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Abstract—Widespread and large-scale WiFi systems have been deployed in many corporate locations, while the backhual capacity

becomes the bottleneck in providing high-rate data services to a tremendous number of WiFi users. Mobile edge caching is a promising

solution to relieve backhaul pressure and deliver quality services by proactively pushing contents to access points (APs). However, how

to deploy cache in large-scale WiFi system is not well studied yet quite challenging since numerous APs can have heterogeneous traffic

characteristics, and future traffic conditions are unknown ahead. In this paper, given the cache storage budget, we explore the cache

deployment in a large-scale WiFi system, which contains 8,000 APs and serves more than 40,000 active users, to maximize the long-

term caching gain. Specifically, we first collect two-month user association records and conduct intensive spatio-temporal analytics on

WiFi traffic consumption, gaining two major observations. First, per AP traffic consumption varies in a rather wide range and the

proportion of AP distributes evenly within the range, indicating that the cache size should be heterogeneously allocated in accordance

to the underlying traffic demands. Second, compared to a single AP, the traffic consumption of a group of APs (clustered by physical

locations) is more stable, which means that the short-term traffic statistics can be used to infer the future long-term traffic conditions.

We then propose our cache deployment strategy, named LEAD (i.e., Large-scale WiFi Edge cAche Deployment), in which we first

cluster large-scale APs into well-sized edge nodes, then conduct the stationary testing on edge level traffic consumption and sample

sufficient traffic statistics in order to precisely characterize long-term traffic conditions, and finally devise the TEG (Traffic-wEighted

Greedy) algorithm to solve the long-term caching gain maximization problem. Extensive trace-driven experiments are carried out, and

the results demonstrate that LEAD is able to achieve the near-optimal caching performance and can outperform other benchmark

strategies significantly.

Index Terms—Large-scale WiFi system, edge cache deployment, caching gain maximization, Big Data analytics, stationary traffic

consumption

Ç

1 INTRODUCTION

TO accommodate the soaring number of mobile devices
and the exponentially growing data traffic demands,

most corporate places (including enterprises, airports, cam-
puses, etc.) have deployed large-scale WiFi systems to pro-
vide users with full indoor coverage and high-speed
Internet experience [1], [2], [3], [4], [5], [6]. According to the
most recent forecast by Cisco [7], the number of global

public WiFi hotspots will grow from 124 million in 2017 to
549 million in 2022, with about four-fold growth, and WiFi
traffic will account for more than 51 percent of total IP traffic
in 2022, rising from 43 percent in 2017. Inevitably, massive
connections and high-volume traffic by WiFi devices will
impose substantial pressure on the backhaul network and
thus degrade user quality of experience (QoE).1 Mobile
edge caching [8], [9], [10], [11], [12], [13], [14] has been envi-
sioned as a prominent paradigm to alleviate the unprece-
dented backhaul pressure and enhance user QoE. Popular
contents can be cached at the network edge that are in close
proximity to mobile users. Instead of fetching requested
contents from cloud center after multi-hop transmission
through backhaul and core networks, users can get reques-
ted contents with one-hop wireless transmission, which sig-
nificantly reduces end-to-end latency and improves user
QoE. Considering the high penetration and large scale of
WiFi systems, WiFi access points (APs) are ideal carriers for
edge cache.

To enable efficient caching in large-scale WiFi system,
edge cache deployment is the essential building block,
which however is quite challenging due to the following
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1. In this paper, QoE means the content delivery experience, which
is related to the metrics of throughput, delay, jitter, etc.
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three reasons. First, deploying edge cache in large-scale
WiFi system (e.g., more than 8,000 APs in our system) is
labor-intensive and time-consuming. It is unlikely to deploy
edge cache at each AP, and an efficient cache placement
strategy, i.e., choosing appropriate APs to deploy edge
cache, is of capital importance. Second, APs are deployed in
a wide area, resulting in differentiated user association and
traffic consumption. How to allocate the limited cache stor-
age budget to serve more users and meanwhile alleviate the
backhual burden is non-trivial. On one hand, if excessive
cache storages are allocated to those APs with less user
associations, cache resource will be wasted. On the other
hand, for those popular APs where users frequently associ-
ate to and consume intensive data traffic, allocating insuffi-
cient cache storages there may fail to fully unleash the
potential of edge caching. Third, due to the underlying user
influx variations and mobilities, the user association and
traffic consumption at APs would vary over time while the
caching deployment is a static one-shot solution. It is diffi-
cult to maintain the highest caching gain in the long run
without knowing the future traffic conditions.

Recently, there have been some researches on mobile
edge caching, while they mainly focus on content placement
and assume that caching servers and cache storages are
given ahead. Particularly, in the article [15], Bastug et al.
explained the basic concepts of proactive caching at edge.
Ma et al. [16] investigated which contents should be stored
by which APs, to maximize the total caching hit rate of all
the APs. Also with the target of maximizing the total con-
tent hit rate, Yang et al. [14] devised a location-aware cach-
ing scheme after observing that user requests on certain
contents vary significantly at different locations. To fully
utilize the limited cache space, Cao et al. [17] proposed an
auction mechanism to elicit true valuations from the users
(incentive compatibility), in order to optimize the content
placement. Considering the scenarios where users are cov-
ered by multiple base stations (BSs) simultaneously, Zhang
et al. [9] and Leonardi et al. [18] studied the cooperation
caching problem to optimize the user caching performance.
With the emergence of UAV techniques, some studies have
employed UAVs to act as edge nodes to provide caching
services [19], [20]. To enhance the caching hit rate, big data
and machine learning based techniques are also investi-
gated [21], [22], [23], [24], [25], to benefit the file request pre-
diction. To summarize, these studies mainly concentrate on
the content request and replacement at caching server,
while neglecting the essential cache deployment problem.
Instead, in this paper, we investigate the cache deployment
problem in large-scale WiFi system, i.e., where to deploy
edge caches and how to allocate cache size for them. The
problem is the precondition of edge caching system while
rarely seen in the literature.

In this paper, given a limited cache storage budget, we
first formulate a large-scale WiFi caching gain maximization
(CGM) problem, aiming at maximizing the total reduced
backhaul traffic in the long term, which is intractable directly
since the future user association and traffic consumption are
unknown ahead. We then adopt the data analytics to study
the problem. Specifically, we collect all user association
records within two months in the WiFi system, with totally
41,119,940 association records of 36,952 users. We first

conduct statistical analysis on the daily traffic consumption
at each AP and two important observations are obtained: 1)
the per AP traffic consumption spans within a rather wide
range, indicating that cache storages should be allocated in a
heterogeneous way with respect to the underlying traffic
demands; 2) the proportion of APs with extremely large traf-
fic consumption appears quite small, which means that it is
possible to achieve quite large rewardswhenmore cache sto-
rages are allocated there. To understand how users consume
traffic among APs, we then analyze the traffic-weighted
entropy (defined as the measure of AP “popularity”) of APs
and find that the AP entropy distribution has an exponential
decay. It indicates that the proportion of APs with relatively
large entropy values (i.e., important deployment targets) is
very limited, which benefits the AP selection to deploy edge
cache. After checking the Jaccard similarity score between
the AP traffic consumption and popularity ranking, we
observe that the AP traffic consumption and its popularity are
highly correlated, i.e., more traffic consumption at the AP indi-
cates that it is more popular in user association. This inspires
us to concentrate on mining the traffic consumption to
design our cache deployment strategy.

