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ABSTRACT The coupling of content caching at the wireless network edge and video streaming recom-
mendation systems has been thoroughly investigated to enhance the cache hit and improve the user quality
of experience (QoE). However, the existing literature lacks studies addressing the joint problem of QoE
and cache hit ratio maximization while considering device characteristics and dynamic network resources of
mobile users. This study introduces On-RAViR, an online framework comprising a Channel Quality Indicator
(CQI) prediction module and a heuristic algorithm. This framework aims to maximize both cache hit ratio
and user QoE under two constraints: the quality of the user equipment (UE) wireless link and the computing
capabilities of the UE. We evaluate our framework employing a real-world video content dataset and a third-
party 5G trace dataset. The results demonstrate that our framework produces rapid and high-quality solutions,
increasing user QoE by 20% on average when compared to a state-of-the-art caching and recommendation
heuristic unaware of computing and network resources.

INDEX TERMS Edge computing, quality of experience, recommendation systems, user mobility, video

caching.

I. INTRODUCTION

According to projections, by the end of 2024, video will
account for 74% of the total mobile network traffic [1]. To
meet this growing demand without increasing backbone traf-
fic, network and video content service providers are pushing
caching capabilities to the edge of the wireless networks, a
concept known as edge caching [2], [3].

In edge caching, frequently requested video contents are
cached close to the end users on edge servers. These servers
can be co-located with base stations, integrated with devices
in the radio access network (RAN), or located in the core
network [4]. Indeed, considering on-demand video streaming,
which is the focus of this work, edge caches are accessible
at a maximum of six IP hops from the user [5]. Therefore,
properly caching video content on edge servers can sig-
nificantly reduce the number of repeated requests to video
streaming servers on the backbone (i.e., in the cloud) and
reduce transmission service delay, thus improving the quality
of the user experience (QoE). However, due to the limited
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storage capacity of edge servers compared to cloud servers,
determining which video content to cache is crucial to the
edge cache performance.

To address this issue, researchers have begun investigating
the impact of video streaming recommendation systems on
caching. Recommendation systems significantly influence
users’ content choices [6]. Consequently, they can be used
in a controllable way (i.e., within acceptable tolerance limits)
to induce access patterns that benefit different performance
metrics, such as the cache hit ratio [7]-[9], the user QoE [10],
the offloading probability [11], and the total content delivery
cost [12], [13]. In the following subsection, we discuss rele-
vant works that jointly optimize edge cache and video content
recommendation decisions to enhance the cache hit ratio and
the user QoE in the context of video streaming services.

A. RELATED WORK
The first work to take caching decisions based on per-
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sonalized recommendation systems for edge caching was
Sermpezis et al. [7]. The authors proposed the concept of
“soft cache hits” wherein the idea is to recommend similar
cached content to mobile users requesting videos not cached
at the edge cache. The work presented optimization prob-
lems related to soft hits and cache placements in wireless
networks and algorithms to solve them. Chatzieleftheriou et
al. [8] evolved the initial idea introduced in [7] and proposed
a model to tackle the Joint Caching and Recommendation
Problem (JCRP) in small cell networks. In JCRP, the rec-
ommendation system is used as a demand-shaping tool to
enhance the cache hit ratio. To this end, the JCRP model
issues video content recommendations that may not neces-
sarily rank top in the inferred user preferences but still score
high. By limiting the distortion that such recommendations
introduce to the original user content preferences, the JCRP
model controllably guides user demand toward content that
attracts the preference of multiple users. The work showed
that JCRP brings relevant gains in the cache hit ratio without
significantly degrading the user preferences. Different from
[8], where the authors assumed that users fully accept the
recommendation lists, in [14], the authors jointly optimized
content caching and recommendation at wireless networks by
setting a ratio to reject the recommendations for each user.
The relationship between quality of service (QoS), quality
of recommendation (QoR), and user QoE was studied by
Nogueira et al. [15] to understand better how to make joint
cache and video recommendation decisions. Using experi-
ments with real users, the work confirmed that content prefer-
ences bound QoS-aware recommendations, i.e., users do not
tolerate large content discrepancies. The authors also showed
that considering the scenarios where recommendations can
account for QoS, most content has at least one other content
that is similar to them, and it is cached.

The interplay between recommendation and cache decision
was also investigated in device-to-device (D2D) communica-
tions with the goal of maximizing the cache hit ratio [16],
[17]. The authors in [17] showed that this problem is NP-hard
and proposed a polynomial time complexity optimization
algorithm with convergence guarantee. In [16], an algorithm
based on long short-term memory (LSTM) was proposed to
solve the problem.

