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Abstract—Multi-view (MV) learning is a machine learning
technique for improving generalization efficiency by learning
from different feature subsets derived from multiple sources. We
believe this approach can help in Quality of Experience (QoE)
modelling by integrating knowledge from different datasets
generated by subjective tests conducted for the same or similar
applications considering different QoE Influence Factors (IFs). To
investigate this subject, in this paper, we present the experiments
conducted starting from a complete dataset related to Web
browsing sessions that has been artificially divided into two
distinct subsets (views). The proposed MV learning approach im-
plements a data fusion technique to integrate extracted features
from different views into a unified feature space. To achieve a
complete experiment on the entire problem space, all possible
combinations of IFs (features) in two distinct partial views
(PVs) are considered and trained in the MV approach; the full
view (FV) approach, which utilizes the complete dataset, is also
considered for performance comparison. Experimental results
show the QoE estimation performance achieved by the MV (0.69)
is comparable with that of the FV (0.72), although the 2 single
views were used for training in the MV case. Moreover, the
performance enhancement achieved by the MV compared with
the PV is most noticeable when a lower number of features is
used to train the models.

Index Terms—Multi-view learning, Data fusion, Deep learning,
Quality of experience, Subjective dataset.

I. INTRODUCTION

In today’s digital landscape, user-perceived quality plays a
crucial role in determining the success of Web-based services.
This is often measured with metrics of Quality of Experience
(QoE), which refers to the quality perceived by the users
of multimedia services and that is defined as the degree
of delight or annoyance of the user of an application or
service [1]. Objective QoE models adopted by Internet Service
Providers (ISPs) and Over-the-top (OTT) application providers
are primarily utilized to estimate the quality as a function
of measurable network- (e.g., network delay, packet loss,
throughput) and application-related (e.g., playout buffering,
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multimedia quality) QoE influence factors (IFs), respectively
[2]. These are also used for root cause analysis to find
inefficiency and issues and improve overall user satisfaction.

To build the above-mentioned models, there is a need to con-
duct subjective tests to collect the opinions of human users on
several network and service configurations. Notwithstanding
the significant efforts that have been devoted to this activity,
there is still a strong need for additional subjective test-based
experiments (which are costly and time-consuming) as the
available datasets do not cover all the scenarios of interest,
which also change over time. Additionally, very often a limited
number of IFs has been considered in each experiment, making
it hard to define a model that is somehow extendable (i.e.,
that can also be applied to other similar scenarios); it also
happens that when the same scenarios have been considered by
not synchronized and uncoordinated experiments, the defined
parameters are too different so that the generated datasets
cannot be merged to build a single model, e.g., these are not
usable to train a single Neural Network (NN).

Artificial Intelligence (AI) research tried to find a solution
to this problem. One promising approach to integrate the
information from different datasets is the Multi-view (MV)
learning approach [3], which considers multiple datasets or
“views” to predict a precise target. By taking advantage of
multiple views, the MV allows for capturing different aspects
of the views’ data and producing more accurate and reliable
predictions, making it a highly promising technique for various
applications in machine learning and data analysis. Based on
these considerations, we believe that by integrating datasets
generated from different subjective tests, an MV approach can
produce more robust and efficient QoE predictors. Moreover,
MYV learning preserves data privacy by integrating the infor-
mation from the NN hidden layers trained on the separated
datasets. Thus, there is no need to share data between diverse
entities, but each model can potentially enhance its predic-
tion accuracy by integrating information learned from other
predictors trained on different IFs.

In this paper, we investigate the application of MV learning
in QoE modelling. In particular, we consider 3 different
approaches, namely, full view (FV), partial view (PV), and
MV. To evaluate the performance, we have done extensive
experiments starting from a single complete dataset related to
Web browsing sessions [4]; this has been artificially divided
into two distinct subsets (views) to simulate the case of



datasets generated by different entities. The FV approach
is implemented with an NN trained with the entire dataset,
while for the PV approach, we have trained the same NN
with a single view only. Finally, the proposed MV approach
implements a data fusion technique to merge extracted features
from the two views into a unified feature space. To achieve a
complete experiment on the entire problem space, all possible
combinations of IFs (features) in two distinct views were
considered and trained in the MV and PV approaches. The
results show that the MV approach achieves QoE estimation
performance comparable with that of the FV, even if only
the 2 single views were used for training in the MV case.
In particular, the enhancement of QoE estimation accuracy
provided by MV compared with PV is most noticeable when
a lower number of features is used to train the NN.