Based on these insightful observations, we then propose
LEAD, i.e., Large-scale WiFi Edge cAche Deployment. In
LEAD, we first cluster neighboring APs into well-sized edge
nodes according to their physical locations, which can
achieve the following three major merits: 1) cutting down
the number of deploying locations can save much deploy-
ing time and labor; 2) users from multiple APs can share the
cache storage with multiplexing gain, which improves the
caching resource utility; 3) it is observed that the fluctuation
of edge level traffic consumption is more stable than that of
a single AP level, benefiting the traffic modeling which is
important to the cache deployment. We then perform the
stationary testing (i.e., Augmented Dickey-Fuller (ADF)
test) on time series of edge traffic consumption and disclose
that the time series of edge traffic consumption is stationary,
which means that the expectation of future long-term traffic
consumption can be represented by the short-term mean
value. Given the estimation of future traffic consumption,
we then devise the TEG (Traffic-wEighted Greedy) algo-
rithm to solve the CGM problem. At last, we implement our
deploying strategy and conduct extensive trace-driven
experiments to demonstrate its efficacy. Specifically, LEAD
is able to achieve the near-optimal performance and can
outperform two benchmark strategies significantly in terms
of caching gain and caching resource utility. In addition, as
LEAD is a static one-shot solution, to evaluate its temporal
robustness, we further collect a new one-month trace after
nearly one year, based on which we conduct experiments to
verify the robustness.

Our contributions in this paper are three-fold as follows.

� We consider the edge cache deployment in large-
scale WiFi system, which is an essential building
block for future edge caching system. To allocate
the limited cache storage budget, we formulate the
CGM problem to maximize the long-term cached
traffic, which however is intractable directly with-
out knowing future user association and traffic
consumption.
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� We adopt the data-analytics methodology to resolve
the problem, and collect huge-volume user associa-
tion records, which cover 36,952 users and last two
months. The trace can also be of great value for other
researches such as user performance analysis and
enhancement, models tuning, design verification, etc.
We have opened the trace for public access.2 Based on
the trace, we conduct extensive statistical studies on
user spatio-temporal association and traffic con-
sumption, and achieve several insightful observa-
tions, which can direct our roadmap empirically.

� Given a cache storage budget, we propose LEAD to
deploy them in the large-scale WiFi system in order
to achieve the maximum long-term caching gain. In
LEAD, we integrate three major techniques: 1) AP
clustering and edge node formation; 2) traffic sta-
tionary testing; and 3) long-term caching gain maxi-
mization algorithm design. Extensive trace-driven
experiments are carried out and results demonstrate
its efficacy with temporal robustness.

The remainder of this paper is organized as follows.
Section 2 describes the system and gives the problem defini-
tion. We detail our data collection and conduct overall traf-
fic analysis in Section 3. Section 4 elaborates on our LEAD
design. In Section 5, we evaluate the performance of the
proposed LEAD with trace-driven experiments. Section 6
reviews the related work. Finally, we conclude the paper
and direct our future work in Section 7.

2 SYSTEM DESCRIPTION AND PROBLEM

DEFINITION

In this section, we first describe the large-scale WiFi system
by detailing its network architecture. Then, we give the
problem formulation of cache deployment, followed by the
problem traceability analysis.

2.1 Large-Scale WiFi System

Full WiFi coverage systems are now widely deployed in
corporate places, while edge caching is essential in such sys-
tems to meet future explosive traffic demand. We consider
deploying edge cache in our campus WiFi system, which
contains 8,000 APs, to provide full WiFi coverage for more

than 40,000 active users in the area of 3.0925 km2. In the sys-
tem, APs are scattered in all teaching buildings, dining
halls, office buildings, libraries and different departments.
As shown in Fig. 1, APs are mounted on room ceilings, and
each room normally has one AP, except for the most com-
mon and social places such as dinning halls and libraries
where multiple APs are installed in a room to cover high-
density users. Fig. 2 shows the architecture of the large-scale
WiFi system, in which each Power over Ethernet (PoE)
switch connects to multiple APs to power them up and
route their data, and each wireless controller is in charge of
a cluster of APs by providing IP and authentication services,
sending remote controlling commands and collecting daily
management logs, etc. Both PoE switches and core switches
are connected to the campus Local Area Network (LAN),
which connects to the Internet via the backhaul network. In
this paper, we investigate edge caching under the current
end-to-end network architecture, i.e., just pushing contents
to the edge node without enabling cooperation among
them. Particularly, when a user requests the data, the edge
node will return the content directly if it has stored the data
proactively, otherwise, the user has to fetch the data from
the Internet via backhaul. In this way, the caching system
can be fast implemented without additional modification in
the current end-to-end network architecture.

2.2 Problem Definition and Tractability Analysis

The large-scale WiFi system imposes substantial pressure
on the backhual network as there are a large number of user
associations and huge data traffic consumption, which
would inevitably incur high latency and deteriorate user
performance. Enabling content delivery at the network edge
can effectively reduce backhaul burden and directly contrib-
ute to user performance enhancement. Yet, the deployment
is labor-intensive and costly, and cache storages are limited.
Hence, maximizing the cache deploying gain is the core
concern of this paper. In particular, we aim at allocating the
cache storages to a limited number of APs in order to maxi-
mize the long-term caching gain. Therefore, we cast our
cache deployment problem as follows.

Definition 1 (Caching Gain Maximization, CGM). Given
the total cache storage budget C, how to allocate them to the
APs in a large-scale WiFi system, such that the total reduced
backhaul traffic is maximized in the long term?

We partition the long-term duration into T consecutive
time slots, and suppose there are N APs in the system,

Fig. 1. An example of AP deployment.

Fig. 2. The architecture of the large-scale WiFi system.

2. Online available. https://github.com/Intelligent-WiFi/DataSet
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denoted as C ¼ fAP1; AP2; . . . ; APNg. In addition, for APi

(APi 2 C), we suppose there are Mt
i users associated to it

during the time slot t, and denote by U t
i ¼ fu1; u2; . . . ; uMt

i
g

the set of associated users. Let C ¼ fc1; c2; . . . ; ci; . . . ; cNg be
the set of allocated cache sizes for N APs. Thus, the CGM
problem can be formulated as follows

max
fcig

1

T

XT

t¼1

XN

i¼1
fðciÞ

XMt
i

j¼1
V t
ij;

s.t.
XN

i¼1
ci � C;

(1)

where V t
ij is the traffic consumption of user j at the AP i dur-

ing the time slot t, and fðciÞ is the caching ratio function. The
caching ratio function is related to the cache size ci and the
content placement strategy. As this paper focuses on the
cache size allocation rather than content placement, given
the cache size, we assume that the content popularity follows
a Zipf distribution and the least frequently used (LFU) con-
tent replacement strategy is adopted. Such assumptions
have been widely adopted in existing literature [9], [12], [14].
Specifically, let F ¼ f1; 2; . . . ; f; . . . ; Fg be the file set and F
be the total number of files. Denote by Q ¼ fq1; q2; . . . ;
qf ; . . . ; qFg the file popularity distribution (sorted in descend-
ing order,

PF
f¼1 qf ¼ 1), where qf is the probability that the

requested content is file f . Therefore, according to the Zipf
distribution,

qf ¼ 1=faPF
h¼1 1=ha

; (2)

where a represents the skewness of popularity distribution,
and larger a means more concentrated file requests, which
normally ranges from 0.4 to 1 [9]. Assume the size of each
file is s and the cache size are integer multiple of s. Note
that, for files with different sizes, the proposed methodol-
ogy can be easily applied by dividing each file into chunks
of equal size. Then the CGM problem can be rewritten as

max
fcig

1

T

XT

t¼1

XN

i¼1

Xci
f¼1

1=faPF
h¼1 1=ha

XMt
i

j¼1

V t
ij

s
;

s.t.
XN

i¼1
ci � C; 0 � ci � F:

(3)

Directly tackling the CGM problem is difficult, since in the
large-scale WiFi system, the future long-term user associa-
tion behaviors (i.e., Mt

i ) vary dynamically and traffic con-
sumptions (i.e., V t

ij) are unavailable ahead. Meanwhile,
there is no well established model that could capture such
large-scale dynamics and future long-term uncertainties.
Therefore, in this paper, we study this problem by means of
data analytics and elaborate on the process in the following
sections.

