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ABSTRACT Wireless network traffic is exploding, mainly due to the growth of video streaming services.
To cope with the increase of mobile traffic in wireless networks, techniques for installing content caches in
base stations or devices are being investigated. Although the total amount of content is huge, the capacity of
a cache installed in base stations or devices is limited, so efficient caching methods are needed to improve
the hit ratio. To this end, we can consider content recommendation systems on devices. Since many users
tend to select and watch videos from recommended content, a cache can improve its hit ratio by storing
content that is more likely to be recommended on each device. This paper discusses how caching systems
differ when devices recommend content versus when they do not. It also discusses how caching systems
differ when recommendations are made based on cached content versus when they are not. Content with
high average preferences should be cached without recommendations, while the caching system should take
personal preferences into account when recommending content personally preferred by each device. This is
especially true for cache-independent recommendation systems, since each device will recommend personal
favorites regardless of cached content. If the cache size is very large compared to the number of recommended
contents, the consideration of cached content in recommendation systems may become less important, since
much personal content should be cached anyway. The simulation results show that caching schemes with
recommendation systems can differ significantly from those without.

INDEX TERMS Wireless caching, mobile caching, D2D caching, recommendation, content preference, data
offloading, hit ratio.

I. INTRODUCTION
Wireless network traffic is exploding, largely due to the
growth of video streaming services [1], [2], [3]. In order to
reduce the load on wired and wireless networks, techniques
have been employed to distribute content caches across mul-
tiple geographic locations, and are evolving to install caches
at the edge of the network, closer to the users [4], [5], [6].
More recently, techniques for placing content caches on base
stations or devices have been explored to cope with the
growth of mobile traffic in wireless networks [7], [8], [9],
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[10], [11]. Although the total number of contents is huge, the
capacity of a cache installed on a base station or a device is
limited. Therefore, it is crucial to improve the efficiency of
caches [12], [13], [14], [15].

To increase cache efficiency, methods for linking caches
with content recommendation systems have been stud-
ied [16], [17], [18], [19], [20]. Since many users tend to
select and watch videos from recommended content, the
probability of using content can be greatly increased if it is
recommended [21], [22], [23], [24]. When a device enters
an area covered by a cache, the hit ratio of the cache can
be significantly increased by recommending content that the
user may prefer from the cached content. A cache can also
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store content with a high probability of being recommended
to each device. However, a cache in a base station or a device
generally cannot know in advance which other devices will
enter the coverage area during peak hours. This makes it
difficult to account for content that is preferred by specific
devices.

The size of a cache expands as storage becomes cheaper,
but the total amount of content also expands rapidly, so a
cache will continue to hold only a minimal fraction of the
total content. Compared to increasing the total number of
contents or the size of a cache, the number of recommended
contents on a device is difficult to scale over time because it
is related to the ability of humans to view or consider the list
of recommendations at once. Therefore, the size of a cache is
expected to gradually increase in the future compared to the
number of recommended contents on a device. Assuming that
the size of a cache is large compared to the number of recom-
mended contents on a device, the caching system can store
the contents that are likely to be recommended on devices
to increase the hit ratio of the cache. In an environment
where recommendations can significantly increase content
preferences, traditional caching schemes that do not consider
recommendations may not be appropriate for devices with
recommendation systems, and it is necessary for a caching
scheme to consider the characteristics of the recommendation
systems.

Many literatures have considered and optimized caching
and recommendation systems simultaneously, and have
shown that the performance improvement is very large when
caching and recommendations are combined or jointly opti-
mized [16], [17], [18], [19], [20], [21], [22], [23], [24].
In [16], the concept of a soft hit was introduced, and [17] stud-
ied multiple Internet content providers. In [18], the dynamic
behavior of users was considered, and [19], [20], [21] studied
the social relationships among users. In [22], users’ delay
requirements, incentives, and protectionmechanisms are con-
sidered. In [23], [24], and [25], deep reinforcement learning
was used to simultaneously optimize caching and recom-
mendation systems. In [26], [27], [28], and [29], the focus
was not only on increasing the hit ratio, but also on improv-
ing the quality of experience to increase user satisfaction.
In [30], instead of recommending a single item, a set of
items is recommended. In [31], the freshness of information
is considered, and in [32], the long- and short-term interests
of users are considered. Reference [33] reduces the cost of
the network in the long run while maintaining the quality of
recommendations. Reference [34] makes recommendations
based on resource availability. Reference [35] considers the
diversification of recommendations to overcome the degrada-
tion of recommendation quality.

Most of these works focus on formulating and solving
the joint optimization problems of caching and recommenda-
tion systems. However, by considering a minimal number of
contents to solve the complex optimization problems, most
of them fail to show the trends as the cache size increases.
In real-world systems, the number of contents to be consid-

ered for caching or recommendation is huge, and the cache
size is also increasing. Therefore, it is necessary to under-
stand the characteristics of caching systems as the cache size
increases.

In this paper, we consider a caching system and a rec-
ommendation system, where the caching system reduces the
load on wireless networks, and the recommendation system
increases user satisfaction and encourages video viewing by
taking into account the user characteristics and viewing his-
tory. Since a caching system and a recommendation system
are located in different places and serve different purposes,
it is not easy to optimize them simultaneously, and it is
necessary to consider them to operate independently with
minimal information exchange. Most of the existing litera-
ture has not explained how caching methods differ when a
device’s recommendation system takes the caching system
into account and when it does not.

The contributions of this paper are as follows.

(1) While much of the literature assumes that caching sys-
tems provide recommendations, or that caching and
recommendation systems can be combined into one
system, typical recommendation systems on devices
are separate from caching systems. In this paper,
we consider recommendation systems that are not part
of caching systems and that serve for a different pur-
pose.

(2) This paper shows that the caching scheme with recom-
mendation systems on devices should be significantly
different from the caching scheme without recommen-
dation systems.

(3) While the total number of contents or the size of a cache
increases continuously, the number of recommended
contents is unlikely to increase indefinitely. This paper
describes how caching methods change as the size of a
cache increases relative to the number of recommended
contents on a device.

(4) Some content may be preferred by only a small subset
of users. This study examines how the degree of per-
sonalization affects caching methods with and without
recommendations.

