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Abstract 

Quality of Experience (QoE) is a metric that 
quantifies the quality experienced while using 
a service. This is a subjective metric that is 
crucial for determining the level of satisfaction 
with the quality of services, such as 
multimedia streaming or games. Because of its 
subjective character, QoE is estimated 
accurately by executing complex and 
cumbersome subjective studies, or not as 
accurately by using objective signal distortion 
metrics. In order to get the accuracy of the 
subjective approach and the practicality of the 
objective, we propose a method for estimation 
of QoE based on continuous user feedback 
using Online Learning techniques. This 
method provides for means to build accurate 
prediction models while circumventing the 
requirement for subjective studies. 

1.  Introduction 
Machine Learning (ML) techniques are finding their 
use in many different domains where statistical 
inference is applicable. The work presented in this 
paper focuses on issues of the network management 
domain, more precisely application of ML techniques in 
network management. The network management 
handles tasks such as operation, provisioning and 
administration of networked systems. However, new 
developments in the area have started shifting the focus 
from maintenance of a data transport system to 
optimization of networked services. Typically the key 
network management parameters are the measured 
conditions of the network, such as the bandwidth, 
packet loss, delay and jitter. These parameters are also 
referred to as Quality of Service (QoS) parameters. The 
network management paradigm is the efficient 
management of the QoS resources, so that the services 
on top of the network can execute their data transport 
needs effectively. However, new networked services, 
such as streaming multimedia, video conferencing and 
network games, require more extensive requirements. 
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Focusing only at the QoS parameters for these services 
is not an effective way to manage the network 
(Winkler, 2005). The quality of these services is 
perceived by the users in a subjective manner, and the 
existing techniques do not capture the intricacies of 
human perceived quality.  

The Quality of Experience (QoE) is a metric introduced 
to quantify the perceived quality while using a service. 
This metric is has now become essential in effective 
management of networked services multimedia. The 
most accurate way to estimate the QoE is by executing 
subjective studies. Subjective studies are complex and 
cumbersome process of selecting a representative set of 
participants that give feedback on the perceived quality 
of the service. In addition, the tests need to replicate the 
real-life conditions of the service in order for the data to 
be accurate.  

Due to the complexities associated with subjective 
studies many efforts have focused on developing 
accurate objective methods that can estimate the 
perceived quality. Even though significant progress has 
been done, an objective method that captures all the 
aspects of how the users perceive quality has not been 
developed so far (Siller & Woods, 2003). 

On the other hand, subjective feedback is not only 
available through subjective studies. Different services 
have the means to request quality feedback queries 
from their customers. Some of these services use these 
data to develop satisfaction ratings, which can be used 
for improving the service. In addition to this, advanced 
network monitoring tools have long been developed 
that can accurately acquire information about the QoS 
conditions while the service is running. The presence of 
this information presents a possibility for mapping the 
feedback data with the network QoS data coming from 
the monitoring tools. Successful mapping of the 
network statistics with the subjective feedback can lead 
to QoE estimation strategies. ML techniques are an 
effective tool for inducing prediction models from 
statistically significant data.  

Even if accurate prediction models are induced from 
user feedback data, these models will not remain 
accurate for long. The multimedia streaming 
environment is highly dynamic, new terminals are 
introduced with increased capabilities, new content is 
offered and users preferences change overtime. In order 
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to have an efficient system we would need to 
continuously acquire feedback from the customers and 
apply learning techniques that will induce the models, 
but also adapt them to the changes so they can remain 
accurate. 

Faced with this challenge, we have developed an Online 
Learning method for building QoE prediction models 
from user feedback. Using Online Learning techniques 
we continuously improve the model and adapt it to 
changes in the environment. With this approach we 
circumvented the need for cumbersome subjective 
studies and developed long term solution for predicting 
the QoE for multimedia streaming.  

