There are five components in
DDPG: actor network, actor target network, critic network, critic target network
and replay buffer. The replay buffer will record each step of the reinforcement
learning algorithm in the form of (s, a?,r?, s'*1).

The action selection is given by the actor network. Assuming that the param-
eter of the actor network is 7, then: a® = 7(s') = m(s*|6™), the actor target net-
work extracts the state s’ from the replay buffer and gets the action a’, assuming
its parameter is 0™ then o’ = 7'(s') = 7 (s'|0™).

The role of the critic is to evaluate the actor network, and the critic is to fit
and implement the Q-value function. Assuming that the parameter of the critic
network is %, then the Q-value function is: Q(s?, a') = Q(s?,at|0%). The critic
target network evaluates the target Q-value Q' from the next state extracted
from the replay buffer and the output of the actor target network. Assuming that
its parameter is 0%, there is Q'(s',a’)) = Q'(s',a'|02"). So the loss function of
critic network is the mean squared error(MSE) between Q' output by the critic
target network plus reward and the output of the critic network:

1 ! ’
Loritic = ¥ Z(Tt + §Ql(st+1,7rl(st+l|97r )|9Q ) — Q(st,at|9Q))2, (13)
t
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where N is the size of the mini-batch extracted from the replay buffer, and §

is the discount factor, whose function is to make the Q-value pay more attention

to the current environmental state. Therefore, the critic network can be updated
as:

QQ = eQ - ﬁcriticccritic; (14)

where B is the learning rate of critic. The loss function of actor network
will be given by critic network:

_ 1 t t1pQ tpm
Lactor = N?an(s , @ ‘9 ) X vG“ﬂ—(s ‘9 ) (15)

The network parameters of the actor network can be updated as:
0" =07 — 6acto7‘£/act0r- (16)

The parameter of actor target network and critic target network are sync
with actor and critic, respectively. Assuming that the soft update factor is 7,
the update process can be express as:

0 =70+ (1— 7)™

1
09 =769 + (1 - 7). 4o

Actor network architecture is shown in Fig. 2(b). Since the state contains
discrete user requests and continuous wireless channels, it is isolated at the
entrance of the network, and then a layer of layer normalize is passed to normalize
the parameters. At the output end of the network, the network output is discrete
by the sigmoid function, and the caching strategy of each BS is obtained.

The critical network architecture is shown in Fig. 2(c). Since the state con-
tains discrete user requests, the BS caching strategy is associated with continuous
wireless channels. Therefore, batch normalize is also done at the entrance, and
after passing through independent fully connected layers, they are concentrate
together. What’s more, in order to prevent over-fitting when there are too many
In/ost popular contents, we add L2 regularization to make a new loss function

critic’

! - £critic+A||9Q||2a (18)

critic

where A is the penalty factor. So far, the algorithm flow of our proposal is:
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Algorithm 1. Proposed DDPG-base anti-longtail algorithm

Require:

Bactor, Beritic: learning rate for actor and critic; BS set &g, User set &y, 45%,5);
randomly Initialize 67 and 69
Initialize target network 0™ =67 and 99" = 92
Create an empty replay buffer D
Initialize a random system state s° = (H®, G?)
for each epoch do
for t=0,T do
Select action a® = 7(s’|#™) and transfer to caching strategy A® with limited capacity of
BS.
According to the caching strategy A?, and system state s* = (H', G?), calculate the overall
del " 3 t_ t ¢ty _ _—Dt(al Bt GY)
elay using (9) to observe the reward r* = r(s",a") = e .
Observe new state s**1.
Store trajectory (s%, a,r?, st+l) inD
0™, 0™, 99", 92 = DDPG-LearNING(D,0™ ,07 02" 09)
end for
end for

procedure DDPG-LEARNING(D, 67, ™, 69, 99)
Sample a random mini-batch of N trajectories from D
Minimize the critic loss Leritic using (13) or (18)
Update critic network 69 using (14)

Minimize the critic loss Lgctor using (15)
Update critic network 0™ using (16)
Soft update the target network using (17):

o™ = 0" + (1 - r)0™
09 =769 + (1 — )0’

return 97'/, or, QQ,, 6°
end procedure

5 Performance Evaluation

In this part, the numerical simulations are performed to demonstrate the perfor-
mance of propose method. In order to facilitate discussion purposes, the cache
hit rate is divided into two parts: direct hits indicate that user requests can be
served by the serving BS and coordinated hits indicate that user requests can be
served by coordinated BSs with extra delay. In this way, the user’s cache does
not directly affect the cache hit rate.

