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Abstract. With the rise of data storage computing and IoT technology. The
increase in data volume and user demand, the accurate delivery of data and low
latency during transmission become important factors that affect the end-user
experience. To address this issue, previous authors have proposed the concept
of edge computings. In the general environment of edge computing, reasonable
scheduling of edge caches can largely achieve low latency and high efficiency,
thus improving user experience. In this paper, based on existing research, we pro-
pose a combination of a joint learning framework for cache prediction based on
region popularity and an edge collaborative cache value optimization method to
further improve cache hit rate and cache utilization efficiency. The method obtains
excellent expected results through simulation experiments.

Keyword: Data Storage Computing · IoT Technology · Edge Computing ·
Cache Hit Rate

1 Introduction

With the advent of wireless network services and the era of Big Data Internet. Tens
of thousands of users have chosen to access the Internet. And with the popularity of
network technology, the corresponding data volume is increasing and the data type is
complicated. And because of the previous cloud storage computing using a single form
of storage distribution. This makes the server load too large, resulting in long latency
and poor user experience. In order to solve this problem, the concept of edge computing
has emerged in recent years to address this status quo [1].

Edge computing is a computing facility where data resources are deployed in the
data center department and close to the user, and through this facility, a series of network
devices link the edge computing devices to the user or process. This is how the Internet of
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Things and Smart Networks are born. [2]. The previous edge computing model and due
to the open nature of edge computing, data privacy security is also a major challenge that
we need to address. It also affects the efficiency of data transfer in the face of too large
amount of data. Both are caused by the improper allocation of edge cache. And according
to related studies [3, 4] in the Internet in the same type or region of the population will
have roughly similar search content and browsing trends. Then this means that we can
cache the data that users search frequently and may be hotly searched in advance in
the user’s edge device by using edge caching wisely. The content that may not be of
interest to the user will be reduced or stopped. Thus, we can solve the large data traffic
congestion to a certain extent and thus reduce the latency.

Under this hypothesis. In this paper, we categorize the population of possible viewers
[5] with the same attributes based on machine learning and try to segment the regions
according to the browsing popularity. The segmentation signal is transmitted to the
corresponding edge cache controller. It then filters and distributes the content to be
cached.And to ensure further improvement in accuracy andoptimization of performance.
In this paper, we use federation learning for data localization training, and the training
process is shown in Fig. 1. The trained primitivemodels localized by each edge device are
uploaded to an aggregation center consisting of collection base stations and aggregators.
The aggregation center aggregates the sub-models to form a combined model. The
combined model is then distributed by the collection base station to each edge device
for the next round of training tests. The aggregation cycle results in a more accurate
prediction model that fits the user’s needs. Only parameters are transmitted between the
base station and the edge devices. Thus, the amount of data transmission is reduced. And
to a certain extent, the privacy and security of the data are guaranteed and the overall
performance is optimized. And the strategy designed in this paper is experimentally
verified to obtain better optimization results than the comparison model. The feasibility
of the design is proved.

Fig. 1. Federal learning model training method under edge-based computing model



A Co-caching Strategy for Edges 293

2 Relevant Domestic and International Studies

In the literature [2] the authors categorize and study the breakthroughs in edge computing
technologies in recent years.And the study of edge caching technology becomes themost
important and at the same time the most critical part of the optimized edge computing
model.

A task scheduling based cache placement user approach is proposed in the literature
[6] by starting from the cache scheduling mechanism. In contrast, the literature [7]
builds a user-object-aware network. The user’s perception of the network information is
analyzed to filter the cache content, thus reducing information congestion. In contrast,
the literature [8–10] preempts data with high cache demand into the edge cache pool
by building a new secure resource allocation algorithm. And the data with small cache
demand is stored in the data center. This can reduce the data congestion caused when
the data volume is too large to some extent. At the same time, the security lock and key
encryption are combined to ensure the security of data privacy.

In recent years, with the development of machine learning, deep learning and other
content mining. It has led to a new foothold in the optimization of edge cache. For
example, the literature [11] combinesmachine learningwith statistical methods to derive
a reference popularity scheme for cache storage. In contrast, the literature [12, 13] uses
a fusion of machine learning and reinforcement learning to derive an optimal solution to
the cache allocation scheme. Thus, it is demonstrated that artificial intelligence enables
edge computing technology to step into a new level.