(5) Recommendation systems on devices are unlikely to
be fully controlled by caching systems in base stations
or other devices. This paper examines the differences
between caching methods when recommendations are
made based on cached content and when they are not.

This paper is organized as follows. Section II describes
the system model used in this paper, including content
preferences, caching systems, and recommendation systems.
Section III discusses caching methods when no recommenda-
tions are made and when recommendations are made.When a
recommendation system is present on a device, we also distin-
guish when recommendation systems take the caching system
into account and when they do not. Section IV presents
simulation results to show how caching methods differ when
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recommendations are made compared to when no recommen-
dations are made. Finally, Section V draws conclusions.

II. SYSTEM MODEL
A. CONTENT PREFERENCE
For the sake of simplicity, let us assume that the contents are
all the same size. The total number of contents, denoted by
Ktotal , can be huge, but the number of contents considered
for caching or recommendation will be limited. The con-
tent under consideration is divided into two types: common
content, which is preferred by all users, and personal con-
tent, which is preferred by only some users. For simplicity,
we assume that personal content is further divided into Ngroup
groups, which can represent special genres or categories, and
that each device can belong to only one of Ngroup groups, i.e.,
a device in group g prefers personal content in group g as well
as common content.

The amount of common content is Kcommon, and the
amount of personal content is Kpersonal per group. The
number of contents considered for caching or recommenda-
tion is less than or equal to the total number of contents,
so Kcommon + NgroupKpersonal ≤ Ktotal . Let Ccommon

k (k =

1, . . . ,Kcommon) denote the k-th piece of common content,
and let Cpersonal

g,k (g = 1, . . . ,Ngroup, k = 1, . . . ,Kpersonal)
denote the k-th piece of personal content in group g.
When a device in group g requests content, the preference

of a piece of content is defined as the probability that the piece
is the requested content, written as follows:

Pg
(
Ccommon
k

)
= Pcommonk (k = 1, . . . ,Kcommon) , (1)

Pg

(
Cpersonal
f ,k

)
=Ppersonalk if f =g

(
k = 1, . . . ,Kpersonal

)
.

(2)

For simplicity, assume that the probability of a device belong-
ing to group g is 1/Ngroup, and that the distribution of personal
content preferences is the same regardless of group. If f ̸= g
in Equation (2), the content preference is assumed to be small
not enough to affect caching or recommendation. Assume
that the content in each group is sorted in descending order
of preference,

Pcommonk ≥ Pcommonk+1 (k = 1, . . . ,Kcommon − 1) , (3)

Ppersonalk ≥ Ppersonalk+1

(
k = 1, . . . ,Kpersonal − 1

)
. (4)

Since not all content is considered for caching or recom-
mendation, the sum of the preferences for the considered
content is less than or equal to one, in other words, Psum ≡

Pcommonsum +Ppersonalsum ≤ 1, where Pcommonsum ≡
∑Kcommon

k=1 Pcommonk
is the sum of common content preferences and Ppersonalsum ≡∑Kpersonal

k=1 Ppersonalk is the sum of personal content preferences.
Let the ratio of Ppersonalsum to Pcommonsum be α, in other words, α ≡

Ppersonalsum /Pcommonsum . α represents how much larger the sum of
personal content preferences considered by each device is
compared to the sum of common content preferences. A large
α indicates a large difference in preferences between different
groups of devices.

FIGURE 1. Content preference.

The average preferences across all groups are as follows:

Paverage
(
Ccommon
k

)
=Pcommonk (k=1, . . . ,Kcommon) ,

(5)

Paverage

(
Cpersonal
g,k

)
=

1
Ngroup

Ppersonalk(
k = 1, . . . ,Kpersonal

)
. (6)

The number of groups, Ngroup, represents the degree of
personalization, which is the ratio of the individual preference
to the average preference for personal content. Assuming
1 ≤ α ≪ Ngroup, each device has a high preference value
for personal content, but the average preference value for
personal content may be small compared to the common
content. Let the k-th piece of personal content, sorted in
descending order of average preference, be Cpersonal

average,k and its

average preference be Ppersonalaverage,k , expressed as:

Cpersonal
average,k = Cpersonal

G(k),I (k)(
k = 1, . . . ,NgroupKpersonal

)
, (7)

Ppersonalaverage,k =
1

Ngroup
PpersonalI (k)(

k = 1, . . . ,NgroupKpersonal
)
, (8)

where

G (k)≡k − Ngroup

(⌈
k

Ngroup

⌉
− 1

)
(
k = 1, . . . ,NgroupKpersonal

)
, (9)

I (k) ≡

⌈
k

Ngroup

⌉
(
k = 1, . . . ,NgroupKpersonal

)
, (10)

and ⌈⌉ is a ceiling (rounded up) operation. Figure 1 shows
an example of preferences, where even if personal content
preferences are large on each device, the average across all
groups may be small.
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FIGURE 2. Caching and recommendation systems.

B. CACHING SYSTEM
A cache can be installed in a base station or in a ded-
icated device, as shown in Figure 2, and content can be
stored before peak traffic congestion occurs, as shown in
Figure 3 [36], [37], [38]. Assuming that it is not known in
advance which devices will be within the coverage area of a
cache during peak hours, it is not desirable to store content
that is preferred by some specific devices. In this paper,
we assume that caching is performed considering the average
case of all devices. If a device within the coverage area of
a cache requests content and the content is in the cache,
it is delivered using cellular communication without going
through the backhaul if the cache is installed at a base station,
or using device-to-device (D2D) communication if the cache
is installed in a device, resulting in data offloading, as shown
in Figure 3 [36], [37], [38]. If the content is not in the cache,
it is retrieved over the wireless network. To avoid unnecessary
confusion, this paper does not consider self-offloading [15],
but rather D2D offloading when a cache is installed in a
device.

Assuming that a cache can store Kcache pieces of content,
this paper investigates how many of the Kcache pieces stored
in the cache are personal content and how many are com-
mon content. Let us express the caching scheme of storing
k0(0 ≤ k0 ≤ Kcache) pieces of personal content C

personal
average,k and

Kcache − k0 pieces of common content Ccommon
k in the cache

as follows:

Scache (k0) =

{
Ccommon
kc ,Cpersonal

average,kp

}
(
kc = 1, . . . ,Kcache − k0, kp = 1, . . . , k0

)
.