3 DATA COLLECTION AND OVERALL TRAFFIC
ANALYSIS

In order to understand realistic traffic statistics and design
an informed cache deployment strategy, it is essential to
study empirical traffic data in terms of distribution and

variation in the large-scale WiFi system. In this section, we
describe our data collection campaign and conduct overall
traffic analysis, so as to identify the crucial factors that affect
the cache deployment gain.

3.1 User Association Records Collection

For cache deployment, user traffic consumption pattern is of
significance, i.e., where do users consume the most traffic
and how much traffic is consumed. To capture this charac-
teristic, we collect all user association records including the
association time, disassociation time, consumed traffic vol-
ume, etc., from the large-scale WiFi system. Specifically, we
implement a data collection program running in JAVA to
call the data management APIs (Application Programming
Interfaces) of the network management platform. The plat-
form can collect raw management data from all APs under
the simple network management protocol (SNMP) and gen-
erate traffic statistics in real time, and therefore it is able to
log all association records of each user, which can be stored
in the platform for one week. By calling the API, we down-
load all records every week to obtain the complete associa-
tion records, and Listing 1 shows an association record
sample of a user. It is shown that, each association record
contains a unique association ID, the associated AP ID and
name, used bytes during the association, connection time,
disconnection time, radio association mode, etc. Particu-
larly, in the AP name format of “XXX-xxx-3F-303”, “XXX”
and “xxx” are the abbreviation of the campus and building,
respectively, and “3F” indicates that the AP is installed on the
third floor of the building. The radio mode “ac” means the
IEEE 802.11ac standardwhich operates at the 5GHz frequency
band, and APs can simultaneously support IEEE 802.11n
connection by another radio (operating at the 2.4 GHz). The
data collection lasts for more than two months, starting from
May 8 to Jul. 11 in 2018, andwe collect total 41,119,940 associa-
tion records across 7,710 APs covering 36,952 users (with total
data size over 35 GB).3

Listing 1. An Association Record Sample

1: <?xmlversion=“1.0” encoding=“utf-8” standalone=“yes”?>

2: <clientmac=“00:00:C5:66:F1:46”>

3: <association id=“40459632”>

4: <ap id=“1547”>“XXX-xxx-3F-303”</ap>

5: <bytes_used>“230633700”</bytes_used>

6: <conn_time>“2018-05-17T13:49:50”</conn_time>

7: <disconn_time>“2018-05-17T15:44:06”</disconn_time>

8: <radio_mode>“ac”</radio_mode>

9: <rssi>“46”</rssi>

10: <ssid>“campus”</ssid>

11: <username>“Bob8062”</username>

12: </association>

13: <association id=“36080348”>

14: ......

15: </association>

16: </client>

3. Note that, as there is a small portion of APs (about 800) managed
by another management platform, we didn’t collect the association
data on those APs.
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3.2 Overall Traffic Consumption Analysis

3.2.1 Widely Spanned Traffic Consumption

To gain an overall picture, we first examine the complemen-
tary cumulative distribution function (CCDF) of daily traffic
consumption at each AP. Fig. 3 shows the CCDF results of
data sets during May 8 to Jun. 8 and Jun. 9 to Jul. 9, respec-
tively, and we have the following three major observations
related to cache deployment. First, the CCDF results in two
different months vary quite analogously as two curves are
highly close to each other. It means that the caching gain can
sustain for a long run if the initial deployment strategy is well
designed as the traffic consumption is shown to be similar
everyday. Second, the AP traffic consumption spans widely,
and the proportion is evenly distributed within a relatively
wide traffic range. For instance, in both CCDF curves, the pro-
portion of the daily traffic consumption between 104 and 1010

KB accounts for more than 90 percent, and the proportion dis-
tributes rather evenly within the traffic range. Widely
spanned traffic consumption indicates that APs are heteroge-
neous in terms of traffic generation, calling for customized
cache size design in order to maximize the caching gain.
Third,when the traffic consumption becomes extremely large,
e.g., more than 109 KB in the result of May 8 to Jun. 8 (in log-
log scale), the proportion has a very fast decay. Specifically,
the total proportion is no more than 10 percent when the traf-
fic consumption ranges from 109 to 1011 KB,whichmeans that
it is possible to achieve rather impressive caching gain if the
cache can be properly deployed at those fewAPswhose traffic
consumption are extremely large.

3.2.2 Exponential Distribution of AP Popularity

With the overall traffic consumption knowledge, we then
investigate how the traffic is consumed by users, i.e., how
many users associate to the AP and how much traffic they
consume. To this end, we define the traffic-weighted entropy
to measure the AP popularity in terms of user association
and traffic consumption [26], [27]. Specifically, given an APi

(APi 2 C), let Vi be the set of traffic consumption (during
each association) at APi, and vi ¼ jVij be the total traffic con-
sumption at APi. Also, let Ui be the set of distinct users that
consumed traffic at APi, and Vi;u be the set of traffic that
user u has consumed at APi. Thus, vi;u means the total traffic
consumption of user u at APi. The probability that the traffic
consumption at APi is contributed by the user u, is pi;u ¼ vi;u

vi
,

indicating the fraction of total traffic consumption at APi

belonging to user u. We define the traffic-weighted entropy
for APi as follows

HðiÞ ¼ Hðpi;u1 ; pi;u2 ; . . . ; pi;ujUi j Þ ¼
X
u2Ui

pi;u log 2

1

pi;u
: (4)

An AP with higher traffic-weighted entropy means that the
traffic consumption distributes more evenly by more associ-
ated users, and vice versa.

We calculate the daily traffic-weighted entropy of each
AP, and plot their CCDF results in Fig. 4. It can be seen that
in both CCDF curves, the traffic-weighted entropy has an expo-
nential decay since clear linear plot appears under linear-log
scale. The tail cutoff part appears due to the insufficient
sampling, and can be ignored since its proportion is negligi-
ble, which has been also pointed out in other researches,
e.g., characterizing the distribution of vehicular inner-
connection time [28], [29]. The exponential decay of the
entropy indicates that the proportion of APs that have the
relatively large traffic-weighted entropy values (i.e., being
highly popular) is small. This inspires us to deploy more
cache resource at only a small number of APs that have the
largest traffic-weighted entropy values, to provide caching
services. In addition, the similarity of two CCDF curves also
indicates the stationary feature of AP popularity.

3.2.3 Strong Positive Correlation of AP Traffic

Consumption and Popularity

We then examine the correlation of AP traffic consumption
and its popularity. The correlation could affect the cache
deployment strategy design, i.e., caching for more traffic or
serving more users. Let Rt

kðtraÞ and Rt
kðpopÞ be the set of the

first k APs ranked (in the descending order) by the traffic
consumption and popularity during the time slot t, respec-
tively. We compute the Jaccard similarity coefficient [30]
between Rt

kðtraÞ and Rt
kðpopÞ as follows

JðRt
kðtraÞ; Rt

kðpopÞÞ ¼
jRt

kðtraÞ
T
Rt

kðpopÞj
jRt

kðtraÞ
S

Rt
kðpopÞj

: (5)

Intuitively, higher Jaccard similarity score indicates that
there is a large amount of overlap among APs between the
two top k AP sets. We calculate the Jaccard similarity score
for each day and plot their cumulative distribution function
(CDF) results in Fig. 5, where k is set to be 100, 200, and 300,

Fig. 3. CCDFs of AP traffic consumption. Fig. 4. CCDFs of AP traffic-weighted entropy.
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respectively. We can see that the Jaccard similarity score
between the traffic consumption and popularity ranking is
rather high. For instance, the median similarity score (with
the CDF value of 0.5) is about 0.67, 0.74 and 0.77 when k is
100, 200, and 300, respectively, and the minimum similarity
score also reaches up to 0.53, 0.65 and 0.7, respectively. We
can conclude that the traffic consumption of AP is positive cor-
related to its popularity. Therefore, when the cache deploy-
ment strategy is designed to cache more traffic generated at
APs, it is also able to provide the caching services to more
users. In addition, as the system provider cares more about
the backhaul traffic mitigation, in the remainder of this
paper, we then mainly concentrate on mining traffic con-
sumption, to design our cache deployment strategy.