The paper is structured as follows. Section II discusses the
related work in this area. Section III presents the proposed
approach, whereas in Section IV we describe the implemen-
tation details. In Section V, we discuss the obtained results,
and, finally, Section VI concludes the paper.

II. RELATED WORK

The MV learning approach is utilized for several research
activities focused on multimedia processing. In [5], an MV
multimodal transformer for image captioning is proposed. The
NN structure is composed of two branches, which take the
image and the caption text as the input, respectively. The
two branches are then merged using a transformer NN that
executes the image captioning. The proposed MV approach
outperforms the state-of-the-art results. The multi-view multi-
class disease classifier developed in [6] utilizes different types
of voice-related features (Mel-Frequency-Cepstral-Coefficients
(MFCC), Log Mel-filter bank coefficients (logFBANK), and
Spectral Subband centroids) in a two-phase multi-class clas-
sification module. This approach enhances the model’s effec-
tiveness in predicting the presence of disease based on voice
samples. In [7], the MV FER (Facial Expression Recognition)
approach called OCA-MTL (orthogonal channel attention-
based multi-task learning) is presented, which learns view-
independent facial expression features using a Siamese CNN
(convolutional neural network). The proposed model has two
parallel paths for learning facial expression features from
both frontal and non-frontal viewpoints. Each NN takes as
the input different poses of the face turning the face from
—90° to +90°. This approach achieved a mean accuracy of
88.4% among 6 different predicted emotions, outperforming
the state-of-the-art. The Noise-aware Incomplete Multi-view
Learning Networks (NIM-Nets) framework proposed in [8]
leverages incomplete data from various views to generate a
shared representation that is both consistent and informative,
while also being able to handle noise effectively.

The aforementioned studies demonstrate that exploring al-
ternative methods, such as MV learning, that rely on different
data views could potentially lead NN-based models to more
accurate and efficient predictions. Despite some Al-based solu-
tions focused on the fusion of data representations originating

from different datasets have barely been investigated for the
definition of QoE models, such as federated learning [9]-[11]
and distributed deep learning [12], none of the state-of-the-
art research studies has directly investigated the application of
MYV learning in QoE modelling.

Hence, further research is needed to determine if MV
approaches are feasible and effective for QoE prediction and to
explore their potential benefits compared to other approaches.
Thus, in this paper, we focus on the application of the MV
approach in QoE modelling to understand whether it can
contribute to an improvement in the estimation performance
of QoE models.

III. PROPOSED APPROACH

The proposed research concerns the application of MV
learning in QoE modelling. QoE predictors (or models) are
objective models that describe the relationship between QoE
IFs and QOE, i.e., they take some monitored QoE IFs as the
input and predict the user’s perceived QoE as the output.
However, different QoE models are often incompatible (i.e.,
they do not work well on datasets dissimilar than those used to
define them) because: i) the QoE depends on many IFs of dif-
ferent nature, such as network-based IFs (e.g., network delay,
packet loss, throughput) measured by ISPs and application-
based QoE IFs (e.g., playout buffering, multimedia quality)
collected by OTT application providers [1]; ii) different sets of
IFs or different ranges of variation for the same IFs have been
considered to build different QoE models. This means that
each model achieves the best estimation performance when
its inputs are the same IFs (and varying in the same/similar
range) used to build the model. The reason is that different
IFs and different IFs’ levels have a different impact on the
user’s perceived QoE. Above all, the ground-truth data used
to build an objective model is collected through a controlled
subjective assessment.