2.  Estimating QoE 
Due to its importance for evaluation and management 
of multimedia and interactive streaming services, 
measurement of QoE is getting increasing interest. 
Most methods for estimation of QoE rely on purely 
objective measurements.  Their focus is on mapping the 
QoE values to impairments or signal distortion due to 
encoding and/or transport of the content. The 
International Telecommunication Union (ITU) 
standardization process has defined five groups of 
models for estimation of QoE (Takahashi, Hands, & 
Barriac, 2008).  They are as follows: Media layer, 
Packet layer, parametric planning, bit stream and hybrid 
models. The media layer models focus on the media 
content, the losses during encoding and compression 
and the fidelity of the multimedia signal. They represent 
objective metrics where the original signal is compared 
to the compressed one and the amount of differences or 
error is evaluated as loss of quality.  
There are versions which use full reference to compare 
with the original signal but also there are models that 
have restricted or no reference. Common comparison 
methods include Mean Squared Error (MSE) and Peak 
Signal to Noise Ratio (PSNR), which lack the 
understanding of how the content is perceived by the 
viewer or the Human Visual System (HVS), and usually 
deliver lower accuracy (Winkler, 2005). The packet 
layer models focus on the transport quality loss, and 
look at data from packet headers. On the other hand the 
parametric planning models consider network allocation 
of resources. They both have smaller computational 
footprint and are less intrusive than the media layer 
models, but also look at a single perspective of the 
conditions that affect QoE. The bitstream models look 
at the transport errors and other network impairments, 
and try to map them with the loss of quality. These are 
more intrusive than the previous, but share the same 
limitations. There are methods that combine the 
Network Quality of Service (NQoS) with the 
Application Quality of Service (AQoS) (Siller & 
Woods, 2003) towards a more holistic approach that 
improves the accuracy by looking at more than one 
condition of QoE. But they still lack the understanding 
of HVS and even more none of the models can take into 
account the expectations of the viewers. 

Most efforts in this area conclude that Mean Opinion 
Score (MOS) derived from subjective studies is the 

most relevant metric and usually use it as a benchmark. 
The methods motivated from this fact try to directly 
map the MOS to the known AQoS and NQoS 
conditions such as (Agboma & Liotta, 2007) and 
(Agboma & Liotta 2009). Some of them use different 
statistical methods to correlate these parameters with 
the QoE. But these methods need subjective data from 
apriori subjective studies to build the models. What is 
worse, the models cannot adapt to changes neither 
easily nor quickly. ML techniques for estimation of 
QoE were used by (V. Menkovski, A. Oredope, A. 
Liotta, & A. Cuadra Sánchez, 2009). This work 
demonstrated that ML can greatly improve the accuracy 
of the QoS-to-QoE correlation. Hereby we extend that 
method with a novel online learning capability, a 
significantly more versatile, accurate and dynamic 
approach to predict QoE.  

3.  Online Learning QoE Estimation Method 
Continuous acquisition of user feedback provides for 
the ability for accurate understanding of the QoE of a 
service. Correlating this data with the network 
parameters such as QoS and the multimedia application 
parameters (for instance encoding compression, 
resolution and frame rate) allows for induction of 
models that can accurately estimate the QoE.  

In an offline, batch approach supervised learning 
techniques have already been proved successful in 
building accurate prediction models for estimation of 
QoE (Vlado Menkovski, Adetola Oredope, Antonio 
Liotta, & Antonio Cuadra Sánchez, 2009). By using 
supervised learning algorithms like C4.5 (Quinlan, 
2003) or SVM (Platt, 1998) accurate prediction models 
have been built with minimal apriori subjective testing. 
The Online Learning approach allows us to surpass this 
initial step and get meaningful predictions from as little 
as ten feedback datapoints. Furthermore, the continuous 
feedback from the users and the Online Learning 
adaptation of the model gives constantly accurate 
prediction models in a dynamically variable 
environment.  

For this method we used the following Online Learning 
algorithms: Hoeffding Trees, Hoeffding Trees with 
functional nodes, Adaptive Hoeffding Trees with 
functional nodes, Hoeffding Option Trees, Hoeffding 
Option Trees with functional nodes and Adaptive 
Hoeffding Option Trees with functional nodes. We also 
combined these algorithms with ensemble methods that 
are capable of online learning as Oza Bagging and Oza 
Boosting.  

