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Abstract. Multimedia communication in mobile and ad hoc networks
used by real time applications can be improved by adding intelligent and
adaptive cababilities. This new functionality will allow them to adapt to
contantly and unpredictably changing network conditions. Derived from
this adaptivity, the user will perceive a more or less constant quality
instead of the high variable quality perceived in nowadays applications.
In this work, we maintain the following thesis: both machine learning
and intelligent agents will play an important role in the improvement
of the aplications we mentioned above. Machine learning, by means of
reinforcement learning will provide adaptivity. Intelligent agents will ease
P2P computation. This paper focuses on approaches for both topics.

1 Introduction

A mobile ad hoc network (MANET) is a spontaneous association of terminals
equipped with wireless interfaces, which form a network. These networks do not
require any infrastructure and all the network-layer functions need to be dis-
tributed among each of the different nodes. For example, when two distant nodes
need to communicate, intermediate nodes act as relays so that multi-hop paths
can be created. So, ad hoc nodes perform the functions both of host and routers.
These networks are characterized by continuously and unpredictably changing
network conditions, mainly due to the movement of the nodes (which provokes
topology changes), and other issues at the lower layers like fading, collisions, etc.
Traditional real-time multimedia applications are unable to perform well over
these networks, and some adaptive functionalities are required at the applica-
tion layer, to deal with such problems. These new applications called ”adaptive
applications” are challenged with new components to detect the current network
conditions and adapt their internal settings (e.g. audio codecs, video rates, etc.)
accordingly.

The main focus of traditional multimedia applications is the reduction of the
data rate when the network bandwidth becomes scarce, and the increase of the
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data rate whenever more resources become available. Of course, this behaviour
improves the QoS perceived by the user. However, the relation between user-
perceived QoS and the data-rate required to achieve that QoS is not linear. So,
when the network conditions become very bad, a correct change in the internal
application settings, could greatly reduce the data rate, while keeping the QoS
to an acceptable level. The main problem, is that for these applications to do
that, they have to be aware of the user-perception of QoS. This modeling is very
complex because it usually has subjective components which cannot be modeled
analytically.

In this work we propose an hybrid approach for the design of a mechanism in
charge of managing the configuration of a multimeda peer-to-peer application.
This configuration mechanism seeks for the best user satisfaction. The hybridiza-
tion must be understood in terms of the different machine learning techniques
[10] we use. We will first obtain an inductive model, using supervised learn-
ing, to predict the user perceived quality given concrete network conditions and
multimedia application settings. Following, once we are able to score a concrete
situation, we will apply reinforcement learning [12] to learn a strategy to decide
when and how to change application settings, taking into account the score of
the inductive model.

Intelligent agents [14] will be used to ease the control of the P2P multimedia
applications. We also propose in this work the use of FIPA (Foundation for
Intelligent Physical Agents) agents to wrap the elements afore mentioned and to
seamesly integrate them in previously existing multimedia applications.

The rest of the paper is structured as follows: section 2 explains the problem
we are faced to. Section 3 introduced the hybrid approach we have used to obtain
the adaptive mechanism. Following, section 4 briefly presents the agents archi-
tecture we use to integrate the adaptivity in multimedia applications. Finally,
section 5 expose lessons learned in this work and pending tasks.

2 Adaptive multimedia applications

Quality of Service (QoS) as defined in ITU-T recommendation E.800, ITU-E.800
[2] is “the collective effect of service performance, which determines the degree of
satisfaction of a user of a service”. It is characterized by a combination of service
performance factors such as operability, accessibility, retainability and integrity.
Thus, it is clear that the user plays an important role in QoS evaluations.

We will start by introducing the application architecture [4]. Main build-
ing blocks of it appear at figure 1. The main items in this architecture are the
following: (a) multimedia application components like audio, video, slides for a
remote presentation, etc., (b) the QoS signaling mechanism and (c) the adapta-
tion logic. The QoS signaling mechanism is the protocol in charge of sending and
receiving reports describing the network conditions from the other end. When
such a report is received it is passed to the Adaptation Logic as an additional
input. Additionally, the Adaptation Logic is in charge of deciding which set of
parameters is best suited to the current network conditions.



Fig. 1. General adaptive architecture

The most difficult part for the Application Logic is the decision on what
components to adapt, and which setting to change, when the application is
exceeding the available bandwidth. Many adaptive applications to date, just
reduce data rates to use less than the available bandwidth. However, they do
not deal with the main difficulty, which is taking the correct decision while taking
into consideration the subjective user-perception implications about it.