And if the cache hit rate is to be as high as possible. Then from the experience point
of view. Then the preference data classes of edge end-users need to be taken into account.
The literature [14] combines user and user data and analyzes its correlation to derive
the differences in browsing data between users. This allows the edge cache to be able to
store the desired data in a targeted manner, greatly improving the hit rate. In contrast,
the literature [3, 4] analyzes from user behavior. The users with the same browsing class
are clustered. So that the edge caching mechanism can be processed. The literature [5]
uses user portraits to predict the click likelihood of different types of ads. And good
experimental results were achieved.

In this paper, we further optimize the edge caching mechanism based on machine
learning. And for the computational power reduction and possible security problems in
processing data caused by large amount of data buffer processing in traditional edge
computing. We use federation learning [15, 16] to ensure the processing performance
of the policy and the security privacy of the data.

3 Caching Strategy Design

3.1 Regional Prevalence Prediction

Before making an edge cache resource allocation, we need to consider how to rationalize
the limited resources in the best possible way. But it is not difficult to find out. There is a
strong and weak relationship chain between users and users in terms of different demand
information. Then we can assume. The more the requirement information between dif-
ferent users fits together, the stronger the relationship property between them. Then the



294 Z. Zhu et al.

more likely this group of information will be selected as cache data. And as the demand
of a certain group of information increases, all user-related edge devices associated with
it will form a regional network.

3.1.1 Content Popularity

In this paper, by examining the Movielens dataset we can assume that the more the
number of views, the higher the popularity of that data. The literature [14] through user
relationship perception can conclude that the number of visits in the dataset for video
data information is in accordance with Ziff’s law.Which Combinedwith the Salp Swarm
algorithm [17] and Then it means that close to 70%−80% of the requested information
topics originate from 20% of the content among all the users requesting to view. Then,
we cite the literature [11, 14] for the calculation of regional prevalence. Let the total
number of video data in the dataset be F. The popularity of the content ranked as j in the
video dataset is

ppopj = j−1

∑|F |
c=1 c

−l
, 1 ≤ j ≤ |F | (1)

where: l is the offset index that follows Ziff’s law. The higher the offset index is, the
higher we can conclude that the video is in demand index.

3.1.2 User Favorability

In general, the content that users choose to browse is not limited to popular content, but
depends in large part on the users’ own preferences for different content. Then, we can
consider the user’s preference for a certain type of data information as.

PRpop = ttotal
wtotal

(2)

Among them. PRpop: The goodness of a certain type of information.
ttotal : The total time the user spent viewing the message.
wtotal : Total user browsing time.
The user’s favorability can, to some extent, determine the probability that the user

will view such information. The higher the favorability, the higher the probability that
the user will choose the information in the next random selection.

3.1.3 Prediction Model Selection

In the model selection part of data prediction, this paper decided to use XGBoost model
for user requested content prediction after cross-validation of multiple literature queries
[18–20]. And in order to fit the data, content popularity and user favorability will be
added to the predictor as important weights for weighting. in order to get good prediction
results. The validation results are shown in Fig. 2.
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Fig. 2. Based on the single-model prediction results and training speed of Movielens dataset, it
is not difficult to find that XGboost has the best actual results.

3.1.4 Regional Relationship Perception

According to studies [21, 22], there is a close relationship between the social relationships
between users and their data needs on edge devices. The stronger the social relationship
between users, the more similar their data needs are to each other, so we can establish
their social relationship by calculating the similarity of needs between users. Then the
users with strong social relationships are grouped into a regional network. The social
relationships within the same region are stronger than those within different regions.
Then the data requests within the same region can be considered to be roughly similar.
Edge caching then allows for direct localization model training and cache allocation on
a region-by-region basis. This reduces the pressure on caching and funding compared to
one-to-one data training allocation. Increased efficiency of cache usage leads to improved
architectural performance. And a significant reduction in resource overhead (Fig. 3).

where we can derive a request probability of user m for all types of data and integrate
it into the vector formulation.

Pre
m = (

Pre
m,1P

re
m,2 · · ·Pre

m,F

)
(3)

Prem can represent user m as a demand degree for all types of data. Then, we can map the
social relationship between users and users by the similarity degree of demand degree
between users. For example, the strength of the social relationship between users n1, n2
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Fig. 3. Regional social relationship networks, where members in the same social area have
strong social relationships with each other, while members in different areas have weak social
relationships with each other, and each area has a sub-base station for independent control.

can be expressed as Eq. (4).