(11)

If a device in the cache’s coverage area requests content
and the content is stored in the cache, offloading can be
achieved by receiving content from the cachewithout request-
ing the content over the network. Assuming that it is not
possible to predict which devices will come into the cache’s
coverage area during peak hours, the cache has no choice

FIGURE 3. Caching and offloading.

but to consider average cases. Let the hit ratio H (k0) be the
probability that, when a device requests content, the caching
scheme Scache (k0) includes the requested content in the cache
and thus data offloading can be achieved. The optimal value
of k0 can be determined as the value that maximizes the hit
ratio:

koptimal ≡ argmaxk0H (k0), (12)

Hoptimal ≡ H
(
koptimal

)
. (13)

C. RECOMMENDATION SYSTEM
If each device has its own recommendation system, as shown
in Figure 2, it is necessary for a cache to store content
taking into account the recommendation systems. When rec-
ommendations are made, users may tend to choose from
the recommended content, so the preferences for the recom-
mended content may increase compared to the case where no
recommendations are made [16], [17], [18], [19], [20], [21],
[22], [23], [24]. A recommendation system may consider
the cached content if information about the cached content
is passed from the caching system to the recommendation
system. Alternatively, the cached content may not be con-
sidered for recommendations if the recommendation system
operates independently of the caching system. In this paper,
for a recommendation system that does not consider cached
content, we assume that it recommends the Krecommend most
preferred content on each device, regardless of the cached
content. For a recommendation system that considers cached
content, we assume that it recommends the Krecommend most
preferred content on each device from the content stored in
the cache.

If there are recommendation systems on devices,
we assume that each device recommends Krecommend pieces
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of content, and the preferences of the content increase by
β(≫ 1) times, and the preferences of the remaining content
decrease accordingly. It is assumed that the number of recom-
mended contents is very small compared to the total number
of contents, so even if the preferences of the recommended
contents increase by a factor of β, the sum of the preferences
does not exceed one. The content preferences of a device in
group g can be written as follows:

Pg
(
Ccommon
k

)
= Pcommonk (k = 1, . . . ,Kcommon) , (14)

Pg

(
Cpersonal
average,k

)
= NgroupP

personal
average,k if G (k) = g(

k = 1, . . . ,Kpersonal
)
. (15)

If G (k) ̸= g in the content Cpersonal
average,k , it is assumed that

the content does not have a meaningfully large preference
value to be recommended by a device in group g. When
the common content Ccommon

k (k = 1, . . . ,Kcommon) and the
averaged personal content Cpersonal

average,k (k = 1, . . . ,Kpersonal)
are combined into a single set on a device of group g, the
content is called Crecommend

g,k and its preference on the device
is called Precommendk . Each device recommends Krecommend
pieces of content by some recommendation method, and the
set of content recommended by a device in group g is called
Srecommendg . We assume that the recommendation changes the
content preferences as:

P̃recommendg,k =

{
βPrecommendk if k ∈ Srecommendg

γgPrecommendk otherwise,
(16)

where

γg =

1 − β
∑

k∈Srecommendg
Precommendk

1 −
∑

k∈Srecommendg
Precommendk

, (17)

provided that ∑
k∈Srecommendg

Precommendk ≤
1
β

(18)

is satisfied.

III. CACHING SCHEMES
A. WHEN NO RECOMMENDATIONS ARE MADE
Consider caching methods in cases where devices do not
recommend content. Using the caching method Scache (k0),
the hit ratio Hnon−recommend (k0) is written as

Hnon−recommend (k0)

=

∑Kcache−k0

k=1
Pcommonk +

∑k0

k=1
Ppersonalaverage,k , (19)

and the optimal value of k0 can be determined as the value
that maximizes the hit ratio:

knon−recommendoptimal ≡ argmaxk0H
non−recommend (k0), (20)

Hnon−recommend
optimal ≡ Hnon−recommend

(
knon−recommendoptimal

)
. (21)

First, consider the caching method Scache(0), which stores
only common content. The hit ratio in this case is written as
follows:

Hnon−recommend (0) =

∑Kcache

k=1
Pcommonk . (22)

When the number of groups is large and the cache size is
small, it may be sufficient to store only common content, but
as the cache size grows, it may be necessary to store some
personal content as well.
Consider the caching method Scache(Kcache), which stores

only personal content. The hit ratio in this case is:

Hnon−recommend (Kcache)

=

∑Kcache

k=1
Ppersonalaverage,k =

1
Ngroup

∑Kcache

k=1
PpersonalI (k) . (23)

Because the preferences of personal content are averaged,
the magnitudes of the preferences become smaller, especially
when the number of groups is large, so storing only personal
content cannot achieve excellent performance unless the pref-
erences of personal content are very large. A cache may store
content with high average preferences. Given the hypothetical
probability Pcommon0 = 1 and Ppersonalaverage,0 = 1, let us consider
an integer K1(0 ≤ K1 ≤ Kcache) that satisfies:

PcommonKcache−K1+1 ≤ Ppersonalaverage,K1
,

Ppersonalaverage,K1+1 ≤ PcommonKcache−K1
, (24)

or the rewritten equations:

PcommonKcache−K1+1 ≤
1

Ngroup
PpersonalI (K1)

,

1
Ngroup

PpersonalI (K1+1) ≤ PcommonKcache−K1
. (25)

Consider the caching scheme Scache(K1), which stores K1
pieces of personal content and Kcache−K1 pieces of common
content. The hit ratio in this case is expressed as follows:

Hnon−recommend (K1)

=

∑Kcache−K1

k=1
Pcommonk +

∑K1

k=1
Ppersonalaverage,k . (26)

For a caching method Scache(k0), where k0 < K1,

Hnon−recommend (K1) − Hnon−recommend (k0)

=

∑K1

k=k0+1
Ppersonalaverage,k −

∑Kcache−k0

k=Kcache−K1+1
Pcommonk

≥ (K1 − k0)
(
Ppersonalaverage,K1

− PcommonKcache−K1+1

)
≥ 0, (27)

and the hit ratio is less than or equal to that of Scache(K1). For
a caching method Scache(k0), where k0 > K1,

Hnon−recommend (K1) − Hnon−recommend (k0)

=

∑Kcache−K1

k=Kcache−k0+1
Pcommonk −

∑k0

k=K1+1
Ppersonalaverage,k

≥ (k0 − K1)
(
PcommonKcache−K1

− Ppersonalaverage,K1+1

)
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≥ 0, (28)

and again, the hit ratio is less than or equal to that of
Scache(K1). Therefore, Scache(K1) can maximize the hit ratio.