As a practical example, let’s consider an ISP and an OTT
monitoring the QoE of the same video streaming service.
The ISP has its model that estimates the QoE of the video
streaming service as a function of the network delay. Likewise,
the OTT has its model that estimates the QoE of the video
streaming service as a function of the playout buffering. Since
the QoE depends on both network- and application-related
IFs, these two models do not achieve a good estimation
accuracy as they are missing important data for training their
models. At the same time, they are not willing to share the
collected data. Thus, our research question is: would it be
possible to share some kind of model information between
these two models (those modelling the delay-QoE and playout
buffering-QoE relationship) to enhance their QoE estimation
performance, i.e., to make them capable of estimating the QoE
as a function of both the network delay and playout buffering
without the need to share data between ISP and OTT and to
conduct additional subjective tests where the two sets of IFs
are considered?

The literature offers a multitude of QoE models that can
be potentially reused and improved. In particular, we con-
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Fig. 1. PV approach: the blue solid lines indicate the Q4 (Kz; Dz ) models,
whose outputs are Q%t (x = 1,2). MV approach: the red dashed lines
indicate the Qz(Kyz; Dz, O f) models, which are trained with the support of
the fusion layer output Oy, and whose outputs are Q;“ (x =1,2); Oy is
the output of one of the hidden layers of Qm models (x = 1, 2).

sider MV learning techniques to propose an approach that
can potentially enable the implementation of QoE estimation
models based on data originally collected by different entities.
With entity, we refer to an organization (e.g., ISP and OTT,
a research group) conducting QoE assessment studies and
defining QoE models for Web-based multimedia applications.
With MV techniques, it is possible to integrate knowledge
from multiple datasets or “views” to predict a precise target.
By taking advantage of multiple views, MV-based predictors
can capture different aspects of the data and produce more
accurate and reliable predictions. For these reasons, the MV
learning approach fosters the reuse and integration of subjec-
tive datasets collected by different entities, aiming to develop
enhanced QoE prediction models. Moreover, MV learning
preserves data privacy by integrating the information from
the NN hidden layers trained on the separated datasets. Thus,
there is no need to share data between diverse entities (entities
are often unwilling to share collected data), but each QoE
model can potentially enhance its prediction performance by
integrating information learned from other predictors trained
on different views.

We define K; as the vector encoding all the IFs which are
considered by entity ¢ and that are used to predict the user
quality through model Q;(K;; D;):

Qi = QK D)1 < Q5 <5, M

where we assume that the quality model has been created to
estimate the QoE using the 5-level Absolute Category Rating
(ACR) scale [13] and through appropriate training from the
dataset D;. The objective is to build a more accurate quality
model Qi(Ki; D;,Oy) through the integration of information
embedded in the fusion layer output O generated thanks to
the (Q; models trained on datasets D;, for j = {1,...,J} and
j # i, where J is the number of entities that collaborate to
create a joint model.

Let’s consider 2 models Q1 (K1; D1) and Q2(Ks2; D2) de-
picted in Fig. 1, which estimate the quality for the same service

as a function of K and K5 IFs, respectively, so that:
Q7" = Q1(K1; Dy), )
5% = Qa(Ka; Da). 3)

We aim to enhance the prediction performance of these models
by sharing information from their learning function:

Aest

i = QiK1 D1, 0p):1 < QF <5, )
5% = Qa(Ks; D2, 05); 1 < Q5% < 5, (5)
where Qz (Kz; Dg, Oy) is the prediction model that predicts
from K, and has been trained with dataset D, and the fusion
layer output Oy, with z = {1,2}.

To better illustrate the implementation and the performance
assessment of the proposed MV-based prediction model and
the alternative ones, herein we summarize the considered
different approaches:

1) Partial view (PV): each Q;(K;; D;) model is trained on

the dataset D;, which includes the values of the Kj;
IFs and the corresponding QoE. This represents the case
where each entity builds its model whose output is Q¢5'.

2) Multi-View (MV): each Q, (Kz;Dg,0f) model is

trained on the dataset D, (including the values of the K,
IFs and the corresponding QoE) and with the support of
the fusion layer output Oy. This is the proposed model
whose output is Q¢

3) Full view (FV): a single QoE model, Q(K; D) is trained

on the dataset D, which includes all the K = U; K; IFs
and the corresponding QoE. This is the case where the
different entities share the data and is introduced here for
comparison purposes (it is very uncommon this happens).