In the works discussed so far, reccommendations are defined
only by content and cache hit. Other important QoS indi-
cators are not considered, such as video resolution and the
computing and network resources available on the user side
to play the video. As a result, such works may recommend
items whose representations are unsuitable for the available
user resources, degrading user satisfaction [18]. In addition,
video resolution severely affects the cache occupancy and,
thus, the cache hit. To fill this gap, in [10], we formulated and
optimally solved an optimization problem called Resource-
Aware Video Recommendation (RAViR) for jointly caching
and recommending videos to mobile users that maximizes the
cache hit ratio and the user QoE under two constraints: the
user equipment (UE) computing capabilities and the quality
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of the UE wireless link at the time of the recommendation.
Results showed that RAVIR increases user QoE and cache hit
ratio by at least 68% and 14%, respectively, compared with
JCRP. A similar problem was later investigated in [19] but
with a bundle approach.

Regarding QoE in video streaming services, many papers
have investigated how to measure the user QoE when they
consume on-demand video streaming services. Some works
used implicit metrics related to user engagement [20] or the
cache hit ratio [8]. Many works assess the user QoE corre-
lating explicit metrics (usually QoS metrics) with implicit
metrics such as MOS and VMAF, both widely used in the
literature. Mean opinion score (MOS) [21] is a video quality
assessment metric where the user evaluates her experience
from a minimum to a maximum value (usually from 1 to
5) when watching a video. Video multimethod assessment
fusion (VMAF) [22] is a metric developed by Netflix to
predict the perceived visual quality of a video by comparing
it to the original reference video. In [21], the authors use a
congestion index (CI) to assess the ability of the network to
successfully deliver video streams based on the maximum
available bandwidth on the path from the server to the user.
The QoE is then obtained using a regression technique corre-
lating the CIs with MOS. In [15], the authors used the VMAF
score to directly gauge the impact of video impairments on
QoE and to determine the influence of network conditions on
QoE indirectly.

Finally, it is important to mention that the interplay be-
tween QoS, QoR, and QoE has also motivated recent works
on similarity caching and cost-aware caching (e.g., [23])
where both the similarity between content and the cost to
serve them is determined to make cache decisions. However,
although such topics bring novel opportunities and challenges
in edge caching, they are out of the scope of this article.

B. OUR CONTRIBUTION

Although resource-aware joint caching and recommenda-
tion can achieve better results than conventional joint caching
and recommendation solutions, the existing works [10], [19]
assumed that user request patterns for content change slowly
over time, typically on the order of hours. However, in sce-
narios involving user mobility, the quality of the wireless
link may change at a much smaller scale, influencing video
requests, recommendations, and, consequently, the cache al-
location. An optimal solution in such scenarios is impractical
since the resource-aware joint caching and recommendation
problem is NP-complete. Thus, as the number of users and
videos in the catalog increases, the time needed to solve
the problem optimally increases rapidly. Therefore, an online
solution is desired, which motivates our work. In this article,
we propose On-RAViR, an online framework consisting of
a channel quality indicator (CQI) prediction module and a
heuristic algorithm to solve the resource-aware joint caching
and recommendation problem. Before recommending a video
for the user, the prediction module in our framework forecasts
the quality of the user’s wireless connection based on the
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user’s CQI history, i.e., the CQI values observed for the user
connection before the recommendation or during the last
watched video. A heuristic algorithm then uses the estimated
CQI value, the UE computing capabilities, the user content
preferences, and the cached videos to recommend a video for
the user. We also propose a new metric that combines QoE and
QoR, the latter influenced by QoS parameters (availability of
computing and network resources), contributing to the discus-
sion on a unified metric that correlates QoS, QoE, and QoR.
We evaluate On-RAViR using real-world video content and
third-party 5G trace datasets. Results demonstrate that On-
RAViR produces fast and high-quality solutions compared
with RAViR. Results also show that On-RAViR increases
user QoE by 20% (on average) compared to JCRP-HEU. In
summary, the main contributions of this article are:

o We revisit the formulation of the resource-aware joint
caching and recommendation problem.

o We design an efficient online solution (On-RAViR) for
the problem that can be used in scenarios involving user
mobility and frequent recommendation requests.

o We design a new metric to assess the QoE of mobile
users during the recommended video playback period.
The QoE metric is based on MOS and the Weber-
Fechner law [24].

« We evaluate On-RAVIiR using real-world, third-party 5G
data traces.

o We thoroughly evaluate On-RAViR, comparing it with
the optimal algorithm (RAViR) and a state-of-the-art
solution modified to operate online (JCRP-HEU) in dif-
ferent scenarios.

This article revisits and extends our previous work [10]. In
particular, the online framework (On-RAViR), the proposed
QoE metric, and the framework’s performance evaluation are
completely new contributions. This article is organized as
follows. Section II describes the system model. The problem
formulation and the design of On-RAViR are presented in
Section III. Section IV presents the evaluation and discusses
the results. Section V concludes the article and presents future
work.