Sn1,n2 =
[
Pre
n1

] • [
Pre
n2

]T

Pre
n1 × Pre

n2
=

∑|F |
j

(
Pre
n1,j × Pre

n2,j

)

√
∑|F |

j

(
Pre
n1,j

)2 ×
√

∑|F |
j

(
Pre
n2,j

)2
(4)

Similarly, we can propose to impute all users based on the strength of the social relation-
ship between two Us (n1, n2 ∈ Us) between the social relationship strength relationship
matrix expressed as Eq. (5).

A =
⎛

⎜
⎝

a1,1 · · · a1,n
...

. . .
...

aUs,1 · · · aUs,n

⎞

⎟
⎠ (5)

Then, the social intensity relationship of edge users in the same social area can be
derived by combining Eqs. (4), (5) expressed as Eq. (6).

Sarea =
(∑n

i=1 Sni,n(i−1)
) + Sni,n1

n
(6)

Then, we can use Eqs. (4), (5), (6) to carry out the regional division of edge user devices,
and divide the people with strong social relationship together. And the data popularity in
the region is counted byEq. (1) to get the data categorywith high popularity in the region.
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Then the training parameters are pushed to the aggregation center after localization
training by the machine learning model, and the model is distributed to regional base
stations after aggregation by the aggregation center. The regional base stations use the
models to make data predictions. The prediction results are pushed to the cache control
center nearest to the requesting region to cache the most valuable cache content for that
region, thus reducing edge requests and transmission latency.

3.2 Cache Optimization and Collaborative Model

Previousmodels of edge computing are based on a single base station [23]model network
extended by the network. It provides services to all users within its coverage area.
Suppose a user requests content data from a repository containing N different files, and
for the purpose of edge caching, the cache space of the base station is assumed to cache up
to n contents, where n< N. We assume that the user requests are generated sequentially
one after another and the popularity of the requested content is not known. Suppose a user
sends a request and the delivery flow after requesting content is shown in Fig. 4. When
receiving a user’s request, the base station first checks whether the requested content is
in its cache. If it is, the base station delivers the content directly to the requesting user, a
process called “cache hit”. If the requested content is not in the cache, the base station
requests the content from the data center first. Then it is forwarded to the requesting
user, which is called a “cache miss” and takes much more time in the cache miss state
than in the cache hit state.

Fig. 4. Single base station based edge network request process, sending data directly to the ter-
minal when the requested data is available in the cache, or fetching and sending from the data
center if not
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With the gradual normalization of the use of single base station mode, the problems
brought about by it also come one after another. One is that the user needs to set up the
local reference station by himself under the conventional situation of single base station
mode. And there are errors when setting up the base station. It requires a lot of money
and labor to set up and adjust. Themost important problem is that the traditional network
model does not have the ability of autonomous learning. Then it means that it cannot
determine which resources are worth caching and which are not necessary. Therefore,
conventional benchmarking strategies generally use random caching [24, 25]. When the
cache space is already full, in each update, the total base station randomly selects the
content in the cache to be replaced. And the cache hit rate of this caching method will
generally be low. In most cases, there is no useful data stored in the cache, so the system
can only go back to the cache one by onewhen the edge devices need data that is not in the
cache and then distribute it to users. Both although with the advent of 5G era, ultra-dense
networking, large-scale antenna technology, and millimeter wave technology [23] have
alleviated the error latency problem to some extent. However, in terms of data updates, as
each request and update must go through the cache control center, data center, and then
return to the user. This request method will certainly bring about the problem of high
latency, and this problem will become more obvious with the increase of data requests.

To address this pain, we design an autonomous edge cache request and update policy
based on federated learning. Its update methods are divided into two types: passive and
automatic updates.

Passive update: Assume that the cache has already stored the set of resources M
predicted by the model. Edge users request resource d upward, at this time, the cache
will automatically search whether there is resource d in M. If there is, the cache directly
sends down the resource. If not, the cache center sends a request to the data center,
which will obtain resource d to be dispatched to the corresponding edge device. At
the same time, the aggregation center will send the most recently completed model of
aggregation to the regional base station where the request is located for localization
update training. After the training is completed, the trained update model is re-uploaded
to the aggregation center for aggregation to complete the model update. The new model
is also used to update the resources in the cache library to ensure high cache hit rate.