B. WHEN RECOMMENDATIONS ARE MADE WITHOUT
CONSIDERING CACHED CONTENT
While the purpose of a caching system is to reduce the load
on the wireless network, the purpose of a recommendation
system on a device is to encourage video viewing and increase
user satisfaction, so it can operate independently of the
caching system. Consider a recommendation system that does
not take the caching system into account when recommending
content, assuming that each device recommends Krecommend
pieces of content from the total content with high individual
preferences for each device, regardless of the content stored
in the cache.

On a device in group g, common content Ccommon
k (k =

1, . . . ,Kcommon) and averaged personal contentC
personal
average,k (k =

1, . . . ,Kpersonal) are combined into a single set for rec-
ommendations. The content sorted in descending order of
the preference that is individually preferred by the device
is called C independent

g,k , and its corresponding preference is

called Pindependentk . We assume that each device recommends
Krecommend pieces of content with high preferences from the
set of C independent

g,k , which is written as follows:

S independentg =

{
C independent
g,k

}
(k=1, . . . ,Krecommend ). (29)

When recommendations are made, the preferences change as:

P̃independentg,k =

{
βPindependentk if k ≤ Krecommend
γPindependentk otherwise,

(30)

where

γ =
1 − β

∑Krecommend
k=1 Pindependentk

1 −
∑Krecommend

k=1 Pindependentk

, (31)

provided that ∑Krecommend

k=1
Pindependentk ≤

1
β

(32)

is satisfied.
Given hypothetical probabilities Pcommon0 = 1 and

Ppersonal0 = 1, let us consider an integer K2(0 ≤ K2 ≤

Krecommend ) that satisfies the following equations:

PcommonKrecommend−K2+1 ≤ PpersonalK2
,

PpersonalK2+1 ≤ PcommonKrecommend−K2
. (33)

While Equation (24) compares common content to averaged
personal content, Equation (33) compares common content
to personal content for each device. Consider the case where
each device recommends K2 pieces of personal content and

Krecommend −K2 pieces of common content. With recommen-
dations, the preference changes as:

P̃commonk =

{
βPcommonk if k ≤ Krecommend − K2

γPcommonk otherwise,
(34)

P̃personalk =

{
βPpersonalk if k ≤ K2

γPpersonalk otherwise,
(35)

P̃personalaverage,k =

{
βPpersonalaverage,k if k ≤ K2Ngroup
γPpersonalaverage,k otherwise,

(36)

where

γ =
1 − β

∑Krecommend−K2
k=1 Pcommonk − β

∑K2
k=1 P

personal
k

1 −
∑Krecommend−K2

k=1 Pcommonk −
∑K2

k=1 P
personal
k

,

(37)

provided that∑Krecommend−K2

k=1
Pcommonk +

∑K2

k=1
Pperosnalk ≤

1
β

(38)

is satisfied.
Consider the caching scheme Scache(k0), which stores k0

pieces of personal content and Kcache − k0 pieces of common
content. The hit ratio can be written as:

H independent (k0)

= β
∑min(Krecommend−K2,Kcache−k0)

k=1
Pcommonk

+ γ
∑Kcache−k0

k=min(Krecommend−K2,Kcache−k0)+1
Pcommonk

+ β
∑min(NgroupK2,k0)

k=1
Ppersonalaverage,k

+ γ
∑k0

k=min(NgroupK2,k0)+1
Ppersonalaverage,k , (39)

and the optimal value of k0 can be determined as the value
that maximizes the hit ratio:

k independentoptimal ≡ argmaxk0H
indepedent (k0), (40)

H independent
optimal ≡ H independent

(
k independentoptimal

)
. (41)

If the cache size is very small compared to the total number
of contents, β is significant, and thus γ is small, then the
content stored in the cache but not recommended may not
contribute much to the hit ratio. In this case, the hit ratio can
be approximated by considering only recommended content
as follows:

H independent (k0)≈β
∑min(Krecommend−K2,Kcache−k0)

k=1
Pcommonk

+ β
∑min(NgroupK2,k0)

k=1
Ppersonalaverage,k . (42)

Considering the caching method Scache(0), which stores
only common content, the hit ratio can be approximated as
follows:

H independent (0) ≈ β
∑Krecommend−K2

k=1
Pcommonk . (43)

VOLUME 12, 2024 28191



M. Rim: Content Caching Strategies With On-Device Recommendation Systems

Even if more than Krecommend − K2 pieces of common con-
tent are stored, the excess amount of common content is
not recommended, and the performance improvement from
storing a large amount of common content may not be sig-
nificant, assuming that the contribution of non-recommended
content to the hit ratio is negligible. Since each device makes
recommendations based on each device’s individual content
preferences rather than the averaged content preferences,
it may be necessary to store more personal content when
considering recommendations.

Let us consider the caching method Scache(Kcache), which
stores only personal content in the cache. The hit ratio can be
written as follows:

H independent (Kcache) ≈ β
∑min(NgroupK2,Kcache)

k=1
Ppersonalaverage,k .

(44)

If only common content is stored in a cache, the same
Krecommend −K2 pieces of common content are recommended
for each device, and the performance may not be significantly
improved by storing more than Krecommend − K2 pieces of
common content. On the other hand, if only personal content
is stored, each device recommends different personal content
according to the device’s group, and the hit ratio increases
until the cache size reaches NgroupK2. Therefore, if the cache
size is very large compared to the number of recommended
contents, it may be necessary to store a larger amount of
personal content.