The bandwidth is set as 40 MHz, while the path-loss exponent « is set as
2.5, transmit power and noise power are set as 40 dBm and —120 dBm/Hz,
respectively. To verify its effectiveness, we use the commonly adopted deep Q-
learning (DQN) algorithm as a comparison benchmark while ensuring that the
data is consistent in the comparison. The In DQN method, the neural network
in DQN use MLP and Adam optimizer. The structure and parameter of DQN
neural network keep the same with propose actor network, without normalize
layer (Batch-normalize Layer and Layer-normalize Layer). In order to verify the
promotion effect of the hybrid-caching model on method, there are a group DQN
will use the normal cache model (without user partial cache).

Assume that distance between adjacent BS is set as 500 m and the BS serving
distance I, is set as 250 m. The remaining parameters are given in Table 1.
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Table 1. Simulation settings.
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Attribute Value
Number of BSs 4
Number of users 120
F (number of content set) 400
C (Capacity of each BS) 50

~ (Zipf parameter) 1
Batch size 2048
Bactor (Actor learning rate) |0.01
Beritic (Critic learning rate) | 0.02
Z (size of content) 5 x 108 bits
do (backhaul delay) 4s
dfeten (fetch contents delay) |0.4 s
¢ (discount factor) 0.96
7 (soft update parameter) 0.02
Creal (user physical capacity) | 5

K 2

A 10

First, we consider the delay and caching hit rate comparison between pro-
posed method and compared algorithms for different Zipf parameter v, where
F =400 is set. As seen in Fig. 3, the propose method consistently maintains the
lowest latency. Specially, as the v increases, the delay gap increases, which show
the influence of Normalize Layer and L2 regularization in proposed method on
long-tail distribution. In the cache hit rate, DQN has a weak advantage over the
no user cache case, which indicates that user cache does not affect the cache
hit rate in method comparison. This proves the algorithmic advantage of the
propose method on DRL.

Then, we consider the impact of the content-set size on the compared algo-
rithms. As can be seen in Fig. 4, as the content set becomes larger, the request
probability of popular contents leaks slowly (from 200 to 1000, the request prob-
ability of the top 100 contents decreases by 18.9%). So the less popular contents
allocation will greatly affect the latency performance. In addition, the unpopular
contents will interfere with the convergence of the algorithm. The propose one,
the delay is slowly increasing as the contents set gets larger. In contrast, DQN
appears unstable and falls into a local optimum, especially when F' = 500. In
fact, when F' = 200, through the cooperation between BSs, the algorithm has
the theoretical possibility of caching the entire content set. It can be seen that
only the propose method has a high overall cache hit ratio.
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Fig. 3. Delay and caching hit rate comparison with different v where lmax = 500 m.
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Fig. 4. Delay and caching hit rate comparison for different F'.

In Fig. 5, we present the comparison of average delays between the proposed
and DDPG with different transmit power, where F' = 400 and v = 1. It can be
seen that, each of the three algorithms has a slight delay drop and is relatively
stable. On the one hand, it shows the strong adaptability of reinforcement learn-
ing to the environment and the generalization ability of the algorithm. On the
other hand, it shows that in the wireless cache, backhaul traffic is still the major
cause of delay. In fact, the overall delay of the wireless link is also significantly
reduced (the number of users is 120).
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Average delay(s)
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Fig. 5. Delay and caching hit rate comparison for different p;.

6 Conclusion

We studied the edge caching design under the multi-BS cooperate hybrid-cache
model. A DDPG-based Anti-longtail method is proposed to cope with the impact
on DRL with longtail input. Particularly, the long-tail request distribution will
make the neural network depend on the most popular content after gradient
descent, which will affect the deployment and training of the less popular content.
Through the transformation of the algorithm and the proposed hybrid cache
model, we further reduce the transmission delay in the wireless cache. Numerical
simulations show that this method outperforms commonly used DRL methods
in terms of cache hit rate and overall transmission delay.
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