Il. SYSTEM MODEL

We consider an on-demand video streaming provider (e.g.,
Netflix) offering services within a mobile network infras-
tructure controlled by a mobile network provider. The video
streaming service uses a catalog of video items, where each
item represents a video content (e.g., The Godfather, Pulp Fic-
tion, etc.) encoded in a specific representation (e.g., medium,
large, hd720, etc.). The service also includes a recommenda-
tion system for its users. The mobile network infrastructure
comprises a multi-access edge computing (MEC) system. In
this infrastructure, several base stations (BSs) offer connectiv-
ity to mobile users who consume the video streaming service
via smartphones (UEs) connected to the mobile network.
Edge servers deployed at the core network host a cache ser-
vice. Due to limited storage capacity, the cache stores only a
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subset of the catalog at any given time, while servers in remote
data centers retain copies of the catalog. Figure 1 illustrates
the reference scenario considered in this article.

A. CATALOG

We denote by V the set of video content and by R the set of
all possible video representations. Each video representation
r € R is characterized by a bitrate brr(r) and a resolution
res(r). We denote by Z the catalog of video items, where each
video item i, , € Z represents a video content v € V encoded
into a representation r € R, with an encoding bitrate btr(r),
a corresponding video resolution res(r), and a size size(i,, ).
We denote by C the total storage capacity of the edge cache,
measured in normalized file size units.

B. COMPUTING AND NETWORK RESOURCE

We denote the set of mobile users by ¢/. Each user u € U
consumes the video streaming service through a UE con-
nected to a BS. The UE of user u has a certain computing
capability (e.g., processor type, graphic card, memory) and,
consequently, can support a maximum resolution for video
playback, denoted by 1),. The quality of the user’s UE wire-
less link may vary over time due to several factors, including
signal impairments. As illustrated in Figure 1, we consider
that the quality of the wireless link can be periodically ob-
tained by the video streaming service via the MEC radio
network information service (RNIS) [25]. This quality is
reported as the CQI, one of the key parameters in the channel
state information (CSI) [26]. We denote the set of all possible
CQI values by Q. Each ¢ € Q is associated with a pair of
modulation and coding scheme (MCS) and transport block
size (TBS) by means of which it is possible to determine an
average available bandwidth (bitrate) [27], denoted by ¢(q).

C. CONTENT PREFERENCE

We denote by T the set of all possible thematic categories.
Each content v € V is associated with a feature vector f”
whose j-th element £¥(j), j € T, represents the adherence
level of category j to content v. This adherence level is nor-
malized and assumes values in the range [0,1]. Each user
u € U is also associated with a feature vector f“, where
each element f“(j), j € T, represents the interest of user u
in thematic category j. This interest is estimated based on the
video content watched and evaluated by the user, denoted by
A, C V. Each element f“(j) of the user feature vector f* is
estimated as £(j) = >, 4 £°0)/ 2 jcr Doven, (). This
value is also normalized in the range [0,1]. Aligned with state-
of-the-art recommendation systems (e.g. [8]), we compute the
interest of user « in the video content v as:

0, if u watched v,
Yier £10)£0)
VZier B0/ Zier £10)2

Sim(u,v) =

otherwise.

ey
Thus, for each user u € U and each video content v € V), the
probability of user u being interested in the video content v is
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FIGURE 1: Video streaming recommendation scenario for mobile users using edge caches.

computed as:
Sim(u,v)
> ey Sim(u,z)’
PCo(v) = 1.

PEm(v) =

This distribution is normalized, i.e., Zvev

D. REPRESENTATION PREFERENCES
We assume that previous CQI records describing the qual-
ity of the UE wireless connection are available through the
RNIS service. Using the historical series of the observed CQI
values, the system estimates the CQI. This CQI represents
the average quality of the wireless connection the user will
experience during the video playback. We denote this es-
timate by g, € Q. Section III explains how we calculate
this estimate in our framework. Given ¢,, we calculate the
highest video resolution that can be transmitted over the UE’s
wireless connection during the video playback as follows:
res(q,) = max{res(r) | r € R A btr(r) < ¢(qu)}-

To capture the relevance of a given video representation r €
R to user u, we use a relevance factor denoted by Sat (u, r) €
[0,1] given by:

0, res(r) > best(u)
Sat(u,r) =< 1, res(r) = best(u)  (3)
1_ W res(r) < best(u)

where best (u) min{,, res(q,)} is the best video res-
olution for user u according to the UE resolution and the
estimated quality of the UE wireless link. Thus, for each user
u € U and each representation » € R, the probability that
the user u is interested in the representation r is calculated as
follows:

Sat (u,r)

Res _
P (r) = > oser Sat(u, s)

4)

This distribution is normalized, so that ) PRes(p) = 1.