IV. IMPLEMENTATION DETAILS

In Section IV-A, we first present the considered dataset [4],
which includes the subjective QoE of Web sessions influenced
by 9 different IFs. We then based on Fully Connected Deep
Neural Networks (FC-DNN5s) to define the QoE models for the
3 approaches, as described in Section IV-B. Finally, Section
IV-C presents the implementation of the 3 approaches.

A. Dataset

The used dataset [4] comprises quality ratings collected
from 135 users who explicitly rated 3,400 Web browsing
sessions (with diverse page sizes, number of objects, and
loading times) using the ACR scale ranging from 1 (Bad) to 5
(Excellent). The authors of the dataset calculated the Pearson
correlation coefficient (PCC) between the collected features of
the Web sessions and the corresponding QoE scores. Among
all the features, the nine features that achieved the highest
PCC scores (> 0.7) include: (1) the time taken to load the
Document Object Model (DOM), (2) the time taken to load the
last visible image or other multimedia objects (Approximate
Above-The-Fold, AATF), (3) the time taken to trigger the
onLoad event (Page Load Time, PLT), (4-5) two ByteIndex
(BI) metrics, (6-7) two ObjectIndex (OI) metrics, and (8-9)
two Imagelndex (II) metrics. Being these the IFs with the
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Fig. 2. The architecture of FC-DNNI1. The input dataset X is D1 for PV,
Doy for PV5, and D for F'V.

highest PCC score, they have been selected in our analysis to
create the D dataset composed of d = 9 elements, i.e., the
vectors of selected IFs.

We artificially divided D into 2 different datasets (two
views), D1 and D, each including a subset of the 9 IFs, so
that D¢, Dy C D with Dy N Dy = (). The aim is to simulate
datasets of IFs measured by two different entities. d; and ds
are the number of elements of D; and Ds, respectively, so
that dy + dy = d.

B. Neural Networks

We based on FC-DNNs to implement the QoE models for
the 3 approaches because their fully connected layers are adept
at generating a high-order feature representation, which can
be conveniently separated into distinct classes [14]. FC-DNN5s
consist of layers that are fully connected (dense) between each
other, i.e., each neuron in one layer can communicate with
the neurons in the next layer. Hence, FC-DNNs can process
the data by applying a series of matrix multiplications and
non-linear activation functions to learn a complex mapping
between the input features and the target variables.

We implemented 2 FC-DNNs: FC-DNN1 and FC-DNN2.
The first takes as the input an entire dataset X of = features
(QoE IFs) and outputs the predicted QoE score. The FC-
DNNI1, shown in Fig. 2, is composed of 8 hidden dense
layers with 800, 600, 500, 400, 256, 128, 64, and 32 hidden
neural units, respectively, followed by the output layer with 5
output neurons activated by the SoftMax activation function.
Each hidden dense layer of the FC-DNNI1 is activated by the
Rectified Linear Unit (ReLU) activation function with an L2
kernel regularization function (regularization factor set to 0.01)
to prevent over-fitting and a normalization layer.

Thus, we define the FC-DNN1 as composed of:

dpu(.) =nl(ReLU(.)), (6)
Res = SoftMax(dpyg (... (dpuy (dpu, (Input))))),
with nu = [800, 600, 500, 400, 256, 128, 64, 32],
where Input is the input vector of features and Res is
the prediction result from the SoftMax activation function
executed on the recursive application of the function d,,,,(.) for
each neuron unit nu. The normalization layer n/ normalizes

the activation of the neurons across each batch sample.
The normalization layer function is defined as follows:

; ReLU (activations) — mean(ReLU (activations))
nl = .
v/var(ReLU (activations))

)

®)

The FC-DNN2, shown in Fig. 3, is a two-branch NN where
each branch takes one of the datasets D, and D,. Each
input is analysed by 5 hidden dense layers with a different
number of neural units, which are activated by the ReLU
activation function with an L2 kernel regularization function
(regularization factor set to 0.01) to prevent over-fitting and a
normalization layer. The number of neural units of each dense
layer is defined as: nu = [800, 600, 500, 400, 256]. Thus, the
application of the sequential dense layers is defined as:

where Input is the input vector of features, Oy, is the result
of the application of the sequence of dense layers function d
with nu neuron units, and bn = {1, 2} is the branch index.

