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Artificial Intelligence and the Natural Selection:
Decision Trees and the Network Forest

S. Solomon, E. Shir and S. Kirkpatrick

Hebrew University of Jerusalem
sorin@cc.huji.ac.il, eranf@cogniview.com, kirk@cs.huji.ac.il

Abstract

We present the Internet (and the overlying Web) as a complex system with several layers of emergence. We
suggest the various ways in which one can deduce the increasing levels of complexity and (self-)organization
one from the other. An effort is made to give enough technical detail to make our approach plausible. Yet the
emphasis is on the challenges that the web poses in principle to our understanding. The connection with some
previous studies of similar (but simpler) emergent complex systems is made.

1. The Identity Crisis of the Single
Computer

When Turing defined the conceptual framework for
information processing machines he limited their scope
to the context of rational, deterministic, closed systems.
For a long while the computer engineers and computer
scientists were proud of the absolute conceptual and
practical control that they had on their algorithms and
machines. Even when randomness appeared it was
under well defined rules that still allowed rigorous
proofs and rigorous control. Most of the project
managers spent most of the time to eliminate any
possibility that the system would do something else
than what explicitly prescribed by the user
specifications.

As long as the main requests of the society from the
computing machines were just to compute, this perfect
order, predictability, reproducibility and their closed
self-contained nature constituted the very backbone of
the product integrity. However, at some stage,
computers became so useful, cheap, powerful and
versatile that the customers required their massive
integration in real life situations. Upon throwing the
computers into the real life one opened a Pandora box
full of surprises:

- computers proved to be inexplicably poor in tasks that
the Al pioneers have (recurrently!) predicted to be
quite at hand:

Example : Turing stated more then 50 years ago the
famous Turing test: a woman communicates in writing
with a computer and respectively with another woman.
The objective of the computer is to mascarade as a
woman. Turing's hope was (Turing 1950):

. in about fifty years’ time ... interrogator will not
have more than 70 percent chance of making the right
identification... ™

Obviously the prediction is far from being fulfilled at
the present time.

- humans either, turned out to be not-so-good at being
... humans.

Example: Men fail in proportion of 80% the above
Turing test. Therefore a computer which would
succeed 70% as predicted by Turing, would be in fact
super-human (or at least super-man) (Adam and
Solomon 2003).

- computers could do better then people, task that
humans have claimed to themselves as intrinsically and
exclusively human.

Example: By mimicking on computer the common
structural elements of past successful ideas one was
able to construct idea generating algorithms. “The
computer generated ideas were ranked (by humans)
higher than ideas generated by (other) humans
(Goldenberg et al 1999).

- computers turned out to do the same tasks that human
do in very different ways.

Example: By analyzing mathematically
psychophysical observations one was able to infer the
approximate, quick-fix ad-hoc algorithms that the
visual system uses to reconstruct from 2 D image
sequences the 3 D shapes. They are totally different
from the ideal mathematically rigorous 3D
reconstruction algorithms. In fact using this knowledge
one was able to predict specific visual illusions (that
were  dramatically confirmed by  subsequent
experiments) (Rubin et al 1995),



2. The Social life of computers

Beyond the surprises in the behavior of the individual
computers, much more far-reaching surprises lurked
from another corner: already 30 vyears ago, Physics
Nobel Prize laureate Phil Anderson (1972) wrote a
short note called "More is Different”. The main point
was to call attention to the limitations of thinking about
a collection of many similar objects in terms of some
“representative individual” endowed with the sum, or
average of their individual properties. This “mean
field” / continuum / linear way of thinking seems to fail
in certain crucial instances. In fact there are exactly
those instances that emerge as the conceptual gaps
between wvarious disciplines. Indeed, the great
conceptual jumps separating the various sciences and
the accompanying mysteries connected to the nature of
life, intelligence, culture arise exactly when "More ls
Different”. It is there that life emerges from chemuistry,
chemistry from physics, conscience from life, social
conscience/ organization from individual conscience
etc.

The physical, biological and social domains are full of
higher functions that emerge spontaneously from the
interactions between simpler elements. The planetary
computers infrastructure has acquired a large number
of elements by now. It is therefore not unexpected that
this bunch of man-made artifacts would develop a
mind of itself. In fact we do perceive now days that the
very basic rules under which computers were supposed
to function are being affected. Are we facing a "More is
Different” boundary? It might be too early to decide,
but let us make a list of the ways the rules of the game
have changed:

-Instead of being closed systems, the computers came
to be exposed to a rapidly changing environment: not
just some environment dynamics, but a continuous
change in the very rules that govern the environment
behavior.

-Some of the environment consists of other computers,
so the potential infinite endogenous loop of adaptation,
self-reaction and competition is sparkled.

-Instead of a deterministic dynamics, the system is
submitted to noise sources (Shnerb et al. 2001) that do
not even fulfill the right conditions to allow rigorous
proofs (e.g. in many of the cases, far from being
"normal” the noise probability distribution doesn't even
have a finite standard deviation).

-Instead of worrying about the integrity of one project
at a time, one has to face the problems related with the
evolution in parallel of many interacting but
independently owned projects, carried out by different
teams.

-Instead of being clustered in a well-defined, protected,
fixed location (at fixed temperature :-), the computers
started to be placed in various un-coordinated locations
and lately, some of them mounted on moving
platforms.

-Instead of a single boss that decided which projects go
ahead, with what objectives and with what resources,
the present environment is driven by the collective
behavior of masses of users whose iIndividual
motivations, interests and resources are heterogeneous
and unknown. Unfortunately psychology was never one
of the strengths of the computer people...

In conclusion the main change to which we are called
to respond is the passage of computer engineering from
deterministic, up-to-down designed and controlled
systems to stochastic, self-organizing systems resulting
from the independent (but interacting) actions of a
very-large number of agents.