4 DESIGN OF LEAD

In this section, we elaborate on the design of LEAD. Particu-
larly, we first depict its architecture and present the work
flow. Then, we concentrate on the major technical compo-
nents of LEAD.

4.1 Overview

Fig. 6 illustrates the work flow and overall architecture of
LEAD. As shown in the left part of Fig. 6, with the inputs of
system necessary information and available deployment

budget, the CGM problem can be formulated. By collecting
WiFi usage trace and conducting data analytics, LEAD can
be adopted to resolve the problem and output the cache
deployment results (including both the optimal deployment
locations and cache size allocation).

In detail, the right part of Fig. 6 shows the design of
LEAD. As deploying cache at large-scale APs (e.g., about
8,000 in our case) is labor- and time-consuming, we first
cluster neighboring APs into well-sized edge nodes. In each
edge node, the clustered APs can share the cache resource
with resource utilization enhancement. Then, we study the
edge level traffic consumption over time, and identify that
the time series of edge level traffic consumption is station-
ary after checking the summary statistics and conducting
the ADF test. Given the stationary property, the future long-
term traffic consumption can be represented by the short-
term statistical mean value, and then the CGM problem can
be transformed to a readily solvable one. We then devise
the TEG algorithm to achieve the optimal solution of the
transformed problem. In the following subsections, we will
elaborate on the three technical components.

4.2 Edge Nodes Formation

A straightforward deployment strategy is to deploy cache at
each AP, which however may lead to significant deploying
cost. Besides, to cover all APs, quite limited caching storages
could be allocated to each AP, resulting in inefficient cach-
ing performance for users, i.e., with a low caching hit ratio.
In contrast, if all caching resource are deployed at the cloud
center, the caching hit ratio is optimistic while the end-to-
end delay performance is hard to guarantee. Considering
the deploying feasibility in realistic conditions, we cluster
neighboring APs into well-sized edge nodes according to
their physical locations. Normally, when the building is
small (e.g., with less than 20 APs), we only need to deploy
one edge server in this building to cover all APs within the
building by connecting the server to the PoE switches of
these APs. For large buildings, which could have more than
100 APs (prevalent in our WiFi system), we divide each
floor into distinct edge nodes. Specifically, APs in the same
floor are clustered into an edge node, as they are physically
in the proximity of each other and suitable for applying

Fig. 6. Architecture of LEAD.

Fig. 5. CDFof Jaccard similarity of AP traffic consumption and popularity.
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edge node deployment. Edge nodes formation naturally
leads to the following exemplary merits.

1) Reducing Deployment Cost. According to the name
flag of APs in the system, we partition them into
edge nodes by their building and floor distribution,
resulting in a total of 667 edge nodes across 201
buildings. Fig. 7 shows the physical location distri-
bution of edge nodes within the system. Note that,
we manually collect their Global Positioning System
(GPS) locations to label them into the digital map. As
the indoor GPS signals are unavailable, all edge
nodes in the same building are represented by only
one GPS location, i.e., the position of the building.
Compared with deploying cache at 7,710 locations,
in LEAD, we only need to deploy edge cache at 667
locations at most, which significantly reduces the
deployment cost in such a wide area.

2) Improving Caching Resource Utilization. Unlike cach-
ing at every AP, where only associated users can
access the caching resource, we deploy cache at edge
nodes such that all users associated to APs (belong
to the same edge node) can share the caching
resource. It can significantly improves the caching
resource utilization. In addition, as the scale of each
edge node is small, i.e., with a limited number APs,
there is no need to build the specialized cloud center
(requiring large space, environmental monitoring,
resource management system, etc). Specifically, in
Fig. 8, we plot the CDF of the number of APs in edge
nodes and buildings, respectively. It can be seen that
for the proposed AP clustering strategy, the maxi-
mum number of APs in edge nodes is no more than
40, and the median number is about 10. In contrast,

for buildings, the maximum number reaches up to
250, and more than 20 percent buildings have more
than 50 APs. Comparing with equipping a data cen-
ter in each building, the lightweight edge node cach-
ing is easy to implement and maintain.

3) Dealing with Randomness of AP Traffic Consumption.
Another reason for clustering APs is to cope with the
randomness of traffic consumption at AP level,
which is reasonable since the traffic consumption at
a single AP level is limited and thus sensitive to
noises. To explain it, given the traffic consumption Vi

at each time slot i, we investigate the metric of
empirical mean traffic consumption V t

avg, i.e.,

V t
avg ¼

1

t

Xt

i¼1
Vi; (6)

which indicates the traffic consumption during the
long-term duration t. We randomly choose several
APs and edge nodes, and plot their empirical mean
of traffic consumption over days in Figs 9 and 10,
respectively. It can be seen that at AP level, V t

avg can
hardly stabilize and oscillate dramatically, especially
at the initial and middle stage. On the contrary, at
edge level, V t

avg becomes stable rapidly within 15
days at all edge nodes. Fig. 11 further shows the time
series of the empirical mean traffic consumption of
one hundred randomly-chosen edge nodes, in which
the last column (i.e., the 50th column) is sorted and

Fig. 9. The empirical mean traffic consumption over days at AP level.

Fig. 10. The empirical mean traffic consumption over days at edge level.

Fig. 7. The physical location of edge nodes.

Fig. 8. CDFs of the number of APs in edge nodes and buildings.
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placed in descending order. We can also observe
that, in each row, the evident color variation mainly
appears at the initial stage, and the color keeps stable
afterwards. The fast stabilization of the empirical
mean traffic consumption at edge level, benefits the
traffic consumption modeling.

4.3 Edge Traffic Stationary Testing

Reviewing Summary Statistics. As observed above, the time
series of edge level traffic consumption seems to be station-
ary. To test its underlying stationary condition, we first take
a glance at the summary statistics, i.e., the mean and vari-
ance variation. We split the time series (on a daily basis) of
edge traffic consumption into two partitions, denoted as

X0i ¼ ðV 1
i ; V

2
i ; . . . ; V

l
i Þ and X00i ¼ ðV lþ1

i ; V lþ2
i ; . . . ; V

jVij
i Þ for

edge node i, where l ¼ bjVij2 c. We compare the mean and var-
iance between X0i and X00i , and plot their CDFs of all edge
node results in Figs. 12 and 13, respectively. In both figures,
it can be seen that the difference of the mean and variance
between X0i and X00i are statistically negligible, since both
two curves are highly intertwined which almost have the
same distribution.