3 Hybrid learning for P2P control

In this section we will introduce the scheme we have designed to perform hybrid
learning. Section 3.1 will introduce the supervised learning part and section 3.2
will present the learning by reinforcement part.

3.1 Supervised learning for user modeling

In order to inductively model the QoS perception of an user, we have to produce
alearning data set. And this has to be compound by examples of situations refer-
ring to a particular network condition and a particular multimedia application
sending to and receiving data from the network. Network conditions have been
reproduced by using a reflector. This is a software tool collocated in the middle
of a dedicated link between two communicating nodes. It will be in charge of
simulating different levels of available bandwidth and estimating packet losses.
The multimedia application used, ISABEL-Lite, is a reduced version of ISABEL
[1] which allows both manual and automatic change of its settings. This settings
must be understood in terms of audio and video codecs. Audio and video codecs
are in charge of capturing, coding, sending, decoding and presenting audio and
video data respectively. More especifically, for the video we can also specify the
size, the number of frames per second sent and a quality factor.

Table 1 summarizes all attributes and the corresponding range of values,
which compound the data set used to model the user. Notice that the last row
refers to the score given by the user.

The data set consists of 864 instances, each one scored by an user. The data
set can be considered to be balanced with the following distribution of examples
by score: 241 (27.8%) examples with score 1, 83 (10.4%) for score 2, 181 (20.9%)
examples with score 3, 233 (26.9%) with 5 and finally, 125 (14.46%) for the
highest score.



Parameter |Values Explanation

BW {33,...,384} Limit of network bandwidth
LOSS 0..100 % loss packets

AUDCOD |PCM, G711-u, G722, GSM|Audio codec

VIDCOD |MJPEG, H.263 Video codec

FSIZE CIF, QCIF, 160x128 Size of video frames
QFVIDEO|5, 10, 15, 30, 60 Quantify factor of video codec
FPS {0,...,12} Frames by second sent

QoS 1,2,3,4,5 User perceived quality

Table 1. Parameters appearing at the example set used for rule induction by SLIPPER

Learning experiments have been performed using SLIPPER, [6]. This algo-
rithm does not directly use the classic search bias of divide an conquer for rule
induction. Instead, it bases its strategy on boosting [7]. It uses a weak learner
(i-e. a very simple rule induction algorithm) which boost by modifying learning
instances probability each iteration to focuse on instances not correctly classified
yet. In fact, we also tested IREP, IREP* [8] and RIPPER [5]. Former algorithms
which do not use boosting and all of them under-performed SLIPPER. We will
consider the possibility of using other kinds of algorithms like, for example, ordi-
nal regreesion ones. This algorithms predict discrete outputs taking into account
a given order between values.

Best classification capacity model we have obtained with SLIPPER appears
at figure 2. Ten fold crossvalidation gave a missclassification error of 10%. It is
compound by 12 rules and an example is classified as pertaining to the first class
(from the upper to the lower class) in which the sum of the confidence values
of matching rules in the class is higher than the corresponding negative value.
Using that model we can approximate user perceived QoS. However, what we
really need is a mechanism to decide, when thing go wrong in the session, what
changes have to be applied to the application settings. For that, we will use
reinforcement learning.

3.2 Reinforcement learning for adaptivity

In this section we will introduce our approach to obtain the adaptivity scheme.
This will be in charge of deciding when and how to change the configuration
of our multimedia application to obtain, in the long term, an optimun user
satisfaction. The decision model we will obtain will be a multi-layer perceptron
[3]. Learning the parameters (i.e. the weights of the arcs in the network) is done
by reinforcement learning [13].

In learning by reinforcement, we make use of an entity called agent [12] which
is situated in the environment. Its situation comes depicted by the environment
particular state at time ¢, let it be denoted with s;. The learner agent can perform
a set of actions in the environment. Each time the agent executes an action a, it
receives a reward from the environment, r. The agent then has to appropiately
choose each action it executes in order to maximice the reward obtained at the
long term. In the context of this particular application, the agent will learn a