Hoeffding Trees (Domingos & Hulten, 2000) are a 
model that is designed to handle extremely large 
training sets. So large that it is not expected for the 
training data to remain in memory but to be processed 
from a stream in a single pass. The fact that the data is 
processed sequentially or one datapoint at the time 
characterizes this approach as Online Learning. The 
learner in this case has only a partial view of the data; 
this means that the selected attribute for the test in a 
node cannot be made with full confidence for any split 
criteria, but it has to be made with a more relaxed one. 
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The Hoeffding Tree approaches the issue of the number 
of examples needed to make a split decision by relying 
on a statistical result known as Hoeffding bound. We 
make n observations of a random variable r with a 
range R and determine the computed mean of r to be r . 
The Hoeffding bound states with probability 1  that 
the true mean of the variable is r   whereby 
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If we define the attribute selection criterion as ( )G  , 
then 

1 2
( ) ( ) 0G G x G x     assuming that the 1x  

attribute is more favorable (larger information gain) 
than 2x . Now given the desired δ the Hoeffding 
guarantees that 1x is the better selection with 
probability δ if n examples are seen where G   . 

Hoeffding Option Trees are Hoeffding Trees with 
option nodes. Adding option nodes to trees 
generalize the regular decision trees by adding a 
new type of node (Ron Kohavi & Kunz, 1997). 
Option nodes allow several tests instead of a single test 
per node. This effectively means that multiple paths are 
followed below the option node and classification is 
commonly done by a majority-voting scheme of the 
different paths. Option Decision Trees can reduce the 
error rate of Decision Trees by combining multiple 
models and combining predictions while still 
maintaining a single compact classifier. In the 
implementation we used the combination of the 
predictions of different paths is done with weighted 
voting (Bernhard Pfahringer, Geoffrey Holmes, & 
Richard Kirkby, 2007), where the individual probability 
predictions of each class are summed.  
The usual way a decision tree is built is by assigning a 
fixed class to each leaf during the training. This class is 
equal to the class of the majority of the training 
datapoints that reach this node. There is another 
approach where the leaves are not associated with a 
constant class but are functional; they have a simple 
classifier assigned to them trained on the data that falls 
on the leaf. This approach can outperform both a 
standalone decision tree as well as a standalone 
classifier (R. Kohavi, 1996). In further research on 
functional leaves the authors of (Gama, Rocha, & 
Medas, 2003) show that for incremental learning 
models naïve Bayes classifiers used as functional leaves 
improves the accuracy over the majority class approach. 
But this is not a rule of thumb, there are exceptional 
cases shown in (Geoffrey Holmes, Richard Kirkby, & 
Bernhard Pfahringer, 2005), where a standard 
Hoeffding Option Tree will outperform the tree with 
functional nodes. The authors of (Geoffrey Holmes et 
al., 2005) propose an adaptive approach where the 
algorithm adaptively decides to use the functional or 
majority votes approach based on the performance.  

In addition to the standalone classifiers we also used 
ensemble methods that have Online Learning 
capabilities to improve the accuracy and generalization 
performance of the single classifier (Breiman, 1996). 

Bagging is a procedure of bootstrap aggregation where 
one base classifier of the ensemble is trained on the 
whole dataset D and the rest of the classifiers are 
trained on a sub sample of D sampled uniformly with 
replacement. Online bagging (Oza & Russell, 2001) 
modifies this method for streaming data in the 
following manner: each example of data (X,y) is 
presented to a base classifier K times, where K is a 
random variable with Poisson(1) distribution. The 
authors of (Oza & Russell, 2001) claim that the online 
bagging classifier converge to the batch bagging 
classifier given certain conditions and a training set 
where the examples tend to infinity. 

4.  Experimental Setup and Results 
In this section we present an experimental analysis of 
the Online Learning QoE estimation. To showcase the 
performance of the method we simulate subjective user 
feedback sequentially introducing data from subjective 
study and feed it to the online learning algorithm.  

The subjective study was executed in order to measure 
the QoE of mobile multimedia streaming content 
(Agboma & Antonio Liotta, 2007). The study is based 
on the Method of limits (Fechner, Boring, Adler, & 
Howes, 1966) where each viewer is reporting the 
threshold where the QoE changes from acceptable to 
unacceptable.  