Then, the Fusion layer takes as the input O; and O that
are fused into a single feature space using a concatenation
function that merges the features along the x-axis. The Fusion
layer implements the following equation:

Oy = dugs(01 ® O2), (10)

where Oy is the output of the application of the dense layer
duasg with 256 neuron units on the concatenation of O and
Os. The Fusion layer output, Oy, has a size of 256 and is
shared back to each last hidden dense layer (nu = 256) of the
two branches. Therefore, each NN branch follows applying a
sequence of d,,, functions with nu = [128, 64, 32] defined as:

LaStObn = dnu3 (dnu2 (dnu1 (Of)))’ (1 1)

where LastOy,, is the result of applying the sequence of dense
layers function d with nu neuron units, and bn = {1, 2} is the
branch index. LastO; and LastOz are the input of an Output
layer composed of a dense layer with 5 neurons activated by
a SoftMax activation function.

Finally, each branch output is defined as follows:

) st — SoftMaz(LastOyy,), (12)

where ngf is the QoE prediction of each branch and bn =
{1,2} is the branch index.

Concerning both the FC-DNNs, the number of hidden layers
and neurons was defined based on the experiments to achieve
the best estimation performance. We set different numbers of
hidden layers and neurons before the fusion layer, but five
hidden layers and 256 neurons for the last hidden dense layer
provided the most accurate information to find patterns within
the two input layers for this particular study. Both the FC-
DNNs were trained using the categorical cross-entropy loss
function and the Adam optimization method, with the patience
value of the early stop function set to 20 and the maximum
number of epochs set to 3000. The datasets were divided with
a 70%/30% splitting rate for the training and validation sets,
respectively, along with the k-fold cross-validation (k = 5).

C. Approaches

We used the dataset described in Section IV-A as the data
source D, which includes d = 9 IFs. We created two different
views of the dataset, D, and D5, each including a subset of
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the 9 IFs. The number of combinations of IFs in subsets D
and D, generated from dataset D of IFs is given by:

d!

Nava = 07

13)

Thus, the number of feature combinations is the following:

e di = 8 and dy = 1: 9 combinations.

e d; = 7 and dy = 2: 36 combinations.
e di = 6 and dy = 3: 84 combinations.
e di =5 and dy = 4: 126 combinations.

The total number of feature combinations is 255.
The 3 approaches were implemented as follows:

1) PV: for PV; the FC-DNN1 was trained with the D,
dataset including d; IFs. For PV, the FC-DNN1 was
trained with the Do dataset including do IFs.

2) MV: the FC-DNN2 was trained with the Dy and D-
datasets, which are the input of the 2 branches.

3) FV: the FC-DNNI1 was trained with the complete dataset
D including all the d = 9 IFs.

To achieve a complete experiment on the entire feature space,
all possible combinations of IFs (features) have been consid-
ered and trained for the PV and MV approaches.

V. RESULTS

In this section, we present the experimental results achieved
with the 3 approaches (FV, PV, and MV) for the validation
phase in terms of mean accuracy, precision, recall, and F1-
score of QoE prediction scores. Table I reports the mean
QoE estimation accuracy of the 3 approaches for different
combinations and sizes of D; and Dy. This means that these
accuracy values are the mean of:

e 5%x9 = 45 values for d; = 8 and dy = 1.
5%x36 = 180 values for d; = 7 and dy = 2.
5x84 = 420 values for d; = 6 and dy = 3.
5x126 = 630 values for d; = 5 and dy = 4.
5x1 =5 values for d = 9.