E. ULTIMATE USER PREFERENCES

We then define a user preference distribution, denoted by
P which captures the user’s joint preferences u over a
video content v € V and a video representation r € R, for all

video items in the catalog, i.e.,
PE (v) - P (r)
i ez PE(2) - PRe(s)’

where z € V and s € R are, respectively, the content and
the representation associated with an item i,; € Z. This
distribution is normalized so that 3>, 7 P (i) = 1.
Equation (5) comprises the preferences of user u in terms of
video content and representation. Thus, the higher the value
of P (iv,r), the better the user experience.

However, recommendation systems strongly influence
users’ content choices. To account for this impact, we de-
fine the probability distribution PR over the set V of video
content. Let V, C V be the set of content recommended to
user u, where V, consists of the top N (N = |V,|) content
in the user content preference distribution P$". As in other
works on recommendation systems (e.g., [8]), we assume
that recommendations provide all N content in V, with an
equal boost, i.e., PR¢(v) = 1/N,¥v € V,. Let «, be the
weight expressing the importance that the user u attaches
to recommendations. We define the ultimate video request
distribution as:

Py (iy,) = 5)

PR, ) =a, - PR(v) + (1 — o) - PP (i),  (6)
for the videos that are recommended to the user u, and
Pﬁeqw(iv,r) =(1-ay) 'Pf:ref(iv,r)v @)
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for the videos that are not recommended to the user u.

F. RECOMMENDATION AS TRAFFIC ENGINEERING

Instead of issuing recommendations for the top N items on
the user content preference distribution PS, as is generally
the case for a recommendation system, we select N items
from a subset of a recommendation window WC,, C V,
defined by the top N, content of P$?", where N, > N. The
N, value is defined as a function of a preference distortion
tolerance fol(u) € [0,1) that quantifies the extent to which
recommendations can distort the user’s initial preferences.
Higher 7ol (u) values allow more flexibility in selecting items
recommended to users, thus promoting caching efficiency.

Ill. PROBLEM FORMULATION AND ON-RAVIR SOLUTION
Let WZ, be a subset of the catalog containing all the video
items whose content is contained in the recommendation
window WC,,i.e, WL, C T = {i,, | v e WC,}. Let {y;,, },
iv,- € Z, be a set of binary decision variables, so thaty; =1
if video item i, , is in cache and y; . = 0, otherwise. Let
{xui .}, u € U,i,, € I, be another set of binary decision
variables, so that x,;,, = 1if i, is recommended to user
u and Xui,, = 0, otherwise. We formulate the resource-
aware joint caching and recommendation (RAViR) problem
as follows:
maxd D

ueU iy, EWIL, (8)
yiv,r(‘xuaiv.r 'Pfeq(iv,r) + (1 — xu,iv,r) 'Piueeqw(iv,r))

subject to:
Z i, - size(iy,) < C 9
iy €T
> Xui, =N,Vucl (10)
iv, EWI,
Z Xy, - 0(z,v) S1WeWC,, Vuecl an
i; EWI,
A, A3, Yueld (12)
PRS(r) >0, Yu €U, Vi,, € WI,. (13)

Equation (8) maximizes the cache hit ratio and the user
experience using each user list WZ,. Equation (9) reflects
the cache storage capacity constraint, while Equation (10)
ensures that exactly N videos are recommended to each user.
In Equation (11), 6(z, v) is an indication function that equals
1 if z = v, and O otherwise. This equation ensures that,
for each user, only one representation will be selected for
each recommended content. Finally, equation (13) ensures
that the recommended video item does not exceed each user’s
computing and network resources.

The RAVIR problem is NP-complete. Each item i, , in cat-
alog 7 has a size size(i, ) and a value given by > -,/ Xu,i,, -
Pii,) + (1= xuy,,) - Pic" (iy,)). The items have to be
packed in a cache space C, maximizing the total cache value
while not exceeding the cache capacity. Thus, the RAViR
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problem corresponds to the 0-1 Knapsack Problem (KSP), a
known NP-complete problem [28].

In [10], we could optimally solve the RAViR problem
for instances of relevant size because we had enough time
between recommendation requests. Using the MovieLens
dataset [8], the optimal algorithm (RAViR) takes approxi-
mately 24 minutes to solve the problem in a computer with
a quad-core Intel Core i7 @ 2.7 GHz and 16 GB RAM.
In this work, we consider a more realistic scenario where
mobile users demand recommendations at a much lower time
scale, in the order of seconds. Thus, we developed an online
framework called On-RAViR to obtain satisfactory solutions
more quickly. On-RAViR proceeds in two steps, as described
below.