Table 1. QoS Conditions for the sequences of the subjective 
study 

  
Segment

Time 
(seconds) 

Video bitrate 
(kbit/s) 

Audio bitrate 
(kbit/s) 

Frame- 
rate 

M
ob

il
e 

1 1-20 384 12.2 25 

2 21-40 303 12.2 25 

3 41-60 243 12.2 20 

4 61-80 194 12.2 15 

5 81-100 128 12.2 12.5 

6 101-120 96 12.2 10 

7 121-140 64 12.2 6 

8 141-160 32 12.2 6 

P
D

A
 

1 1-20 448 32 25 

2 21-40 349 32 25 

3 41-60 285 32 20 

4 61-80 224 32 15 

5 81-100 128 32 10 

6 101-120 96 32 10 

7 121-140 64 32 6 

8 141-160 32 32 6 

L
ap

to
p 

1 1-20 448 32 25 

2 21-40 349 32 25 

3 41-60 285 32 20 

4 61-80 224 32 15 

5 81-100 128 32 10 

6 101-120 96 32 10 

7 121-140 64 32 6 

8 141-160 32 32 6 

The subjective study is done on three devices: a mobile 
phone, pda and a laptop. The devices have different 
screen sizes and they are held in a different manner, 
both factors that affect how the quality is perceived. In 
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addition to this, the users have different expectations of 
the performance on each of the devices. On Table 1 we 
are presenting the different QoS parameters of the 
streaming content. The content is split in 20 seconds 
long segments with decreasing quality. From the study 
results we have created a dataset which is presented in a 
subset in Table 2.   

Table 2. Sample set of the subjective study results 

Terminal 
Video 

SI 
Video 

TI 

Video 
Bitrate 
(kb/s) 

Video 
Frame-

rate 
QoE 

Accept 
mobile 70 141 64 6 no 
mobile 60 153 128 12.5 yes 

pda 71 125 128 10 yes 
laptop 67 70 32 10 no 

pda 62 100 285 20 yes 
laptop 67 70 32 10 no 
laptop 23 130 363 25 yes 
mobile 21 187 32 6 no 

We then generate datapoints for each measurement of 
the QoS and the answer for the QoE (yes or no). The 
datapoints are then randomized and presented to the 
online learning system.  

For an Online Learning System we used the Massive 
Online Analysis (MOA) (Bifet, G. Holmes, B. 
Pfahringer, R. Kirkby, & Gavaldà, 2009) ML platform 
for data stream mining which has implementations of 
Hoeffing Tree, Hoeffding Option Tees and Oza 
Bagging and Oza Boosting algorithm. 

MOA is based on the WEKA (Witten & Frank, 2005) 
ML data mining platform and it is optimized for fast 
stream mining, which implies a lot of online data 
passing through the classifier. In our case the viewer 
feedback is considered scarce and expensive, so we can 
only expect small amount of it. In light of this 
difference we have modified some of the parameters of 
the algorithms to serve our purpose, mainly the nmin 
grace period from 200 (default value) to 1. We cannot 
afford to wait for 200 datapoint until we start building 
the decision tree.  

More work was needed in the validation of the models. 
Since in MOA there is the assumption of abundance of 
data the estimation of the accuracy of the prediction 
models and their accuracy is done by interleaving 
testing and training. In this way there is part of the data 
is dedicated for testing, and this data is not used for 
training the models. So the accuracy of these models 
could be lower in cases of small amount of data. 
Standard approach for validation in situations with 
scarce data is cross validation (Ron Kohavi, 1995).  

We implemented a ten-fold cross validation scheme to 
calculate the accuracy of the classifier which splits the 
data into 90% for training and 10% for testing; then it 
repeats this process ten times. Each time different 
combination of datapoints is used for training and 
testing. We also implemented a validation scheme for 
testing concept drift where the classifier is trained on 
one dataset and then at a certain point a new dataset is 
introduced. The second dataset can contain different 

distribution of the data. At the moment when the new 
data is introduced the model is not aware of the change 
and predicts based on knowledge from the previous 
data; then new feedback is introduced from the second 
dataset. With this setup we can monitor introducing 
new concepts in the dataset and how fast the model will 
adapt, incorporating this knowledge.  

5.  Experimental results and analysis 
The results of the execution of the Online Learning 
using the Hoeffding Tree algorithm, Hoeffding Tree 
with Naïve Bayes (NB) functional leaves and Hoeffding 
Tree with NB leaves and Adaptive approach are shown 
in Figure 1. 