Consider Scache(k0), which stores k0 pieces of personal
content and Kcache − k0 pieces of common content. The opti-
mal value of k0 can be obtained by computing Equation (40),
but let’s take a very rough look to see what the trend is.
In order to store K2 personal content and Krecommend −

K2 common content recommended by devices in all Ngroup
groups, the equation

Kcache ≥ NgroupK2 + Krecommend − K2 (45)

or the rewritten equation

K2 ≤ (K cache − Krecommend )/
(
Ngroup − 1

)
(46)

must be satisfied.
If the cache size is large enough and Equation (45) is

satisfied, the caching scheme Scache(NgroupK2), which stores
NgroupK2 pieces of personal content and Kcache − NgroupK2
pieces of common content, can be considered. Caching
personal content can help improve the hit ratio by a fac-
tor of β if it is recommended on the device, but storing
non-recommended personal content may not help much due
to averaging over all groups, so we consider storing only
personal content that can be recommended. The hit ratio in
this case is approximated as follows:

H independent (NgroupK2
)

≈ β
∑Krecommend−K2

k=1
Pcommonk + β

∑K2

k=1
Ppersonalk . (47)

Suppose Equation (45) is not satisfied. In this case, it is
necessary to reduce the amount of personal content stored

in the cache to match the cache size. Storing more than
Krecommend − K2 pieces of common content does not con-
tribute much to improving the hit ratio if γ is small, so k0 can
be taken as Kcache − Krecommend + K2. Consider Scache(K3),
where

K3 ≡ Kcache − Krecommend + K2, (48)

and the hit ratio in this case is approximated as follows:

H independent (K3) ≈ β
∑Krecommend−K2

k=1
Pcommonk

+ β
∑Kcache−Krecommend+K2

k=1
Ppersonalavearge,k .

(49)

When the cache size does not satisfy Equation (45), as the
cache size increases, a larger amount of personal content must
be stored in the cache to increase the hit ratio. Combining the
cases when Equation (45) is satisfied and when it is not, K3
can be rewritten as follows:

K3≡

NgroupK2 if K2≤
Kcache−Krecommend

Ngroup−1
Kcache−Krecommend+K2 otherwise.

(50)

A cache can contain a small amount of personal content
if no recommendations are made. However, especially for a
large cache size, the amount of personal content in the cache
must increase when recommendations are made.

In particular, if the cache size Kcache is equal to the number
of recommended contents Krecommend , then K3 = K2 and the
hit ratio in this case is as follows:

H independent
smallcache (K2)

≈ β
∑Kcache−K2

k=1
Pcommonk + β

∑K2

k=1
Ppersonalavearge,k . (51)

C. WHEN RECOMMENDATIONS ARE MADE WITH
CONSIDERING CACHED CONTENT
Since the purpose of a recommendation system on a device
is to increase user satisfaction and encourage video viewing,
it can operate independently of the corresponding caching
system. However, in cases where the wireless traffic is con-
gested and the communication quality is very poor, the user
experience may be degraded when the content is delivered
over the congested wireless network, and recommendations
based on cached content could improve the user experience.

Consider a recommendation system that can improve the
hit ratio of the corresponding cache by taking into account
the content stored in the cache. Each device can receive
information about the content stored in the cache, or it can
infer what is cached based on the information about the cache
size and caching method. Suppose each device recommends
Krecommend pieces of cached content with high preferences.
If Kcache is less than Krecommend , then only Kcache pieces of
content are assumed to be recommended, and Krecommend
becomes Kcache.

28192 VOLUME 12, 2024



M. Rim: Content Caching Strategies With On-Device Recommendation Systems

Consider Scache(k0), which stores k0 pieces of per-
sonal content and Kcache − k0 pieces of common content.
When a device in group g combines the common content
Ccommon
k (k = 1, . . . ,Kcache − k0) and the averaged personal

content Cpersonal
average,k (k = 1, . . . , k0) stored in the cache into a

single set and sorts them in descending order of the device’s
individual preference, the content is called Ccache−aware

g,k (k0)
and its corresponding preference is called Pcache−awareg,k (k0).
The device selects and recommends Krecommend pieces with
high preferences from the content stored in the cache:

Scache−awareg (k0)

=

{
Ccache−aware
g,k (k0)

}
(k = 1, . . . ,Krecommend ). (52)

When recommendations are made, the preferences change as

P̃cache−awareg,k (k0)

=

{
βPcache−awareg,k (k0) if k ≤ Krecommend
γg(k0)Pcache−awareg,k (k0) otherwise,

(53)

where

γg(k0) =
1 − β

∑Krecommend
k=1 Pcache−awareg,k (k0)

1 −
∑Krecommend

k=1 Pcache−awareg,k (k0)
, (54)

provided that∑Krecommend

k=1
Pcache−awareg,k (k0) ≤

1
β

(55)

is satisfied.
The hit ratio on a device in group g is written as:

H cache−aware
g (k0)

= β
∑KrecommendP

cache−aware
g,k (k0)

k=1

+ γg(k0)
∑Kcache−Krecommend

k=1
Pcache−awareg,k (k0). (56)

and the hit ratio is obtained by averaging over all groups,
written as follows:

H cache−aware(k0) =
1

Ngroup

∑Ngroup

g=1
H cache−aware
g (k0). (57)

The optimal value of k0 can be determined as the value that
maximizes the hit ratio:

kcache−awareoptimal ≡ argmaxk0H
cache−aware(k0), (58)

H cache−aware
optimal ≡ H cache−aware

(
kcache−awareoptimal

)
. (59)

If the cache is small and Krecommend = Kcache, i.e. all
content stored in the cache can be recommended, the hit ratio
is expressed as follows:

H cache−aware
smallcache (k0)

=
β

Ngroup

∑Ngroup

g=1

∑Krecommend

k=1
Pcache−awareg,k (k0)

= β
∑Kcache−k0

k=1
Pcommonk + β

∑k0

k=1
Ppersonalaverage,k

= βHnon−recommend (k0). (60)

If all stored content can be recommended, the performance
can be greatly improved by recommendations. In this case,
as in the case where no recommendations are made, the
caching scheme Scache(K1) can be used, and the hit ratio can
be written as follows:

H cache−aware
smallcache (K1)

= β
∑Kcache−K1

k=1
Pcommonk + β

∑K1

k=1
Ppersonalaverage,k . (61)

Compared to the hit ratio equation in (51), where recom-
mendations are made independent of cached content, better
performance can be achieved by recommending content with
higher average preferences. Especially when the cache size
is small, cache-aware recommendations can significantly
improve performance.