Augmented Dickey-Fuller Testing. The summary statistics
results provide the evidence of being stationary, we then
adopt the ADF test [31] to explicitly comment on whether
the time series of edge traffic consumption is stationary.
Generally, the ADF test is a type of unit root test, which tests
a null hypothesis that a unit root is present in the time series
sample (i.e., it has a certain time-dependent structure and is
not stationary), against an alternative hypothesis (i.e.,

rejecting the null hypothesis) that there is no unit root and
the time series is stationary. Specifically, we adopt an autor-
egressive (AR) model to represent the random process of
traffic consumption and the testing procedure can be
described as follows [31]. We use the AR(p) model:

Vt ¼
Xp

i¼1
uiVt�i þ �t; (7)

to represent the time series variation, where Vt is the traffic
consumption variable, t is the time index, p is the number of
lags included in the test, u1; . . . ; up are the parameters of the
model, and �t � Nð0; s2Þ (white noise) is the error term at
the time index t [31]. For this model, the characteristic poly-
nomial u is given by

uðLÞ ¼ 1�
Xp

i¼1
uiL

i; (8)

where L is a testing parameter. With a unit root, it means that
the characteristic polynomial evaluated in 1 equals to 0, i.e.,
uð1Þ ¼ 0, which is the same as 1�Pp

i¼1 ui ¼ 0. We can test the
null hypothesis that there is a unit root, i.e., H0 :

Pp
i¼1 ui ¼ 1,

and test it against the alternative hypothesis, i.e.,
H1 : �1 <

Pp
i¼1 ui < 1. For the original AR(p) model, we are

interested in the difference between Vt and Vt�1, and we can
rewrite it by subtracting Vt�1 on both sides, i.e.,

Vt � Vt�1|fflfflfflfflffl{zfflfflfflfflffl}
DVt

¼ ðu1 � 1ÞVt�1 þ u2Vt�2 þ � � � þ upVt�p þ �t: (9)

To express it by the difference of all successive time series,
we can transform it by successively adding and subtracting
upVt�pþ1, ðup�1 þ upÞVt�pþ2; . . . ; ðu2 þ � � � þ upÞVt�1 on the
right-hand side, i.e.,

DVt ¼ ðu1 � 1ÞVt�1 þ u2Vt�2 þ � � � þ upVt�p þ �t � upVt�pþ1
¼ ðu1 � 1ÞVt�1 � � � þ ðup�1 þ upÞVt�pþ1 � upDVt�pþ1 þ �t

¼ � � �
¼ gVt�1 þ d1DVt�1 þ � � � þ dp�1DVt�pþ1 þ �t;

(10)

where g equals ðu1 þ u2 þ � � � þ up � 1Þ and di ¼ �ðuiþ1 þ
� � � þ upÞ [31].

Fig. 11. The empirical mean traffic of one hundred randomly-chosen
edge nodes.

Fig. 12. CDFs of the mean of edge traffic consumption.

Fig. 13. CDFs of the variance of edge traffic consumption.
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By this equivalent representation of the model, we can
test the same null hypothesis asH0 : g ¼ 0, against the alter-
native hypothesis H1 : �2 < g < 0. According to the time
series values, we can calculate the value of ADF test statis-
tic, i.e., t̂, as

t̂ ¼ ĝ

SEðĝÞ ; (11)

where^means the estimation of the parameter, and SEðĝÞ is
the standard error of the ĝ.

The testing result can be achieved by comparing the test
statistic value with the relevant critical value in the Dickey-
Fuller look-up table, which is known ahead. The smaller the
test statistic value is, the more likely it is to reject the null
hypothesis of g ¼ 0 (i.e., the time series is stationary). Fig. 14
shows the comparison between the ADF test statistic value
and percentile critical values of traffic consumption series at
all edge nodes, where the 1 and 5 percent percent critical val-
ues are shown. We can easily observe that the most ADF test
statistic values of edge traffic consumption are less than the
value around �2:92 at 5 and �3:56 at 1 percent. For the edge
node with the ADF test statistic value less than �3:56 at 1
percent, it suggests that we can reject the null hypothesis
with a significance level of less than 1 percent, which is a
rather low probability that the result is a statistical fluke. We
can see that most edge nodes are able to achieve such level of
stationary traffic consumption, as their ADF test statistic val-
ues are less than �3:56 and could range from �5 to �8. To
make it clear, we can simply compute the p-value [32], which

means the probability of H0 being true after observing at
least the same ADF test statistic values. If p-value � 0:05, the
null hypothesis H0 should be rejected, and the time series
does not have a unit root. We plot the CDF of p-value of all
edge nodes in Fig. 15. It can be seen that, normally, the
p-value of edge nodes are far less than the critical value 0.05,
and themedian value is only 10�8. In addition, given the crit-
ical value of 0.05, about 95 percent of edge nodes can pass
the stationary testing. We can conclude that the time series of
edge traffic consumption is statistically stationary, which is suit-
able for applying one-shot cache deployment strategy.

4.4 Traffic-wEighted Greedy (TEG) Algorithm

Given the stationary property of edge traffic consumption,
the expectation of future long-term traffic consumption at
the edge node i, i.e., E½V t

i �, can be substituted by its short-
term constant mean value mi (denote by mm the set of short-
term mean values for all edge nodes). Thus the CGM prob-
lem can be reformulated as

max
fcig

XN 0

i¼1

Xci
f¼1

1=faPF
h¼1 1=ha

mi

s
;

s.t.
XN 0

i¼1
ci � C; 0 � ci � F;

(12)

whereN 0 (denote byN 0N 0 the set of edge nodes) is the number
of edge nodes. Ignoring the constant ðPF

h¼1 1=h
aÞ 	 s, the

objective function becomes maxfcig
PN 0

i¼1 mi

Pci
f¼1 1=f

a. The

goal is to assign the cache size such that the total traffic

weighted caching gain can be maximized. We devise the

TEG algorithm to allocate cache storage iteratively in a

greedy way. Specifically, as shown in Fig. 16, given the total

cache storage budget C, we first allocate the first unit of

cache budget, i.e., b ¼ 1. The budget will be assigned to the
edge (say the kth edge node) who could achieve the largest

caching gain if the first cache budget is deployed there, i.e.,

k ¼ arg max
i

miðgðc0i þ 1Þ � gðc0i ÞÞ, where gðxÞ ¼Px
f¼1 1=f

a,

and cb�1i (c0i ¼ 0) is the cache size of the ith node when allo-

cating the b�th unit of cache budget. After that, the cache

size of the kth edge node is updated to 1, and we then allo-
cate the second unit of cache budget and assign it to the

edge who can achieve the largest caching gain. The proce-

dure continues until there is no unit of budget left, and at

Fig. 14. Comparison between the ADF test statistic and percentile critical
value.

Fig. 15. CDF of p-value.

Fig. 16. The work flow of TEG algorithm.
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last, we can obtain the allocation result C0C0, i.e., ðcC1 ;
cC2 ; . . . ; c

C
N 0 Þ. Algorithm 1 presents the pseudo-code for the

TEG algorithm. From the pseudo-code, it is easy to observe

that the proposed TEG algorithm has a polynomial time

complexity with OðN 02CÞ. Considering the deployment of

cache is a one-shot solution, the complexity is acceptable. In

addition, for the optimization problem in Eq. (12), the TEG
algorithm is able to achieve the optimal solution, which can

be easily proved using contradiction. Specifically, if the
solution achieved by the TEG algorithm is not optimal, there

must exist a unit cache budget that is allocated to a different

edge node with a larger caching gain. However, it violates

the design of TEG that the unit cache budget would be allo-

cated to the edge who can achieve the largest caching gain

after owning the budget.