Automatic update: Considering the limited cache space of a single base station and
the possible time-varying nature of content popularity, base stations deployed in each
spatial region periodically update their cache contents to satisfy as many user requests
locally as possible. Specifically, i.e., every N requests collected by the base station are
recorded as a time series node t, where t = {1, 2 … T}, and at each time node the
base station starts to automatically update the prediction model with the cache content.
Overall, the model update is divided into two processes: regional base station model
update training and model reaggregation.The update of the cache is shown in Fig. 5: it
consists of two actions: one is to select K new contents from the data center and put
them into the cache, and the other is to remove K original contents from the cache space,
where K indicates the number of contents to be replaced in each update. (K ≤ N).

Another more direct reason for using Federated Learning is due to the fact that
combining Federated Learning with spatial region technology allows for one-to-many
request mapping. That is, regions are managed in a uniform manner. When there is a
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Fig. 5. The cache update process searches the cache for existing resources, and if there is data
that has lost its value the cache controller will simply clear it and bring in valuable data from the
data center to deposit it.

data update in a region, only the model needs to be trained for that region, and then the
parent model and the corresponding cache center of that region can be updated. It avoids
the traditional model of targetless.

The high latency and high resource consumption caused by cache updates. The
specific control model is constructed as shown in Fig. 6.

Fig. 6. Edge cache control process built based on federated learning, with the aggregation center
distributingmodels to the corresponding sub-base stations in each region and indirectly controlling
the corresponding cache controllers to store content

3.3 Co-caching Data Block Value Optimization

Edge co-caching [26] is an essential part of edge computing applications. Its as one
of the prominent technologies to provide computing and communication capabilities



300 Z. Zhu et al.

as well as network caching capabilities, where the edge server is located at the same
location as the regional base station and the content is closer to the user, which not only
relieves the pressure during network transmission, but also avoids network congestion
caused by repeated transmission of the same content and achieves low latency response
of data. For edge caching, the main issue is how to choose the right cache content and
the allocation of cache resources. In this paper, the optimization of data blocks in the
cache is quantified in terms of the popularity of the data blocks and the real-time value
of the data blocks to establish the value model of the data blocks. The cache resources
are updated in a timely manner to ensure high utilization of the cache.

3.3.1 Data Block Prevalence

Data block popularity has similarities with content popularity. Both are related to the
number of visits, frequency of visits, etc. We can derive the access frequency f of a data
block t in the cache based on the content popularity as Eq. (7).

f ret = Wt

T latest
t − T Initial

t

(7)

where Wt: denotes the sum of the number of times data block t was accessed between
the current time and the time it was first accessed.

Tlatest
t : Indicates the time of the last access to data block t

TInitial
t Indicates when the data block t was first accessed

From this, we can obtain the prevalence of data block tPtpop as Eq. (8):

Pt
pop =

f ret ∗ 1
fte

1
Tratest
t −TIntitial

t

=
f ret ∗ 1

T latest
t −TInitial

t

1
f ret

(8)

3.3.2 Residual Value of Data Blocks

The residual value of a data block represents the residual value of the data in that data
block for the entire system, as well as for the architecture and the users in many ways.

Then it can be deduced that the proportion of residual value of data block tRet as
Eq. (9).

Ret = T exp
t − Tnow

t

T exp
t − Tstore

t
(9)

where Texp
t denotes the expiration time of data block i.

Tnow
t indicates the current time of the data block.
Tstore
t Indicates the time when the data block is stored in the cache.

Therefore, the residual value of data block t can be deduced by combining Eqs. (8),
(9) as Eq. (10).

Value = Pt
pop ∗ Ret (10)
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Then, based on the residual value of the data block, this paper adds an elimination
mechanism for data block updates in the cache: if there exists an updated data block with
a residual value greater than the residual value of the data block in the internal cache.
Then the new data block is replaced with the data block with the lowest value in the
cache. Otherwise, it is not replaced. This ensures that the data in the data cache is updated
in real time. It also further improves the cache hit rate and achieves full utilization of
resources. The data block update mechanism is shown in Fig. 7.

Fig. 7. Data block update elimination mechanism

4 Experiment and Analysis

To perform a validation analysis of the design strategy in this paper, we perform simu-
lation experiments using pycharm in a python based environment. The dataset uses the
publicly available dataset movielens to simulate the content of requests sent from edge
endpoints to higher levels. The dataset has 18 hierarchies. Each sub-level contains more
than 10,000 ratings frommultiple users for various movies. The dataset is pre-processed
with pycharm and datagrip to ensure that the results are not biased by human factors
such as missing datasets.