The total amount of content increases, and cache sizes
grow as storage prices decrease. However, the number of
recommended contents is related to a person’s ability to view
or consider the list of recommendations at one time and
cannot grow indefinitely. Therefore, we need to consider the
case where the cache size is larger than the number of recom-
mended contents. The optimal value of k0 can be found using
Equation (58) and may vary depending on the distribution of
content preferences. Nevertheless, let us take a very rough
look at how the value of k0 affects the hit ratio differently
when no recommendations are made, or when recommenda-
tions are made with or without considering cached content.

Suppose the cache size is minimal compared to the total
number of contents, β is significant, and thus γg(k0) is small,
then the contents stored in the cache but not recommended
may not contribute much to the hit ratio. In this case, the hit
ratio can be approximated by considering only recommended
content as follows:

H cache−aware (k0)

≈
1

Ngroup

∑Ngroup

g=1

∑Krecommend

k=1
βPcache−awareg,k (k0). (62)

First, consider the caching method Scache(0), which stores
only common content. Since only common content is stored
in the cache, the recommended content is also common con-
tent. The hit ratio is approximated as follows:

H cache−aware(0) ≈ β
∑Krecommend

k=1
Pcommonk . (63)

Even if more than Krecommend pieces of common con-
tent are stored, the excess amount of common content is
not recommended, and the performance improvement from
storing more than Krecommend pieces of common content
may not be significant, assuming that the contribution of
non-recommended content to the hit ratio is negligible. Com-
pared to Equation (43), where recommendations are made
independently of cached content, performance can be further
improved by not recommending unstored personal content.

Consider Scache(Kcache), which stores only personal con-
tent. The hit ratio can be approximated as follows:

H cache−aware (Kcache)
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≈ β
∑min(NgroupK recommend ,Kcache)

k=1
Ppersonalavearge,k . (64)

If only common content is cached, all devices will rec-
ommend the same Krecommend pieces of common content.
However, if only personal content is stored, each device
will recommend different pieces of personal content, and
the hit ratio will increase until the cache size reaches
NgroupK recommend . As the cache size increases compared to
the number of recommended contents, more pieces of per-
sonal content must be stored to improve the hit ratio. Consider
Scache(k0), which stores k0 pieces of personal content and
Kcache − k0 pieces of common content. If the equations

Kcache − k0 ≥ Krecommend −
⌊
k0/Ngroup

⌋
,

PcommonKrecommend−I (k0)+1 ≤ PpersonalI (k0)
(65)

are satisfied, approximately
[
k0/Ngroup

]
pieces can be recom-

mended from personal content and Krecommend −
[
k0/Ngroup

]
pieces can be recommended from common content, where ⌊⌋

is a floor (rounding down) and [] is a rounding operation. The
hit ratio in this case can be approximated as follows:

H cache−aware (k0)

≈ β
∑Krecommend−[k0/Ngroup]

k=1
Pcommonk

+ β
∑[k0/Ngroup]

k=1
Ppersonalk . (66)

The caching scheme when no recommendations are made,
shown in Equation (19), selects Kcache pieces commonly pre-
ferred by all devices. On the other hand, the caching scheme
when cache-aware recommendations are made, shown in
Equation (66), supports each device to select Krecommend
pieces personally preferred by the device from the content
stored in the cache. When no recommendations are made, the
average preferences of personal content have small values,
especially when the number of groups is large, and personal
content is given little consideration. On the contrary, when
making recommendations, the personally preferred content of
each device is selected and recommended without averaging,
so it is necessary to store more pieces of personal content,
especially if the cache size is huge compared to the number
of recommended contents.

The optimal value of k0 when recommendations are made
can be determined by calculating Equation (58), but we can
deduce a very rough value to compare with the scheme
without recommendations. If Equation (45) is satisfied, the
caching scheme Scache(NgroupK2) can be used.When personal
content stored in the cache is recommended to a device, its
preference increases by a factor of β, which can significantly
improve the hit ratio. However, storing non-recommended
personal content in the cache may not help much, so we do
not consider storing non-recommended personal content. The
approximate hit ratio of the caching scheme Scache(NgroupK2)
is written as follows:

H cache−aware (
NgroupK2

)
≈ β

∑Krecommend−K2

k=1
Pcommonk +β

∑K2

k=1
Ppersonalk . (67)

The above equation is equivalent to Equation (47). When
the cache size is small compared to the number of recom-
mended contents, it is beneficial to consider cached content
in recommendation systems in terms of the hit ratio, but
when the cache size is huge compared to the number of
recommended contents, the performance improvement using
cache-aware recommendations may not be significant. Sup-
pose Equation (45) is not satisfied. In this case, it is necessary
to reduce the amount of personal content stored in the cache
to match the cache size. If k0 pieces of personal content are
stored in the cache, approximately

⌊
k0/Ngroup

⌋
pieces of per-

sonal content can be recommended on each device, so in order
to recommend Krecommend pieces of content on each device,
it is necessary to store at leastKrecommend−

⌊
k0/Ngroup

⌋
pieces

of common content. In order to recommendKrecommend pieces
of content withmeaningfully large preferences, the number of
personal contents stored in the cache is as follows:

0 ≤ k0 ≤
Ngroup(K cache − Krecommend )

Ngroup − 1
. (68)

If Equation (45) is not satisfied, consider the caching method
Scache(K4), where

K4 ≡

⌊
Ngroup(K cache − Krecommend )

Ngroup − 1

⌋
if K2 > (K cahe − Krecommend )/

(
Ngroup − 1

)
. (69)

Let us define the integer K5 as follows:

K5 ≡
[
(K cache − Krecommend )/

(
Ngroup − 1

)]
. (70)

Using the caching method Scache(K4), approximately K5
pieces of personal content and Krecommend − K 5 pieces of
common content can be selected on each device. In this case,
the hit ratio is approximated as follows:

H cache−aware (K4)

≈ β
∑Krecommend−K5

k=1
Pcommonk + β

∑K5

k=1
Ppersonalk . (71)