Each number of combinations is multiplied by 5 as we
computed a 5-fold training/validation process for each combi-
nation. These results show that the FV achieves the greatest ac-
curacy (0.72), i.e., training the single NN (FC-DNN1) with the
entire dataset D achieved the most accurate QoE estimation
performance. However, the proposed MV approach achieves
QoE estimation accuracy results that are slightly lower (0.69
for both MV, and MV, when di = 5 and do = 4) but
comparable with that achieved by FV. In particular, it must
be considered that the MV results are achieved by training
the branches of FC-DNN2 with a subset of features than
the entire dataset. Moreover, no data is exchanged between
the 2 branches, but only information from the NN hidden
dense layers is shared with the Fusion layer, which allows for
the preservation of the privacy of the 2 data owner entities.
The results of Table I also show the enhancement of QoE
estimation accuracy provided by the MV approach compared
with the PV approach, which is most noticeable when a lower
number of features is used to train the NN. For instance,
the mean accuracy achieved by PV, is increased by 0.47,
0.36, 0.24, and 0.12 for MV, when 1, 2, 3, and 4 features
were used to train the NN, respectively. This demonstrates
that the knowledge integration applied by the Fusion layer of
FC-DNN2 enables improved QoE estimation performance.

Table II reports the mean QoE estimation performance of
the MV and PV approaches for the combination of features
that provided the highest mean QoE estimation accuracy, i.e.,
dl = 5and d2 = 4, with D1 = {IFQ, IF‘(;7 IF7, IFs, IFg} and
Dy = {IFy,,IF3,IF,, IFs}. The FV performance was com-
puted on the entire dataset, but we also reported these values
in this table for comparison with PV and MV approaches. The
results show that not only the number of features of the two
datasets D7 and D5 is important, but also their combination,
i.e., how the features are divided between the two datasets
can be relevant, although to a lesser extent than the number
of features for each dataset. With this specific combination of
features for D; and D, the MV approach achieved overall
comparable performance with the FV approach in terms of all



TABLE I
MEAN QOE ESTIMATION ACCURACY OF THE FV, MV, AND PV
APPROACHES FOR DIFFERENT COMBINATIONS AND SIZES OF D1 AND Do.

TABLE III
MEAN QOE ESTIMATION PERFORMANCE OF THE MV AND PV
APPROACHES WHEN dj = 8 AND d2 = 1, WITH
Dy = {IF1,IF27IF3,[F5,IF6,IF7,IF37IF9} AND Doy = {[F4}.