Also, for statistical purposes, we consider each rating as a number of views. (i.e., each
view is considered as a rating for each view). We will compare all aspects of this paper’s
strategy with the literature [14], literature [11], and literature [13] for effectiveness and
draw final conclusions.

As can be seen from Fig. 8, the system cache capacity has a significant impact on
the cache hit rate of all four policies in the experiments of this paper, and the cache hit
rate of all three policies increases slowly as the system cache capacity increases. How-
ever, the federated learning and regional popularity-based edge collaborative caching
strategy proposed in this chapter fully considers the data requests of different users in
different regional environments, combines data popularity and regional users’ own inter-
ests, reduces the redundancy of system cache contents, and improves the cache hit rate
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compared with the other three compared schemes. On the one hand, increasing the total
cache space of the system reduces the redundancy of the system cache content, and on
the other hand, considering the variability of regional users further improves the overall
cache hit ratio [27].

Fig. 8. Comparison of cache capacity-cache hit rate by policy

In addition, this paper also verifies the effect of cache size on the average download
latency [28–31], and it is easy to see that the strategywith autonomous learning prediction
clearly has a greater improvement than the traditional system strategy, while the strategy
in this paper is more likely to get a lower latency in the comparison strategy. As shown
in Fig. 9.

Fig. 9. Comparison of cache size - average download latency by policy

Also, considering the stability of the caching policy from the other side, we only
consider the cache space of users. It can be concluded that the total number of users also
has an impact on the cache hit rate. This is shown in Fig. 10.
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Fig. 10. Number of users at the edge of each policy - cache hit ratio comparison

Finally, from the economic efficiency consideration, this paper proposes the strat-
egy with linear regression cache, literature [14], literature [11], literature [13] for the
comparison of the number of edge users-energy savings as shown in Fig. 11.

(*Energy saving ratio [32] was derived from a comprehensive analysis of the num-
ber of devices, the time required for learning training of the devices, and the energy
consumption for running the devices).

Fig. 11. Comparison of the number of users at the edge of each policy - energy savings ratio

这 From the above experiments, it is easy to see that the edge cache management
policy with autonomous learning will be continuously updated with the increase of
the user base and the prediction allocation accuracy will increase, which brings much
higher positive benefits than the traditional allocation model. The policy proposed in this
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paper has better experimental results compared with the traditional autonomous learning
policy.

5 Conclusion

In today’s Internet era. Both mobile terminals and user data volume are exploding. In
such a big data context. Edge computing has become the obvious choice to solve this
dilemma, and as it is widely used. The drawbacks also come one after another. Cache
clogging, low security, etc. become the problemswe need to solve urgently. In this paper,
based on this background, the proposed innovation points are as follows.

Firstly. The popularity predictionmodel proposed in this paper is able to have a better
cache hit rate than the comparative classical model, and also has a stronger learning
classification capability. At the same time, the prediction model will also be updated
according to the micro-migration of user preferences. The popularity updateability of
the data is guaranteed.

Secondly. For the resource allocation problem of the cache module, we refer to and
optimize the cache block utilitymodel [6] based on the cached data blocks, determine the
comprehensive benefits of the data blocks through model construction so as to perform
reasonable allocation scheduling, and introduce an elimination mechanism to ensure the
update of the data blocks. So as to maximize the utilization of cache and also reduce the
unnecessary system overhead to some extent than the classical strategy.

Finally. Due to the previous machine learning caching strategy. All the data needs
to be put into a cloud learner for centralized training. And this will significantly reduce
the processing efficiency in the face of a large number of data processing [33]. And
there are inevitable data privacy and security issues in the data transmission of highly
dense spatial data. So we adopt the form of federation learning. Its core idea is that in
the presence of multiple data sources jointly participating in model training, the model
is jointly trained only by interacting model intermediate parameters without the need
for raw data flow, and the raw data can be kept out of the local terminal. This approach
not only reduces the amount of data computation in the cloud, but also achieves a
balance between data privacy protection and data sharing and analysis, which is also
called “transparent model”. It greatly increases the security of data. Moreover, through
federal learning + machine learning, the model can be updated in time to achieve the
optimal predictive scheduling effect when deviations in data browsing hobbies occur in
some regional edge devices [34, 35]. The overall policy performance is improved. In the
future, we may also optimize the real-time interaction of some edge devices based on
this architecture. For example, precise recognition of vehicles, pattern estimation, state
detection [36–38], or the analysis and optimization of privacy and security during the
interaction [39, 40]. This is still an important direction to be developed in the field of
edge computing and IoT.
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