Algorithm 1. TEG Algorithm

Input:N 0N 0, mm, C, a
Output: C0C0 ¼ ðcC1 ; cC2 ; . . . ; cCN 0 Þ
1: Initialize: c01 ¼ 0; c02 ¼ 0; . . . ; c0N 0 ¼ 0
2: Initialize: w1 ¼ 0; w2 ¼ 0; . . . ; wN 0 ¼ 0
3: for b in ½1; C� do
4: for i in N 0N 0 do
5: wi ¼ mi � ðgðcb�1i þ 1Þ � gðcb�1i ÞÞ
6: end for
7: k arg max

i
wi

8: for i in N 0N 0 do
9: if i ¼¼ k then
10: cbi ¼ cb�1i þ 1
11: else
12: cbi ¼ cb�1i

13: end if
14: end for
15: end for
16:
17: function gx
18: Initialize: gain ¼ 0
19: for f in ½1; x� do
20: gain ¼ gainþ 1=fa

21: end for
22: return gain
23: end function

5 PERFORMANCE EVALUATION

In this section, we conduct extensive trace-driven experi-
ments to evaluate the performance of LEAD. Particularly, we
first elaborate on the evaluation methodology with experi-
ment setup, benchmark strategies design, and metrics defi-
nition, then carry out the overall performance comparison,
and last investigate the impact of the number of files and
caching budget as well as the impact of Zipf skewness
parameter. As the goal of LEAD is to achieve the long-term
caching gain maximization where the robustness of the
algorithm in time dimension is rather important, we further
collect up-to-date trace and conduct new experiments to
evaluate the temporal robustness of LEAD.

5.1 Methodology

Experiment Setup. As indicated in the previous section, the
future long-term traffic consumption can bewell learnedwith

a short-term traffic statistics. Therefore, we use the traces from
May 8, 2018 to Jun. 8, 2018 as the training data set to learn the
value ofmm, and then adopt the traces from Jun. 9, 2018 to Jul. 9,
2018 as the testing data set for performance evaluation.We set
the size of each file s to 1 GB. The number of files F is ranged
from 1,000 to 5,500 with a step size of 500, and the total cache
budget C is ranged from 20 to 600 TB. In addition, the Zipf
skewness parameter a is set to be 0.56, which is normally
adopted for video file popularitymodeling [14].

Benchmark Strategies. To compare with the performance
of our proposed LEAD, the following three reasonable
benchmark strategies are also designed:

� Oracle: In this strategy, we assume that traffic con-
sumptions in the testing data are known ahead, and
we solve the CGM problem to obtain the optimal
result. In reality, this strategy cannot be achieved,
and we take it as the upper bound reference.

� Equipartition: This strategywould be often adopted in
practice by system providers, in which there is no
prior information on the network traffic and the total
cache storages are equally divided to each edge node.

� Demographics: In this strategy, we mimic the demo-
graphic approach, i.e., allocating the cache budget
according to the user density, which is also com-
monly used in practice. To this end, we use the num-
ber of edge association users in one day to measure
the user density, based on which the strategy allo-
cates the cache budget proportionally.

Performance Metrics. The following two metrics are
defined to evaluate the caching deployment performance.

� Caching gain ratio: refers to the average performance
gain in deploying large-scale cache, calculated by
dividing the successfully cached traffic to the total
consumption traffic.

� Caching resource utility: refers to the daily success-
fully cached traffic divided by the cache size. It indi-
cates how much traffic that a unit cache resource can
directly provision per day, i.e., the effectiveness of
the unit cache resource.

Note that, to ensure the comparison fairness, all strate-
gies adopt the same edge nodes formation strategy as in
LEAD. In addition, as this paper investigates the cache
deployment rather than the content delivery [33], the delay
performance is not assessed, and how to optimize the con-
tent delivery is out of the scope of this paper. Yet, those
problems can be studied upon LEAD to collectively enhance
the overall system performance.

5.2 Overall Performance Comparison

We first carry out the overall performance comparison
between LEAD and other benchmark strategies. We check
the experiments results when F and C are set to be 5,000
and 100 TB, respectively.4

Efficient Caching Resource Allocation. Fig. 17 shows CDFs of
the cache size allocations by different strategies, andwe have
the following two major observations. First, both LEAD and
theOracle strategy can assign the caching resource according

4. Similar observations can also be achieved when varying the val-
ues of F and C.
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to the underlying traffic conditions. Specifically, it can be
seen that within the proportion between 90 and 100 percent,
the allocated cache sizes are relatively large, which are larger
than that allocated by the other two strategies. It fits our
data analytics that the proportion has a fast decay when the
traffic consumption becomes extremely large (i.e., more
caching resource should be allocated to them). Second, we
can see that in both LEAD and theOracle strategy, only about
45 percent of edge nodes have been allocated with cache
resources, and need to deploy edge caching servers there,
reducingmuch deploying time and labor.

Fig. 18 shows the caching gain ratio over days by differ-
ent strategies, and it can be easily seen that the proposed
LEAD can achieve a quite close performance to the Oracle
strategy, as two plots are tightly intertwined. In addition,
although the LEAD performance oscillates within a small
range with time evolving, it can outperform both the Equi-
partition and Demographics strategy significantly. In addi-
tion, we plot the average caching gain ratio in Fig. 19. We
can see that compared with the Oracle strategy with the
average ratio about 0.35, the average ratio of LEAD can reach
0.346, which is a negligible degradation. However, com-
pared with the Equipartition and Demographics strategy with
the respective average ratio of 0.202 and 0.25, LEAD can
improve the performance by 71 and 38 percent, respec-
tively. Note that, more obvious daily variation in LEAD and
the Oracle strategy (shown by error bars) is mainly caused
by the traffic-consumption oscillation of those small-portion
edge nodes, who have relatively large traffic consumption
and have been assigned with relatively more caching resou-
rces. Their traffic-consumption oscillations could affect the

caching performance a lot, but the overall performance gain
of both strategies are still significant.

Submodularity Hurts. We then check the caching resource
utility and Fig. 20a shows CDFs of caching resource utilities
of edge nodes by four strategies. It can be observed that
both LEAD and the Oracle strategy can outperform the Equi-
partition and Demographics strategy dramatically in general.
For instance, in the Equipartition and Demographics strategy,
the median utility is about 4 GB and 5 GB per unit per day,
respectively, while in LEAD and the Oracle strategy, the
value increases dramatically to 20.5 GB and 22 GB per unit
per day, respectively. It means that with deploying 1 GB
cache storage, on average, the proposed LEAD can reduce
more than 20.5 GB backhual traffic per day. It is increased
by respective 412 and 310 percent when comparing to the
Equipartition and Demographics strategy. However, it can
also be observed that when the proportion comes to
between 90 and 100 percent, the caching utility in the Oracle
strategy becomes the lowest, while the Equipartition and
Demographics strategy can achieve a better performance.

To figure out the underlying rationale, as shown in
Fig. 20b, we plot the caching hit ratio in the Zipf distribution
when varying the cache size from 1 to 5,000 GB (the total
number of files is fixed to 5,000). It can be seen that, the
caching hit ratio has an obvious submodular property. Spe-
cifically, as the cache size increases, the difference in the
incremental ratio that a unit cache storage makes, decreases
accordingly. For example, with deploying 1,000 GB cache
storage, the caching hit ratio reaches about 0.5, while the
ratio only increases to 0.65, 0.8 and 0.9 when deploys 2,000,
3,000, and 4,000 GB, respectively. Therefore, in Fig. 20a, for
those edges who have extremely large traffic consumption,
LEAD and the Oracle strategy would allocate them quite
more cache storages in order to enhance the caching gain,

Fig. 18. The caching gain ratio versus time.

Fig. 19. The average caching gain ratio.

Fig. 20. Caching resource utility.

Fig. 17. CDFs of cache size allocations.
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which however pulls the average caching utility down. On
the contrary, in the Equipartition and Demographics strategy,
less cache storages are allocated there, resulting in larger
caching utilities.