In the first step, for each user u needing a recommendation
at time ¢, the CQI predictor estimates the average wireless
connection quality that the user will experience during the
video content playback, i.e., ¢,. This estimate is calculated
by obtaining (from the RNIS) the CQI values observed for u

in the last s, time instants, i.e., H (u, k), k =1—1,...,t—s,.
This time series is then used to estimate CQI (u, t), COI (u, t+
1),...,COI(u,t + s,), where s, is the average size (in sec-
onds) of the videos watched by u. Each CQI(u,l), | =
t,...,t+s,,1s computed as a moving average of size m, i.e.:
COI(u,l) = > H(uk)/m. (14)

k=l—s,

The estimate g, is then calculated as the average of these
estimates, i.e.:
t+sy
Gu =Y COI(u,1)/(su+1). (15)
I=t
‘We must stress that we also evaluated some machine learning
(ML) methods, such as LSTM, for prediction in addition to
the moving average. Nonetheless, for this problem, where we
want to estimate a single CQI value for the period in which
the video will be played, the ML methods produced similar
results to the moving average but at a higher computing cost.
Thus, we used the moving average as the estimator because
of its simplicity, efficacy, and efficiency. These characteristics
are important since On-RAViR is intended to operate online.
Once g, is estimated for each user u requiring a recom-
mendation, in the second step, a heuristic algorithm solves the
RAViR problem. This algorithm is based on the assumption
that the video items that appear most often in the users’ WZ,
serve the largest number of users and, presumably, those that
will be most requested by these users. Therefore, for each
video item i, , in the catalog Z, we calculate a utility for i, ,
based on the number of times this video item appears in users’
WI,,i.e.:

util (iv,) = > 0 (ivs), (16)
uel

where o(i,,) = 1ifi,, € WZ,, and o(i,,) = 0 otherwise.
‘We then fill the cache with the most useful video items and
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make recommendations based on the users’ WZ,, prioritizing
the cached video items.

IV. EVALUATION

This section evaluates the performance of On-RAViR using a
video catalog and a 5G trace obtained from real-world data.
Section IV-A describes how the video catalog is derived. Sec-
tion IV-B presents how the UE capability and the CQI history
are obtained. The QoE metric used to evaluate On-RAViR is
presented in Section I'V-C. In Section IV-D, we compare On-
RAViR with the optimal algorithm for the RAViR problem
(RAViR) and also with a heuristic for the JCRP (JCRP-HEU),
presenting the results.

A. VIDEO CATALOG AND CONTENT PREFERENCES

We use the MovieLens project dataset [29] to obtain video
content and user content preferences. This dataset consists
of approximately 100,000 user ratings (ranging from 0 to
5) applied to a content catalog of 9,742 movies (|V| =
9,742), comprising 20 thematic categories (|7| = 20), and
a community of 610 users (Ji{| = 610). Based on Youtube
[27], we consider 6 video resolutions and their corresponding
bitrates, illustrated in Table 1, to compose the set of video
representations (|R| = 6).

TABLE 1: Video representations considered in this work.

Type Label Video Representation
r (btr(r), res(r))

1 medium | (1.5Mbps, 360px)
2 large (4Mbps, 480px)

3 hd720 (7.5Mbps, 720px)
4 hd1080 | (12Mbps, 1080px)
5 hd1440 | (24Mbps, 1440px)
6 hd2160 | (53Mbps, 2160px)

For each video content v € V), we generate a number N,
that indicates the number of representations of v in the catalog
Z, with N, sampled from a Uniform distribution U(1,6).
Next, we insert in the catalog Z all the video items i, , with
content v encoded in representation r, r = 1,2,...,N,. The
size of the video (size(i,,)) is a function of its duration and
representation, using a normalized scale compatible with the
cache storage. After combining the MovieLens dataset (V) to
the set of representations (R), we obtain a video catalog of
almost 35,000 items (|Z| = 35,000). We also assume that all
video items in the catalog are divided into 3-second chunks.
The feature vectors ¥ and f* are calculated for each v € V
and for each u € U. Then, using equations (1) and (2), we
estimate P for every u € U.

B. UE CAPABILITY AND CQI HISTORY

For each user, we sample the UE computing capability (¢,)

from a Uniform distribution U(1,6), ensuring that ¢, =

res(r) for some video representation r described in Table 1.
The CQI values are extracted from [27] and illustrated in

Table 2 (column 1). Each CQI value g € Q is therefore

associated with a bitrate ¢, also illustrated in Table 2 (column

6

4). Combining the information presented in Tables 1 and 2,
we can determine the best video representation for each g,
illustrated in Table 2 (column 5).

To obtain the historical time series H (u, k) for each user
u, we use the CQI value records extracted from a real-world
dataset in [30]. The CQI values were obtained every sec-
ond from static and moving users using Netflix, Amazon
Prime video streaming, and file download applications in
such a dataset. The dataset consists of approximately 80 files
corresponding to different periods when the users used the
applications.