Input features MV; | MV | PV; | PV, FV M-AVG IS THE MACRO AVERAGE AMONG THE 5 ACR SCORES.
di =8,do =1 0.68 0.67 0.69 0.20 -
di=7d;=2| 068 | 068 | 068 | 032 | - ADDE. Metric ACR scores M-AVG
di=6,d2=3 | 068 | 068 | 0.65 | 044 | - pp I [ 2 [ 3] 475
di=5,d,=4 | 069 | 0.69 | 068 | 057 | - Mean Acc. 0.70
d=9 - - - - 0.72 PV; Precision 090 | 0.74 | 0.65 | 0.57 | 0.61 0.69
1 Recall 093 | 0.82 | 0.61 0.52 | 0.61 0.70
F1-Score 0.91 0.78 | 0.63 | 0.54 | 0.61 0.70
TABLE II Mean Acc. 0.20
MEAN QOE ESTIMATION PERFORMANCE OF THE FV, MV, AND PV PVs Precision | 0.04 | 0.02 | 0.10 | 0.13 [ 0.17 0.09
APPROACHES FOR THE BEST COMBINATION OF FEATURES WHEN d; = 5 Recall 0.20 | 0.09 | 0.49 | 0.11 | 0.11 0.20
AND dg = 4, LE., Dy = {IFy, [Fg,[Fy, [Fs, [Fo} AND F1-Score | 0.07 | 0.03 | 0.16 | 0.04 | 0.04 | 0.07
Do = {IF1,IF3,IF;,IF5}. M-AVG IS THE MACRO AVERAGE AMONG Mean Acc. 0.71
THE 5 ACR SCORES. MV, Precision 0.89 | 0.78 | 0.61 | 0.60 | 0.62 0.70
1 Recall 094 | 0.83 | 0.72 | 042 | 0.62 0.71
. ACR scores F1-Score 092 | 0.81 | 0.66 | 0.50 | 0.62 0.70
Appr. | Metric T [ 2 ] 3 [ 45 | M6 Mean Acc. 0.70
Mean Acc. 0.72 MV Precision 0.87 | 0.78 | 0.65 | 0.58 | 0.59 0.69
FV Precision 0.91 0.76 | 0.65 | 0.57 | 0.67 0.71 2 Recall 0.92 | 0.81 0.63 | 047 | 0.66 0.70
Recall 094 | 0.85 | 0.66 | 0.55 | 0.58 0.72 F1-Score 0.89 | 0.79 | 0.64 | 0.51 0.63 0.69
F1-Score 092 | 0.80 | 0.65 | 0.56 | 0.62 0.71
Mean Acc. 0.68
Precision 0.89 | 0.73 | 0.61 0.55 | 0.59 0.67 . . . .
P Recall 089 1078 T 057 T 049 1065 068 even the information provided by a few features (provided
FI-Score | 0.89 | 0.75 | 059 | 052 | 0.62 0.67 by other entities) can be important to achieve an enhanced
Mean Acc. 0.57 collaborative model.
PVs Precision 0.74 | 0.61 0.53 | 044 | 0.51 0.57
Recall 0.80 | 0.62 | 048 | 042 | 0.53 0.57
F1-Score 0.77 | 0.62 | 050 | 043 | 0.52 0.57 V1. CONCLUSION
Mean Acc. 0.71 In this paper, we applied the MV learning approach in
MV P;;ecgl‘l’“ 82; 8‘;? 8‘22 8'21 8'22 S‘Zi QoE collaborative modelling. First, we artificially created two
FiScore 1092 T 078 T 065 T 0356 T 0.64 01 different views of a subjective dataset, which were the input
Mean Acc. 0.70 of the FC-DNN2 implementing the MV learning approach.
MVs Precision | 091 | 0.78 | 0.64 | 0.57 | 0.61 0.70 The MV approach achieved a mean accuracy of 0.69, which is
Recall 0.91 0.83 | 0.63 | 0.50 | 0.65 0.71 . .
Fi-Score T 091 T 080 T 064 T 053 1063 070 comparable to that achieved by the FV approach (0.72), which

metrics. Table II also shows the QoE estimation performance
achieved for the single ACR scores. It can be seen that the
models can better estimate lower ACR scores (i.e., 1 and
2) than medium and higher scores. This could be due to an
unbalanced dataset reason because the medium to high QoE
score values are more frequent and then more difficult to
estimate for the QoE models. Moreover, it can be seen that the
MYV approach enhances QoE estimation performance, making
the different performance of PV; and PV, (PV; achieved
higher performance than PV, because it is trained with one
more feature) become comparable between MV; and MV5,
as well as with F'V.

Finally, Table III reports the mean QoE estimation per-
formance of the MV and PV approaches when d; = 8 and
do = 1, with Dy = {IFy,[F5,[F5,1F5,1Fg,1F7,1Fg, IFy}
and Dy = {IF,}. We have chosen this particular combination
of features because it emphasizes the relevant contribution
provided by the MV in enhancing the QoE estimation perfor-
mance of PV5 trained with the minimum number of features
(just 1), which with MV, becomes performance comparable
with that obtained by PV; (trained with 8 features). These
results suggest that the FC-DNN implemented for the MV
approach can be extended with more than 2 branches because

was implemented by training the FC-DNN1 with the complete
dataset. This result shows that the MV approach achieves
competitive QoE estimation performance despite only a view
of the dataset being used to train the MV, and M V5 models.
This demonstrates that the information provided by the fusion
layer enhances the estimation performance achieved by the
PV; and PV, models, which do not share any information.
Moreover, no feature data is exchanged in the MV approach,
but only information from the NN hidden dense layers, which
allows for the preservation of the privacy of the 2 entities.

Therefore, this opens the application of the MV learning
approach for the creation of novel QoE models based on
the integration of different subjective datasets collected by
different research groups for the same multimedia service.
Future work is needed to further investigate the type of datasets
that can be integrated using the proposed solution, including
the kind of IFs and range of values. Moreover, alternative
data fusion techniques can be considered to enhance the QoE
estimation performance achieved by the proposed MV-based
approach.
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