5.3 Impact of the Number of Files and Caching
Budget

With the overall performance guaranteed, we then investi-
gate the impact of number of files F and caching budget C
on the caching performance.

We start by varying the number of files from 1,000 to
5,500 with the step size of 500 while fixing the total caching
budget to 100 TB. As shown in Fig. 21, we plot the average
caching gain ratio, and can achieve the following three
major observations. First, the proposed LEAD can reach
the approximately optimal performance as two curves are
quite close to each other. Second, regardless of the files vari-
ation, LEAD always outperforms other two candidate strate-
gies with an obvious performance gap. Third, apart from
the caching deploying strategy, the caching content replace-
ment strategy is also critical for caching performance, as the
number of files has a deep impact on the caching gain ratio.
For example, in LEAD, when the number of files increases
from 1,000 to 5,000, the ratio can decrease from 0.7 to 0.34.
Therefore, to achieve an outstanding caching system, it is
also of importance to design an efficient content replace-
ment strategy, to well predict the file request, which how-
ever is out of the scope of this paper.

As shown in Fig. 22, we then plot the average caching
gain ratio by ranging the caching budget from 20 to 600 TB
while fixing the number of files to 5,000. Similar observa-
tions such as the superior and close-to-optimal performance
of LEAD can also be observed. What should be pointed out

is that with deploying more cache storages, although the
average caching gain ratio increases, it is also sustained by
the submodular property that caused by the caching resource
utility degradation. As shown in Fig. 23, the average cach-
ing resource utility decreases dramatically as the total cach-
ing budget increases, especially at the initial stage. For
instance, the utility decreases from 57 GB to 24 GB, 17 GB,
10 GB, and 9 GB per unit per day when the total budget
increases from 20 TB to 100 TB, 200 TB, 500 TB, and 600 TB,
respectively. These results provide insightful principles for
system providers to customize their deploying plan when
considering the deployment budget. For example, by deplo-
ying less cache storages (e.g., less than 100 TB), it is easy to
achieve an immediate caching performance with relatively
large caching resource utilities. However, to achieve a quite
impressive performance, it means a large number of cache
storages should be deployed as the caching resource utility
decreases significantly.

5.4 Impact of the Zipf Skewness Parameter

In this subsection, we investigate the impact of Zipf Skew-
ness parameter a, which is crucial for the caching system,
and may vary with time [34], [35]. Specifically, we vary the
value of a from 0.6 to 1.4 with a step size of 0.2, and fix the
value of F and C to 5,000 and 100 TB, respectively.

Fig. 24a shows the average caching gain ratio achieved
by strategies when varying the value of a, demonstrating
three significant observations. First, under all conditions,
LEAD can achieve a quite close performance to the Oracle
strategy, both of which can outperform the other two bench-
mark strategies significantly. Second, for all strategies, the
average caching gain ratio can increase rapidly with the
skewness parameter. It is reasonable as a larger a leads to
less uncertainties of content requests, and can result in a

Fig. 21. The average caching gain ratio versus the number of files.

Fig. 22. The average caching gain ratio versus the caching budget.

Fig. 23. The average caching resource utility versus the caching budget.

Fig. 24. Impact of Zipf skewness parameter.
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larger content hit ratio. Third, with the increase of the value
of a, the performance gap between LEAD and the other two
benchmark strategies shrinks. It happens because the larger
a brings a better content hit ratio, which can make up the
weakness of cache deployment of the Equipartition andDem-
ographics strategy.

Fig. 24b shows the CDFs of cache size allocation for all
edge nodes (achieved by LEAD), when setting the value of a
to 0.6, 1.0, and 1.4, respectively. We can observe that, with a
small a (e.g., 0.6), the deployment strategy would allocate
the cache storages to a small proportion of edge nodes (i.e.,
popular nodes) with relatively skewed cache sizes. In con-
trast, with a large a (e.g., 1.4), the cache storages would be
allocated to most edge nodes with evenly distributed cache
sizes, as all of them are able to achieve considerable caching
gain after deploying cache there. Specifically, when the value
of a is set to respective 0.6, 1.0, and 1.4, about 39, 18, and
10 percent of edge nodes will not be allocated cache storages,
which are free from the cache deployment. In addition, with
a ¼ 1:4, the maximum allocated cache storage is limited
within 850 GB, but the value can reach over 1,200 GB, and
2,000 GB when decreasing a to 1, and 0.6, respectively. It
indicates that the uncertainties of content request can affect
the underlying cache deployment strategy a lot. In addition,
a more skewed parameter a can inversely lead to a more
smooth distribution of cache size allocation, while a small a
can lead to a skewed distribution.

5.5 Temporal Robustness Experiments

To validate the long-term efficacy of LEAD, we collect the
new one-month user association trace from Apr. 26, 2019 to

May 28, 2019, with over 23,115,573 association records. The
new trace is up-to-date (in terms of when we conduct this
experiment) and takes almost one-year interval after our
methodology design, which is adequate to evaluate the tem-
poral robustness of LEAD. Except for the Oracle strategy, it
obtains the cache deploying decisions by solving the CGM
problem based on the new trace. For other strategies, we
adopt the cache deploying decisions that achieved in above
experiments (i.e., using the training data set of May 8, 2018
to Jun. 8, 2018 to solve the CGM problem) to evaluate the
performance of new trace.

Fig. 25 shows the daily caching gain ratio by four strategies
when F and C are 5,000 and 100 TB, respectively, and we can
observe that LEAD is still able to guarantee the prosperous per-
formance. Particularly, LEAD can achieve a quite close perfor-
mance to that of the Oracle strategy, and outperforms the
Equipartition and Demographics strategy significantly. Even
though, compared with Fig. 18, the gap between LEAD and
the Oracle strategy slightly increases, which is reasonable as
the correlation of time-series traffic consumption decays
slightly after a long time interval, the one-month averaged
caching gain ratio of LEAD is still rather considerable. Specifi-
cally, the Oracle strategy guarantee 0.363 of average caching
gain ratio, while LEAD obtains 0.353 of average caching gain
ratio, with only 2.7 percent of performance degradation.How-
ever, compared with the Equipartition and Demographics strat-
egy with 0.202 and 0.242 of average caching gain ratio, LEAD
can improve the performance by 74.8 and 45.8 percent, respec-
tively. Fig. 26 shows the CDFs of average caching resource
utility of edge nodes by four strategies, and similar observa-
tions (compared with Fig. 20a) can be observed. Differently,
more obvious advantage of LEAD and the Oracle strategy
shows up, which happens due to more active Internet activi-
ties by users in the new trace. Fig. 27 shows the one-month
averaged caching gain ratio by four strategies when varying
the storage budget. Likewise, with enlarged cache budgets,
the caching performance improves with submodularity, and
LEAD is able to achieve the near optimal performance.

To summarize, LEAD has a strong temporal robustness
due to the stationary property of daily traffic consumption.
Even though after a long interval, the gap between LEAD
and the Oracle strategy may slightly increase, enlarging the
training data set could further reduce the gap. However, the
gap is very limited (no more than 3 percent), and one-month
training trace is enough and suggested, since a quite out-
standing performance can be guaranteed.

Fig. 25. The caching gain ratio in each day.

Fig. 26. CDFs of average caching resource utility of edge nodes.

Fig. 27. The average caching gain ratio versus storage budget.
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6 RELATED WORK

We review the related work in two categories, i.e., mobile
edge caching and data analytics for caching.