Based on this dataset, we create H (u, k) for each user u,
using s, as twice the size of the largest video watched by
u. This history is then used to estimate the average wireless
connection quality that the user will experience during the
video content playback (g,) using Equations 14 and 15 and
60 seconds as the size of the moving average (m = 60). This
value of m was chosen experimentally. Figure 2 presents a
user’s CQI variation (in seconds) during a 30-minute history
interval.

Using 1, and g, we calculated the best representation for
u (best (u)) and estimate P u € U. Given PRec and plrel
we calculate the ultimate video request distribution Pl,feq and
PR™ Yy € U. In accordance with [8], we sample a, from
a Uniform distribution U (0.5,0.7). Finally, using P$*" and
tol(u), we compute WC, and WI,, which serve as input to
the second step of On-RAViR.

C. EVALUATION METRIC

To evaluate the user QoE during video playback, we devel-
oped a metric inspired by MOS. In the MOS, when watching a
video, the user evaluates his/her experience from a minimum
value (minMOS) to a maximum value (maxMOS), ranging
from 1 to 5. Based on context information such as the level
of Internet congestion, denoted by ICI (ranging from 0% to
99%), and the representation of each video chunk reproduced,
denoted by rep, we identified some possible situations likely
to have an impact on the user QoE:

o best_cache: the video chunk is cached with the represen-
tation expected by the user, i.e., best(u);

e under_cache: the video chunk is cached with a represen-
tation lower than best (u);

o best _cloud: the video chunk is not cached, and the In-
ternet link is not congested, allowing to retrieve best (u)
from the Internet;

e under_cloud: the video chunk is not cached, and the
Internet link is congested, requiring the retrieval of a
lower representation than best () from the Internet.

When the recommended video item has chunks cached

with the best representation for the user, the user QoE is the
best, i.e., maxMOS. Otherwise, the following penalties are
applied to this value:

e PI: the recommended video chunk is not cached; Inter-
net access is required with ICI used as penalty value;

e PR: the recommended video chunk is cached, but its
value is lower than best (u).
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TABLE 2: Mapping between CQI values, bitrates, and video
representations.

CQI | MCS TBS Bitrate | Video Representation

1 0 1384 | 2.768 (1.5Mbps,360px)
2 0 1384 | 2.768 (1.5Mbps,360px)
3 2 2216 | 4432 (@Mbps 430px)

7 7 3624 | 7.548 (7.5Mbps,720px)
5 6 5160 | 10.320 (7.5Mbps, 720px)
6 8 6968 | 13.936 (12Mbps, 1080px)
7 11 | 8760 | 17520 (12Mbps, 1080px)
8 13 | 11448 | 22.896 (12Mbps, 1080px)
9 16 | 15264 | 30.528 (24Mbps, 1440px)

10 18 16416 | 32.832 (24Mbps, 1440px)
11 21 21384 | 42.768 (24Mbps, 1440px)
12 23 25456 | 50.912 (24Mbps, 1440px)
13 25 28336 | 56.672 (53Mbps,2160px)
14 27 31704 | 63.408 (53Mbps,2160px)
15 27 31704 | 63.408 (53Mbps,2160px)

We then use the Weber-Fechner law [24] to calculate the
two penalties PR and PI. This law states that the response
(R) to a stimulus is proportional to the logarithm of the
stimulus intensity (E), and it is described by the expression
R = k * In(E). Considering rep and ICI as stimuli, we
assume the best representation (best(u)) corresponds to a
stimulus intensity of 100%, with maximum QoE. An inferior
representation has the stimulus intensity (E),,) as a percentage
of the video representation delivered (rep) in relation to the
best representation for the UE, i.e., E,, = rep/best (u) *100).
Likewise, regarding the ICI, a congestion-free link corre-
sponds to ICI = 0 and a stimulus intensity of 100%, with
maximum QoE. Internet congestion (ICI > 0) defines the
stimulus intensity (E,;) as the percentage of Internet access
availability, i.e., E,; = (1 — ICI) * 100). Other stimulus
intensities are subject to PR and/or PI penalties. Thus, we
formulate the user QoE as:

QoFE = maxMOS — PR — PI, a7

where:
PR = maxMOS — (k,, * In(E,,)) (18)
PI = maxMOS — (ky; * In(E;)). (19

We then find the constants &, and k,;. When the intensity
of the stimulus is 100%, the penalties are 0, and conse-
quently, the response to the stimulus (the QoE) is maximum
(maxMOS). Thus, PR = 0 = k,, = maxMOS /In(100) and
PI =0 = ky; = maxMOS /In(100).