 

Figure 1. Hoeffding Tree Results 

The accuracy of the classifiers with NB functional 
nodes is evidently better than the simple Hoeffding 
Tree. The adaptive approach provides for faster 
convergence to the maximum accuracy than the 
standard approach. The classification accuracy  for the 
Hoeffding Tree with NB leaves and adaptive approach, 
rises fast to over 80% accuracy with fewer than 100 
datapoints, i.e. user-generated feedback instances. After 
around 1000 datapoints the classifiers converges to its 
accuracy of approximately 90%. In Figure 2 we can see 
the performance of the same triple of algorithms but 
now with the Option Tree capability. We can observe 
the same performance variation between the tree 
without NB leaves, with and with adaptive capability. 
Again the best performance is of Hoeffding Option 
Tree with NB leaves and adaptive approach 
(HOTNBAdaptive). 

 

Figure 2. Hoeffding Option Tree Results 
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Figure 3 compares directly the performance of 
Hoeffding Trees NB Adaptive with HOTNBAdaptive. 
We can also observe an overlay of the standard 
deviation over the folds of the cross-validation in the 
second vertical axis of Figure 3. 

The overlay comparison shows that the Tree Option 
capability gives faster convergence to the maximum 
accuracy, and with lower standard deviation, as new 
datapoints are introduced. 

 

Figure 3. Hoeffding Tree NBAdative vs. Hoeffding Option 
Tree NB Adaptive results 

Figure 4 represents a comparison of the best standalone 
classfier HOTNBAdaptive with an OzaBagging 
ensemble of 10 HOTNBAdaptive classifiers. We can 
observe that the bagging ensemble has even higher 
speed of confergence as well as slightly higher 
maximum accuracy than the standalone classifier. In 
addition the standard deviation is significantly lower in 
the case of the ensemble over all of the introduced data.  

 

Figure 4. OzaBagging with HOTNB Adaptive as baseclassifer 
accuracy 

Overall, we have presented results that show that we 
can already achieve an accuracy of over 80% by 
learning only 100 datapoints which are randomly 
selected feedback. 

In Figure 5 we present the results from testing with 
concept drift. We split the dataset in two smaller ones. 

The first dataset contains only video with Temporal 
Information smaller than 110 which is around 60% 
(2010 out of 3370) of the data. The second set contains 
the remaining 40% of data. 

The result from using the Hoeffding Option Tree 
algorithm shows drop in the accuracy and increases in 
the standard deviation at the moment the new dataset is 
introduced. The accuracy is regained very fast and 
converges above 90% in fewer than 200 datapoints. 

 

Figure 5. Hoeffding Option Tree with concept drift results 

This is a very encouraging result that shows the 
capabilities of this algorithm to adapt to changes. In this 
experiment the model was trained on content with small 
TI (slow changing content) and then we introduced high 
changing content. Even with rather drastic change like 
this the accuracy recovered very fast. 

 

Figure 6. OzaBagging Hoeffding Option Tree with concept 
drift results 

On the other hand the results in Figure 6 from the Oza 
Bagging Hoeffding Option Tree ensemble show that 
this algorithm is much more robust to changes and deals 
with the concept drift with close to none loss in 
accuracy and limited rise in the standard deviation. This 
result is even more impressive and shows the 
robustness of the ensemble approach and justifies the 
added complexity in using an ensemble versus a 
standalone classifier. 
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6.  Conclusion 
We have presented an application of ML algorithms in 
the domain of network services management. More 
specifically our method shows the usefulness of using 
Online Learning techniques for estimation of QoE in 
streaming multimedia. This methodology proposes a 
solution that circumvents the need for complex and 
expensive apriori subjective studies. We also 
demonstrated that we can preserve of the accuracy of 
the estimations throughout changes in the environment. 
We implemented this approach in an experimental setup 
with different setups of the Hoeffding Tree Online 
Learning algorithm. The OzaBagging ensemble with 
Hoeffding Option Tree NB Adaptive as a base classifier 
achieved the best results both in overall accuracy and 
variation of accuracy during concept drift. The results 
from the experiment with subjective data show that this 
methodology is applicable for an efficient QoE 
estimation platform. 
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