6.1 Mobile Edge Caching

Since high-bandwidth file requests are popular among
mobile users nowadays, mobile edge caching has attracted
a lot of research attention recently, which is a prominent
technique to alleviate the backhual burden and deliver fast
services to users. Bastug et al. [15] explained the basic con-
cepts of proactive edge caching in 5G networks, where pre-
dictive capabilities and developments in storage, social
networks, and context awareness, are advocated to be har-
nessed for caching performance enhancement. Yao et al. [36]
organized a mobile edge caching survey, in which after pre-
senting an overview of mobile edge caching, authors then
introduced caching locations, summarized caching metrics,
reviewed caching schemes, and then mainly focused on
caching content methodologies including request analysis,
content exploration, delivery, and replacement.

Therefore, most current technical works concentrate on
caching content placement since it becomes tricky when tak-
ing the user request diversity, local file popularity, user
mobility, channel quality, link connectivity, etc., into consid-
eration. Particularly, Ma et al. [16] investigated the caching
problem at a large number of APs, to determine the content
placements, i.e., which APs should cache which contents.
By considering the local content popularity at each AP, they
formulated an optimization problem to maximize the total
cache hit rate of all APs. After proving its NP-hardness, a
local distributed caching algorithm is then devised to solve
the problem. Also to maximize the total content hit rate,
Yang et al. [14] designed a linear model to estimate the
future content popularity, and proposed a location-aware
caching scheme after observing that users at different loca-
tions have unique preferable file lists. Moreover, Vasilakos
et al. [37] leveraged the joint consideration of user mobility
prediction and content popularity information, to further
enhance the caching performance. Other technical papers
on video popularity prediction could be found in [23], [24],
[25]. Given the limited cache storages, to cache the most
popular contents, Cao et al. [17] proposed an auction mecha-
nism from the perspective of system providers. The mecha-
nism can elicit true valuations of contents from the users
(incentive compatibility), and incentivize user participation
(individual rationality). With the mechanism, the cache size
allocation can be determined for different contents. Regrad-
ing to wireless resource allocation (e.g., bandwidth, trans-
mission power) for content delivery, there are two recent
cooperative caching proposals, i.e., [9] and [18], in dense BS
scenarios where users can be covered by multiple BSs
simultaneously. In specific, as covered by multiple BSs
(enlarging the cached content set), the bandwidth utilization
may degrade when users are served by further BSs. To
strike the tradeoff, Zhang et al. [9] studied the joint optimi-
zation of BS clustering, content placement, and bandwidth
allocation, the goal of which is to minimize the average con-
tent transmission delay. Without direct communications
among BSs or a priori knowledge of content popularity,
Leonardi et al. [18] focused on cache coordination scheme

design, and proposed a class of fully distributed schemes to
maximize the overall hit ratio. Recently, UAVs are also
investigated, which are employed as flying edges for cach-
ing service provision [19], [20], since they have a high agility
with low cost. For example, in order to seek suitable user-
UAV associations, Chen et al. [19] tried to predict the con-
tent request distribution by leveraging the human-centric
information, such as gender, requested contents, visited
locations, etc. In [20], UAVs are adopted to provide services
for moving vehicles and how to make offloading decisions
is investigated.

On the other hand, Vigneri et al. [10] investigated caching
at relays, e.g., mobile vehicles, to achieve low cost video
streaming, as users can prefetch video chunks from encoun-
tered vehicles at low cost or stream from the cellular infra-
structure at high cost. They modeled the playback buffer of
user and analyzed its idle periods during which data should
be downloaded from the infrastructure, and then optimized
the content allocation to mobile caches to minimize the
expected amount of celluar-downloading data. Likewise,
Wu et al. [38] also investigated content caching at users and
BSs where users can retrieve the requested content from
neighboring users via device-to-device links or the neigh-
boring BSs via cellular links. Differently, in the work [39],
Somuyiwa et al. tried to minimize the long-term average
energy cost of the content delivering to users when conduct
the proactive caching in wireless networks.

The limitation is that these works research on the content
placement/replacement with a common assumption that
caching points are determined and cache storages are given
ahead, but the investigation on cache deployment is rarely
seen in the field. In this paper, instead of designing the con-
tent placement/replacement strategy, we concentrate on
the cache deployment, which is an essential building block
for an efficient caching system. Although there have been
some cache size allocation works, e.g., [40], [41], they are
applied in content-centric networks. The system model is
quite different, since the end-to-end networking architec-
ture is broken and caching servers can cooperate with each
other. Besides, the objective function is also different, which
is to minimize the number of hops to fetch the content and
cannot be applied in our case.

6.2 Data Analytics for Caching

In the work [12], Ma et al. studied the two-week real-world
data set which contains video (more than 0.3 million unique
videos) viewing records by 2 million users, to investigate
the user request patterns and their behaviors in mobile
video streaming, and then disclosed that user request shows
spatio-temporal variation, i.e., users within different loca-
tions at different time would request for different contents.
These insights benefit content placement and update while
neglecting cache deployment strategies. In another data
analytics work, Syamkumar et al. [42] used a dataset of over
4M cell tower locations in the US, and presented an empiri-
cal study of key aspects of cell tower infrastructure to
understand their current characteristics and identify future
edge deployments. Specifically, they evaluated the geo-
graphic characteristics of cell towers and highlight how
locations correspond to population density in major metro-
politan areas and in rural areas. They focused on the edge

2620 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 20, NO. 8, AUGUST 2021

Authorized licensed use limited to: University of Waterloo. Downloaded on July 05,2021 at 18:17:04 UTC from IEEE Xplore.  Restrictions apply. 



deployment rather than cache deployment, and the cellular
scenario is different from our corporate WiFi system. Like-
wise, Li et al. [43] also studied the location distribution of
3,233 BSs in Shanghai city, to investigate the edge deploy-
ment where they tried to strike the tradeoff between the
coverage holes and energy consumption of edge servers.
Considering the important role of big data in caching sys-
tem, some magazine papers [21], [22], [44], [45] have advo-
cated the combination of big data and machine learning to
facilitate the caching performance, while they mainly focus
on content request analysis and content popularity predic-
tion, and give high-level guidelines without detailing the
in-depth techniques.

In summary, all the mentioned data analytics works do
not investigate user association and traffic consumption
in the network, which might fail to direct an informed
caching deployment. As far as we know, in the literature,
there is little work on mining user networking patterns,
to benefit caching deployment and cache size allocation,
while our work closes this gap by carrying out spatio-
temporal analysis of user association and traffic consump-
tion, and designing LEAD to maximize the long-term
caching gain. In our previous work [46], we have demon-
strated the efficacy of WiFi traffic statistics for edge
cache deployment. In this work, we further improve it
by presenting the complete architecture design, giving
the comprehensive stationary testing on edge traffic con-
sumption with mathematical proof and experiment vali-
dation, evaluating the temporal robustness of LEAD with
the new collected trace, and supplementing new experi-
ments. In addition, we have surveyed the up-to-date rese-
arch works and re-organized the related work to well
motivate our work.

7 CONCLUSION AND FUTURE WORKS

In this paper, we have investigated the edge cache deploy-
ment in large-scale WiFi system, which is an essential build-
ing block for future WiFi caching system. As the formulated
CGM problem is intractable directly without knowing
future traffic conditions, we have conducted spatio-tempo-
ral data analytics on WiFi traffic to study the problem, based
on which we have proposed a cache deployment strategy,
named LEAD. In LEAD, we first cluster neighboring APs into
well-sized edge nodes, then conduct the stationary testing
on edge traffic consumption and disclose its stationary
property, and finally devise the TEG algorithm to solve the
CGM problem. At last, we have conducted extensive trace-
driven experiments to demonstrate the efficacy as well as
the temporal robustness of the proposed LEAD strategy. For
our future work, in addition to the cache deployment, we
will also research on the caching content replacement strat-
egy by mining user association and request patterns.
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