Figure 3 shows the impact of penalties PR and PI (individ-
ually) on the user QoE under different delivered representa-
tions (Figure 3a) and Internet congestion levels (Figure 3b).
Considering PI = 0 and that the UE and the CQI allow the
video reproduction with the highest representation, we have
best(u) = 6. As shown in Figure 3a, in this scenario, when the
system delivers a video with the expected representation (6),
PR = 0, and the QoE is maximum. As videos with lower rep-
resentations are delivered, the penalty PR increases, reducing
the user QoE. Figure 3b shows a similar analysis, considering
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FIGURE 2: CQI variations for a given user over a period of
1800 seconds.

the penalty PI when PR = 0. As the ICI increases, the penalty
PI increases, and the QoE is negatively impacted.

D. RESULTS

Initially, we compare the quality of the solutions produced by
our framework (On-RAViR) against those generated by the
optimal algorithm (RAViR). For this evaluation, we consider
3 recommendations for each user (N = 3) and an Internet
congestion index of 60% (ICI = 60%) with varying cache
size. Figure 4 presents the results. Figure 4a shows the effec-
tive cache hit rate achieved by both algorithms, while Fig-
ure 4b presents the average user QoE provided by them. The
average QoE is normalized and presented in the interval [0,1].
As shown in both figures, the heuristic consistently performs
close to the optimal for all evaluated cache sizes. Regarding
the execution time of the experiments, as previously men-
tioned, RAViR takes approximately 24 minutes for a catalog
of 35,000 videos with 610 users, making 3 recommendations
for each user. In contrast, On-RAViR takes a few seconds
for the same scenario and the same computing environment.
Thus, On-RAViR meets the response time requirements and
offers good-quality solutions.

We also evaluate the performance of On-RAViR against
JCRP-HEU, a heuristic we proposed based on JCRP [8].
Originally, JCRP does not account for computing and net-
work resources, and users’ preferences are based solely on
content. To make a fair comparison, we design JCRP-HEU to
select the representation with the lowest resolution to be in-
cluded in the user WZ, whenever it faces a set of video items
with the same content and different representations. For this
evaluation, we assume that each user plays a recommended
video, and we dynamically evaluate the user QoE every 3
seconds (chunk duration) during the playback. This means
that every 3 seconds, we check the user’s actual CQI, calculate
the best representation for the user (best(u)), and, according
to the Internet congestion index, we compute the user QoE as

7
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Representation
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Internet Congestion Index
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FIGURE 3: Impact of PR and PI penalties on the QoE metric, when the user can reproduce the video with the highest
representation (6): (a) shows the impact of the PR penalty on the QoE as the video representation increases and P/ = 0;
(b) shows the impact of the PI penalty on QoE as ICI increases and PR = 0.
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FIGURE 4: Effective cache hit rate and user QoE, achieved by RAViR and On-RAViR.

1.0
——-0n-RAVIR (N=3)

@ -EF-RAVIR-HEU (N=3)
© 0.8
o
T
v 0.6
<
O
S
o 0.4
2
=
O
£ 0.2
i

0.0— : : : ,

100 300 500 700 1000
Cache size
(a) Effective cache hit rate
follows:

o If best(u) is cached, a best_cache will occur and QoE =
maxMOS;

o If best(u) is not cached, the following situations are
possible depending on the ICI:

-- if no better representation of the video chunk is
available in the catalog, a under_cache will occur,
the video chunk is delivered from the cache with an
inferior representation, and QoE = maxMOS —PR;

-- IfICI = 0, abest_cloud will occur, the video chunk
will be delivered using the Internet connection with
the best representation, and QoE = maxMOS;

-- If ICI > 0, ICI will represent the probability of
not delivering the best representation. In this case,
a best_cloud may occur, and the video chunk will
be delivered using the Internet link with the best
representation, and QoE = maxMOS — PI. An

under_cloud may also occur, and the video chunk
will be delivered using the Internet connection with
an inferior representation, and QoE = maxMOS —
PR — PI.

Experiments were conducted in different scenarios, but due
to space constraints, we present the results for the scenarios
where each user receives a list of N = 3 recommended
videos, according to distortion tolerance rol(u) = 1% and
tol(u) = 10%, with ICI = 60%, and a total cache capacity
(C) of 50, 300, and 700. Figure 5 shows the percentage of
chunks transmitted during recommended video playback for
each method (On-RAViR and JCRP-HEU) and the impact
on the average QoE, considering the different scenarios. We
observe that On-RAVIiR is consistently superior to JCRP-
HEU, as it delivers more video chunks from the cache with
the best representation for the users. JCRP-HEU can also
deliver many chunks from the cache but of inferior quality. On
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FIGURE 5: Percentage of video chunks received from cache or Internet and the average QoE of each method with 3

recommendations per user, 7ol (1) = 1% (a,b,c), tol (u) = 10% (d,e,f), different cache capacities, and ICI = 60%.

average, On-RAVIR increases user QoE by 20% compared to
JCRP-HEU.