if matchConfidence {
[QFVIDEQ >= 60, VIDCOD = MJPEG, FSIZE = QCIF, LOSS <= 10, FPS >= 6] -> 2.8792
[AUDCOD = GSM, BW >= 80, QFVIDEQ >= 30, FSIZE = QCIF, FPS <= 6] -> 1.4357
[AUDCOD = GSM, BW >= 128, LOSS = 0, QFVIDEO >= 30, FPS >= 3, VIDCOD = MJPEG]
-> 1.7013
[1 -> -2.4188
} > 0 then 5 else if matchConfidence {
[BW >= 384, QFVIDEQ >= 40, FSIZE <= 2] -> 2.7121
[QFVIDEQO >= 30, VIDCOD = MJPEG, LOSS <= 3, AUDCOD = G722] -> 1.1756
[FSIZE = CIF, QFVIDEQ >= 30, LOSS <= 3, AUDCOD = G722, BW >= 801 -> 1.4437
[1 -> -1.5044
} > 0 then 4 else if matchConfidence {
[LOSS >= 30] -> 2.1188
[QFVIDEQ <= 5] -> 1.4142
[LOSS >= 16, FPS <= 3] -> 1.5438
[1 -> -1.0984207275826066
} > 0 then 1 else if matchConfidence {
[LOSS >= 16] -> 1.9109
[QFVIDEO <= 10, FSIZE = QCIF] -> 1.5861
[FSIZE = 160X128, QFVIDEQD <= 40,
VIDCOD = H.263] -> 1.2546
[1 -> -0.3953
} > 0 then 2 else 3

Fig. 2. Rule model to estimate user perceived QoS

state-value function, let it be denoted with V™ (s;). This function will be used
to predict the long term reward the agent would obtain if, being at time ¢, it
selects the action given by the policy 7 (i.e. the criteria used to select an action
among all the possible ones). This approach is typically used for prediction but
we will use it for control. In typical control problems, not only the state is taken
into account in the value function but also the actions. This time, the agent has
to learn a good aproximation of a function, let it be denoted with Q™ (s,a) for
the current policy 7 and for all states s and actions a.

Learning is done by iteratively updating the @ function by means of the
following expression:

Q(Saa) « Q(Saa) + OZ[T + ’YQ(SI,G/I) - Q(Saa)]a

where the pair (s',a’) refers to the state s’ to which the environment goes to,
from s when action a is executed and a' is the action executed at state s'.
Constants « and +y are the learning rate and the discount factor, respectively.

In this particular domain, we directly act on the problem. For example, a
possible action could be to set the video codec to MJPEG or either to change
video size to QCIF or even do nothing at all. Inmediate rewards, obtained from
executed actions, will be approximated by using the rules model of figure 2.

The estimator will be learnt by using SARSA, without using the elegibilities
mechanism (i.e. A = 0, see [12], pag. 163). Elegibilities speed up convergence to
a good aproximation of the @ function, however, in previous simulations we did
not perceive any improvement in using that technique.

A world state will be given by concrete network conditions as simulated by
the reflector (i.e. packet losses), and settings of the multimedia application. Con-
sequently, an action will be a change in the state (except by packet losses, which
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Fig. 3. Functional diagram for the adaptive strategy to be learnt by SARSA

would be given by the reflector). It must be noticed that available bandwidth
can not be considered as another dimension of the environment features vector
as this parameter can not be obtained from the real application. It can only be
simulated with the reflector. A functional scheme, in terms of modules inputs
and outputs appears depicted at figure 3.

Again, we have used the ISABEL Light Videophone along with the reflector
to reproduce a real application and network conditions the agent will use to learn
from. The videophone simulates both communication end points. It reproduces,
with no end, a musical clip with a total of 400 video frames which sends to itself
through the reflector. This, in turn, is in charge of simulating the network link
between the end points. Each one of the learning trials or episodes uses the same
bandwidth values changing through time. Bandwidth follows the curve appearing
at figure 4. Notice that the density of different bandwidth values grows while
approximating to values between 256 and 0KB. That is because this range of
values are more sensitive to changes. Depending on the amount of data injected
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Fig. 4. Bandwidth evolution used in SARSA trials

to the network by the videophone and on the reflector simulated bandwidth, the
reflector will generate a concrete packet losses percentage. Both the videophone
and the reflector accept commands from outside through a socket. By openning
telnet connections to the videophone we can configurate application settings. For
example, with the string set (AUDIO: :PCM,VIDEQ: : MJPEG,QCIF,8,5.0) we tell
the videophone to set the audio codec to PCM, the video codec to MJPEG, the



video size to QCIF, the frame rate to 8 and the quality factor to 5. Bandwidth can
be set at the reflector in the same way. We can also read packet losses from the
reflector by using a read command with the same socket. Communication through
sockets is important here because the learning scheme has been developed by
using Java and the reflector and videophone are developed in C++-. The learning
global scheme appears at figure 5.
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Fig. 5. Arquitectura de aprendizaje global con videéfono, reflector y algoritmo SARSA

We have obtained the best results with a multilayer perceptron of 30 hidden
nodes, a reinforcement learning rate of 0.05 and a discount factor of 0.9, being
the learning rate for the neural network of 0.01. Each one of the episodes was
compound by 970 movements (10 actions for each different bandwidth value
appearing at figure 4).