Since K5 ≤ K2, from Equation (33), the following equation
can hold:

PcommonKrecommend−K5+1 ≤ PpersonalK5
. (72)

If more than K4 pieces of personal content are stored
in the cache, a device may not be able to recommend
Krecommend pieces of content with meaningful preference val-
ues. Consider the caching scheme Scache(k0), which stores
k0(< K4) pieces of personal content in the cache. On aver-
age,

[
k0/Ngroup

]
(≤ K4) pieces of personal content and

Krecommend −
[
k0/Ngroup

]
pieces of common content can be

recommended. Since

H cache−aware (K4) − H cache−aware (k0)

≈ β
∑K5

k=
[

k0
Ngroup

]
+1
Ppersonalk

− β
∑Krecommend−

[
k0

Ngroup

]
k=Krecommend−K5+1

Pcommonk
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≥ β

(
K5 −

[
k0

Ngroup

]) (
PpersonalK5

− PcommonKrecommend−K5+1

)
≥ 0, (73)

it may not be advantageous to store less than K4 pieces
of personal content in the cache if the contribution of
non-recommended content to the hit ratio is negligible.

In practice, when considering non-recommended content
that is omitted from the approximated equations, it may be
desirable to store less than K4 pieces of personal content,
because the common content may have much larger average
preference values than the personal content. Combining the
cases when Equation (45) is satisfied and when it is not, K4
can be rewritten as follows:

K4≡


NgroupK2 if K2 ≤

Kcache−Krecommend
Ngroup−1⌊

Ngroup(K cache − Krecommend )

Ngroup − 1

⌋
otherwise.

(74)

Comparing the above equation with Equation (50) for the
case of recommendations independent of cached content, the
values grow similarly with increasing cache size. In particu-
lar, when recommendations are made independent of cached
content, it is necessary to store more personal content in
the cache because each device will recommend personally
preferred content.

The caching methods are very different when recommen-
dations are provided than when they are not. Without rec-
ommendations, average preferences are taken into account,
making personal content less important for caching. With
recommendations, however, individual preferences on each
device are taken into account, making personal content more
important for caching, especially if the cache size is large
enough to store personal content from multiple groups.

IV. SIMULATION RESULTS
In the simulation, the hit ratio was calculated considering
the average case, assuming that devices from each group
enter the coverage area of the cache with equal probability.
The amount of personal content at a given cache size was
increased from zero to the cache size, and an exhaustive
search was performed to calculate the value for all cases and
find the best amount of personal content.

Suppose the content in each group follows a Zipf distribu-
tion with Zipf coefficient λcommon = 0.8 for common content
and Zipf coefficient λpersonal = 0.8 for personal content. The
amount of common content Kcommon = 10000, the amount
of personal content considered in each group Kpersonal =

500, the number of groups Ngroup = 50, and the number
of recommended contents per device Krecommend = 25. The
cache size Kcache varies from 0 to 500 to measure the hit ratio
of the cache as a function of the cache size. The sum of the
considered content preferences Psum = 0.6, the ratio of the
sum of personal content preferences to the sum of common
content preferences α = 1, and the increase in preferences

TABLE 1. Simulation parameters.

FIGURE 4. Hit ratio when not making recommendations.

due to recommendations β = 5. The simulation parameters
are summarized in Table 1.

Figure 4 shows the hit ratio as a function of the cache size
when recommendations are not made. Storing a large amount
of personal content can lead to unsatisfactory results, while
storing only common content does not show much difference
from the optimal results.

Figure 5 shows the hit ratio as a function of the cache size
when using recommendation systems independent of cached
content. Even when cached content is not considered, there is
a significant performance improvement over the case without
recommendations. Especially when the cache size is large,
storing only common content or storing only personal content
will result in a poor hit ratio, and it is necessary to store
a reasonable amount of personal content. If only common
content is cached, the hit ratio does not improve significantly
as the case size increases, whereas if a moderate amount of
personal content is stored, the performance improves as the
cache size increases.

Figure 6 shows the hit ratio as a function of cache size
when using cache-aware recommendations. The performance
is better than when using independent recommendations, but
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FIGURE 5. Hit ratio when making recommendations independent of
caching.

FIGURE 6. Hit ratio when making cache-aware recommendations.

the improvement is not very significant. Again, storing only
common content or only personal content does not yield
satisfactory results.

Figure 7 combines some parts of Figures 4, 5, and 6
into a single figure to compare the cases with and without
recommendations. Content recommendations significantly
improve performance, and cache-aware recommendations
can improve performance even further. The additional perfor-
mance improvement of cache-aware recommendations over
independent recommendations diminishes as the cache size
increases. For a small cache size, cache awareness may be
essential for recommendation systems, but it becomes less
important as the cache size increases.

Figure 8 shows the proportion of personal content stored in
the cache.Without recommendations, the cache stores mostly
common content, while with recommendations, it is neces-
sary to store a more significant amount of personal content,
especially when the cache size is large. The proportion of
personal content among the stored content may increase as
the cache size increases. When the recommendation systems
do not consider cached content, it is necessary to store a more

FIGURE 7. Hit ratio according to cache size.

FIGURE 8. Ratio of personal content according to cache size.

significant amount of personal content in the cache compared
to the cache-aware recommendation case because each device
makes recommendations based on its personalized prefer-
ences regardless of cached content. While the value of K1 is
the same as the optimal amount of personal content when no
recommendations are made, the value of K3 for independent
recommendations or the value of K4 for cache-aware rec-
ommendations is somewhat different from the corresponding
optimal value. However, as shown in Figure 7, the hit ratio of
K3 or K4 is not significantly different from the corresponding
optimal hit ratio.

In Figures 9 and 10, the other simulation parameters are the
same as in Table 1, except that α = 3 to increase the favor-
ability of personal content on each device. Figure 9 shows
the hit ratio as a function of cache size, and Figure 10 shows
the proportion of personal content stored in the cache. As the
favorability of personal content on each device increases,
more personal content must be cached, not only when rec-
ommendations are made, but also when no recommendations
are made.

In Figures 11 and 12, the other simulation parameters are
the same as in Table 1, except that α = 0.3 to reduce
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FIGURE 9. Hit ratio when personal content has large preferences.