We also analyze the QoE behavior individually per user
during the recommended videos’ playback. To this end, we
randomly select two users (User 1 and User 2) and assume
they choose and play a recommended video that is cached.
Another user (User 3) chooses and plays a recommended
video that is not cached. Figures 6a, 6b, and 6¢ show the
variation of the CQI (blue line) and the best representation
(green line) at every 3 seconds during the first 30 minutes
playing a recommended video. Figures 6d, 6e and 6f show
how this variation impacts the users’ QoE when On-RAViR
and JCRP-HEU are used under a /CI of 90%.

We can see in Figures 6d-6f that On-RAViR performs better
than JCRP-HEU, despite the fluctuations. This happens be-
cause On-RAViR can predict each user’s CQI, caching videos
with the representations that best serve the users during the
video playback period. For User 1, On-RAViR recommends
and caches a video with a representation that serves the user
for the entire video playback time. In contrast, JCRP-HEU
recommends and caches a lower video resolution, negatively
impacting the user QoE. JCRP-HEU only achieves maximum
QoE for some chunks in the last few seconds, when the
average CQI drops significantly. For User 2, who has a UE
capable of playing a video at maximum resolution (hd2160),
On-RAVIiR can achieve maximum QoE in many moments of
the video playback, which is not the case with JCRP-HEU.
It is worth noting that QoE fluctuations, very frequent, for
example, for User 2, are not negative. These fluctuations will
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generally be imperceptible to the user, who normally uses a
DASH-based client application. In the case of User 3, even
when the recommended video is not cached and the Internet
link is congested, On-RAViR can perform better than JCRP-
HEU as it recommends videos with representation that suit
the network limitation.

Finally, we analyze the impact of the cache size and /CI on
the average user QoE in both methods. Figure 7a shows the
results for a fixed /CI of 60% and varying cache size, con-
sidering 3 and 5 recommendations per user and a distortion
tolerance of 1%. Since JCRP-HEU caches videos with lower
resolutions, it can recommend and deliver video segments
directly from the cache to more users. However, as Figure 7a
shows, On-RAViR maintains a higher QoE than JCRP-HEU,
even when the cache size is smaller (50). Figure 7b shows the
results for a cache size of 50 and varying /CI, considering 3
and 5 recommendations per user and a distortion tolerance of
1%. Since the cache size is small, the QoE provided by both
methods is significantly affected by the increase in the ICI
value. However, even in the worst scenario (cache size=50 and
ICI = 90%), On-RAViR maintains a higher QoE than JCRP-
HEU.

In summary, the results show that On-RAViR archives
fast and high-quality solutions close to the optimal ones.
Compared to JCRP-HEU, On-RAViR offers a higher average
QoE, serving more requests with adequate representations.
However, it is worth mentioning that although promising,
our work presents some limitations. First, implementing On-
RAVIR in real-world deployment might face some challenges.
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In particular, the “cold start" problem may affect the effi-
ciency of our framework as new users may not have enough
information on the system to estimate their preferences and
the CQI history. Additionally, integrating RNIS into exist-
ing network management and control systems or network
services can be complicated. This requires close integration
between network providers and content services. Second,
the QoE metric proposed in this work, although providing
a step towards unifying QoE, QoS, and QoR into a single
metric, does not account for traditional QoR metrics used in
recommendation systems such as precision and recall.

V. CONCLUSIONS AND FUTURE WORK

In this work, we presented an optimization model represent-
ing a recommendation system aware of the resources avail-
able on the user’s device, the mobile network, and the edge
cache combined with the caching decision. We developed
an online framework to address this problem, evaluated our
proposal, and compared it to a state-of-the-art heuristic. Our
framework outperformed the heuristic in all evaluated scenar-
ios, demonstrating that taking into account the device limita-
tions, the video representation, and the network conditions
when making joint decisions on video recommendation and
caching offers more personalized service and leads to signifi-
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cant improvements in QoE. In addition, our online framework
showed that it is possible to make good recommendations and
cache decisions timely, even considering multi-dimension
such as user preferences and computing and network avail-
ability. As future work, we intend to investigate the potential
of ML techniques to deliver better solutions while considering
that these techniques generally require more computing time,
mainly for training. In our evaluation of ML techniques for
time series forecasting, we did not observe improvement
that justifies the higher computing cost compared to simple
techniques such as the moving average. However, this result
is related to the dataset and simple forecasting involved. We
believe that ML techniques, such as deep reinforcement learn-
ing, may learn optimal policies for joint recommendation and
resource allocation in the context of our problem.
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