Effective learning progress will be demonstrated by using a number of differ-
ent curves. The first one corresponds to the accumulated r values obtained in
each episode, for all s;1 visited states. It is labeled with (a) at figure 6. Notice
that, from the very begining, it grows until it becomes stable. Another inter-
esting point is shown by (b) curve. It refers to packet losses. In the begining,
it shows a minimun level of packet being lost in the network. This is because
the learner stands at very conservative states (i.e. states using a low bandwidth
and, subsequently, low user scores are obtained). As long as the learning process
evolves, packet losses ratio becomes stable between a 3 and a 5% (an acceptable
value). RMSE decreases, as expected. Regarding the five curves appearing at
graph (d), we can se how that curves which represent low scores (1 and 2 scores)
decrease. Also, the number of actions with good quality increase (i.e. 3 scores)
and the amount of good and very good quality actions increase.



2500 0
AoRumulatve reward evouion durng ials —— Packes osses rate durg ks ——
2500 1 s ]
2400 1 S ]
s ]
{ =
g5 J
¢
24 4
5 ]
1800 4 2 b
1700 4 1 7
1600 o
0 2 E) ) 50 ) 0 10 2 E) ) E) )
Steps Steps
008 600 _
RMSE for the state-valug functon appromator —— T ; Countof T score ctons
Couni o1 2 score acons
; Counio1 3 score actons
oo7 1 i s . . 1Countof 4 scoe actione.
0 : ; ‘£ Colmt of 5 acorg actons -~
008 1
3 ]
005 1 ¢
s
H H
5 oo 9 g 1
H 3
H s
003 102
g ]
o0z J
001 1
B . , . , ,
o 0 20 E) o 50 ) )

Fig. 6. Curve labeled with (a) shows the evolution of accumulated rewards through
episodes. The one labeled with (b) represents the packet losses percentage. The (c)
curve is the evolution of the Rooted Mean Squared Error (RMSE) for the multilayer
perceptron which approximates the estate-valor function. At (d) we have the number
of each different scores obtained during learning



4 P2P Control Implementation with FIPA Agents

In this section we will explain an initial implementation we have developed for the
adaptive control of the videophone. Our long term goal is to built a complete
ambient intelligence [9] system. This concept emphasize the context in which
the user is situated. This context depends on the device through which he is
connected to the system, the physical network, his personal interests (i.e. his
user profile) and available services at the current context. Now, we are working
on the first and second mentioned factors.

If we want to provide an implementation of the adaptive level of the archi-
tecture (see figure 1) based on intelligent agents, we have to revise the QoS basic
signalling mechanism along with the adaption logic (a detailed analysis of the

issue can be found at [11]).

The QoS signalling mechanism provides with information of the network
state to the other end point at the communication channel. A point to point
transport mechanism can be defined in charge of informing the transmitter about
the quality the receiver is obtaining. This QoS can be compound by the packet
losses ratio and the mean jitter. Each one of the QoS signalling packets can be
added a sequence number and the estimated bandwidth. We can express this
kind of packets with XML, like in the following example:

<?xml version="1.0" encoding="UTF-8"7>
<qosreport>
<sequence>34</sequence>
<lostpackets>9.3465</lostpackets>
<delay>0.093</delay>
<preferences></preferences>
<estimatedbw>128000</estimatedbw>
</qosreport>

in which we have included an empty preferences part. Agents simply have to
exchange messages like that, by using a performative to convey them.

To this moment, implementation is being carried out on laptops, by using
videophones coded in C++ and intelligent agents with the JADE platform.

Adaption logic is in charge of deciding when and how to act on application
settings. This functionality is given by the multilayer perceptron that, for each
action, produces an estimate of how good it will be in the long term. The decision
mechanism consists on choosing the action with highest return value. When
an inform message is received with a <qosreport> content, we use the neural
network and apply changes.

5 Conclusions

In this work, we have presented an hybrid approach based on both supervised
and reinforcement learning. This has been used to obtain and adaptation mech-
anism to maintain an acceptable QoS in the context of multimedia applications
like a videophone. We also outlined initial details of the FIPA agents based archi-
tecture to provide a complete ambient intelligence application. Results still can
be improved. A possible improvement is that of using ordinal regression models
instead of classification ones to approximate the quality perceived by the user.



In this way, error estimations would be more precisse as score labels are ordered.
However, and with no doubt, this work suposses a very promising start point
with respect to the role that artificial intelligence will play in the improvement
of ad hoc networks communication. Moreover, another posibility is using simple
regression for the same problem.
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