FIGURE 10. Ratio of personal content when personal content has large
preferences.

the favorability of personal content on a device. Figure 11
shows the hit ratio as a function of cache size, and Figure 12
shows the proportion of personal content stored in the cache.
As the favorability of personal content on a device decreases,
the proportion of personal content stored in the cache also
decreases. In Figure 12, when no recommendations are made,
no personal content is cached at all. However, when rec-
ommendations are made, it is necessary to store a large
amount of personal content, especially when the cache size
is large. In Figure 12, in contrast to Figure 10, the value of
K3 for independent recommendations or the value of K4 for
cache-aware recommendations has a large difference from
the corresponding optimal value. However, Figure 11 shows
that the hit ratio is not significantly different from the optimal
one.

This time, the other simulation parameters are the same
as in Table 1, except that β = 8 in order to get a more
significant increase in preferences with recommendations.
Figure 13 shows the hit ratio as a function of cache size, and
Figure 14 shows the proportion of personal content stored
in the cache. When β is large, the hit ratio improves signifi-

FIGURE 11. Hit ratio when personal content has small preferences.

FIGURE 12. Hit ratio when preference increase due to recommendations
is large.

cantly when recommendations are made. As the effectiveness
of recommended content increases, the content personally
preferred by each device needs to be cached, and it may be
necessary to store a larger amount of personal content with
recommendations.

In Figures 15 and 16, the other simulation parameters are
the same as in Table 1, except that Ngroup = 200 to increase
the degree of personalization. The more granular the genre or
category, the larger the number of groups can be. Figure 15
shows the hit ratio as a function of cache size, and Figure 16
shows the proportion of personal content stored in the cache.
The number of groups indicates the degree of personalization
of personal content, and when this value is significant, the
average preference for personal content decreases. It may
be necessary to cache less personal content, especially if no
recommendations are made. Figure 16 shows that without
recommendations, since personal content has minimal aver-
age preferences, maximizing the hit ratio can be achieved
by storing only common content. On the other hand, with
recommendations, it is still necessary to store a large amount
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FIGURE 13. Ratio of personal content when personal content has small
preferences.

FIGURE 14. Ratio of personal content when preference increase due to
recommendations is large.

FIGURE 15. Hit ratio when the degree of personalization is high.

of personal content because the preferences of each device
must be considered.

In Figures 17 and 18, the other simulation parameters are
the same as in Table 1, except that Ngroup = 25 to reduce the

FIGURE 16. Ratio of personal content when the degree of personalization
is high.

degree of personalization. Groups represent genres or cate-
gories, so a device or a piece of personal content can belong to
multiple groups. Making such generalizations would require
many assumptions and complex equations, so we leave this
as future work in this paper. In the absence of recommen-
dations from a device, average preferences are considered,
whereas in the presence of recommendations on a device,
the individual preferences of each device become important,
and caching is necessary to account for this. The ratio of
individual preferences to average preferences for personal
content is called the degree of personalization in this paper,
and is simply denoted by Ngroup. If a device is interested
in multiple genres, or if a single piece of personal content
belongs to multiple categories, the degree of personalization
may decrease, depending on the assumptions. Also, if we
can predict the movement patterns of devices so that we can
predict in advance which devices will come into the coverage
area of the cache, we can consider their personal content
and the degree of personalization may decrease. Figure 17
shows the hit ratio as a function of cache size, and Figure 18
shows the proportion of personal content stored in the cache
as Ngroup becomes smaller. We can see that the proportion of
personal content in the cache increases.

In Figures 19 and 20, the other simulation parameters are
the same as in Table 1, except that Krecommend = 50. Increas-
ing the number of recommended contents may decrease the
preference increase due to recommendations, β, but this is
not reflected in this simulation for simple comparisons with
other figures. Figure 19 shows the hit ratio as a function of
the cache size. In the figure, the hit ratio increases as the
number of recommended contents increases while β remains
unchanged. In practice, as the number of recommended con-
tents increases, the value of β will become smaller, so the
hit ratio may increase or decrease depending on how much
β decreases. If we can obtain a function of β according to
Krecommend , we could obtain the optimal value of Krecommend
to maximize the hit ratio. Figure 20 shows the proportion of
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FIGURE 17. Hit ratio when the degree of personalization is low.

FIGURE 18. Ratio of personal content when the degree of personalization
is low.

FIGURE 19. Hit ratio when the number of recommended contents is large.

personal content stored in the cache. As more content is being
recommended while β remains unchanged, the contribution
of non-recommended content to the hit ratio becomes smaller
and the approximated equations fit more accurately.

FIGURE 20. Ratio of personal content when the number of recommended
contents is large.

V. CONCLUSION
In this paper, we discussed which types of content should be
stored in a cache when a content recommendation system
is present on a device. Caching schemes can be signifi-
cantly different in the presence of recommendation systems
than in the absence of recommendation systems. When no
recommendations are made on a device, content with high
average preferences should be cached, whereas when a rec-
ommendation system is present on a device and content that
is personally preferred by each device is recommended, the
caching system should take into account individual prefer-
ences for each device. When the degree of personalization
is high, and thus the average preference for personal con-
tent is low, it is necessary to store mostly common content
when no recommendations are made. On the other hand, with
recommendations, it is necessary to store a larger amount
of personal content, especially when the cache size is huge
compared to the number of recommended contents. When
recommendation systems are independent of the caching
system, it is necessary to store a larger amount of personal
content in the cache than for cache-aware recommendations,
because each device will recommend personally preferred
content regardless of the cached content. If the cache size
is very large compared to the number of recommended con-
tents, the consideration of cached content in recommendation
systems may become less important, since a large amount of
personal content should be stored in the cache anyway.

For the sake of simplicity, this paper assumes that a device
or a piece of personal content belongs to only one group, but
we can extend the discussion to allow a device or a piece of
personal content to belong to multiple groups. In addition,
content is divided into two types of groups: common content
and personal content, but there will be many other types in
between, and the discussion can be extended to account for
this. This paper also assumes that we do not know which
devices will enter the coverage area of a cache, but it will be
possible to extend the study to the cases where we can predict
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the mobility patterns of devices or the social relationships
between devices.
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