Main conceptual shifts related to this:

- The fast evolution of rules /players behavior make
classical Al and game theory tools inapplicable =>
Relying on adaptive co-evolution becomes preferable
(even though in general there are no absolute
mathematically rigorous success guarantees).

- Instead of well defined asymptotic states obtainable
by logical trees etc., the pattern selection depends on
spatio-temporal self-organization, frozen accidents, and
a Nash equilibrium might not exists or be unreachable
in finite time.

- inhomogeneity and lack of self-averaging (Solomon
2001) make usual statistics in terms of averages and
standard deviations unpractical: resulting (Pareto-Zipf
power) distributions (Levy and Solomon 1996) might
not have strictly speaking an average (and in any case
not close to the median) and neither finite standard
deviation.

- systems display phase transitions: dramatic global
system changes triggered by small parameter changes.

The situation seems really hopeless. But a ray of light
appears:



In their encounters with the real world, CS people
encountered occasionally quite accomplished (and
sometimes attractive) entities which were not designed
(let alone rationally) by anybody.

So may be there is another way to create things beside
constructing an exhaustive logical tree that prescribes
in detail the system action in each given situation.

For lack of another name one could call it "natural
evolution”.

There is long list of large prices to pay by giving up the
"old way": the system might not fulfill well defined
user specifications, might not be fault free and might
not be predictable, etc etc

3. Terrestrial Intelligence Search

Almost everybody heard of SETI@Home.

SETl@Home is a project aimed to use the spare CPU
power of computers all over the world in order to
analyze the enormous amounts of data constantly
aggregated from radio telescopes and search for
evidences of extraterrestrial messages. This project,
initiated after the funding for dedicated computer
power to the project has dried out, has become a huge
success and is now considered to be one of the
strongest super-computers ever created.

SETl@Home essence is to get a hold of as much as
possible CPU power, and their architecture is a
client/server one (the client gets a packet of data to
analyze from the server and send the results back to the
server. However there is no interaction between peers,
no  collaborative effort. The SETli@Home
phenomenon shows that the psychology and social
behavior of the Internet citizens it is sometimes a more
stable and on-going force than the usual internet
evolution rules.

GOOGLE and AKAMAI are essential for access and
use of global information networks in today network.
GOOGLE attempts to find anything that is currently on
the Web. AKAMAI pushes information as close as is
justified to its consumers to ensure good performance.

Both GOOGLE and AKAMALI are highly centralized,
or depend upon specially selected server complexes
which are themselves centrally planned, deploved, and
managed. The ultimate goal must be the emergence of
fully distributed, invisibly- or self-managed facilities
which take full advantage of a storage, computation,
and communication hierarchy that spans the range from
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central, physically secure services enjoying ultra high
bandwidth to the incredible capacity that will exist out
at the edges of the network, with intermittent, lower
bandwidths and a division of labor between personal
and community activities.

GNUTELLA is a first attempt at opening up
information sharing and access in a purely peer to peer
structure.  Overlay networks are the mechamsm by
which such new functions are brought into use in the
previously  existing networks. GNUTELLA
exemplifies the new situation in which the CS problem
becomes intimately intertwined with the social and
psychology problems: the wvarious social groups
connected to GNUTELLA or clustered around various
(We)blogs could not exist without the internet medium,
but on the other hand have an independent dynamics
and influence back on the present usage and future
development of the web. The Web develops collective
clusters that have their own emergent identity, interests,
adaptive behavior, tastes: in short- a mind of
themselves.

Could it be that GNUTELLA and its grand-children
may pass the SETI intelligence tests?

Could it be that upon appropriate study and using
enough empathy, we could recognize the Web as an
entity on its own that fully deserves the label terrestrial
intelligence?

If you jump to say no, recall that less then 100 years
ago, entire nations and races denied human status to
their peers belonging to other races / nations.

In order to understand the planetary computer
infrastructure and the way it may develop in the future
we have to first realize that we are still at the stage at
which

we do not know even the basic facts about the
internet !

Sure, we know - or can find out readily - everything
about every single element of the system but does the
knowledge of all the electric currents in your TV
teaches you anything about the currently running TV
program?

4. The Problems with Studying the
Internet

This basic knowledge on the Internet can be achieved
only by enhancing very dramatically the scope and



precision the measurements of the network topology
and traffic. Moreover, one needs good measurements of
the short and long time-scale changes of these network
characteristics.

Only on the basis of this experimental knowledge one
will be able to

- develop and validate relevant models,

- test ideas on current networks and

- extrapolate potential architectures, protocols and
control strategies for the future.

- search for cognitive emergent functions.

Internet

There are crucial difficulties related to

studies:

- The lack of knowledge of the details of the network
(and the lack of knowledge of which details are
relevant vs. the negligible ones).

- Centrally measuring the Internet’s topology is an
impossible task because of "hidden connections"
(basically, a node A can acquire by measurement
knowledge on links leading from A to some other
nodes B, C... , but, in general, not on links between B
and C).

- The impossibility to represent the entire network in
one machine:

Creating in a lab a relevant, truthful simulation of
either today's or tomorrow's Internet is an impossible
task due mainly to the following problems :

A. Consistency - It is impossible to create artificially a
replica of the Intermnet, since the growth of the Internet
is an extremely collaborative, distributive and complex
process, which in itself changes rapidly.

Currently there are two approaches which are used in
creating models of the Internet.

- The first and most popular approach is to "grow" an
artificial Internet using a heuristic algorithm which
aims to capture certain global characteristics of the
Internet such as a scale free structure of the graph
topology .Such an approach is less than sufficient since
we still lack full understanding of the topological
nature of the Internet, the current understanding is in
fact misleading in some important aspects .

- Another potential approach is to use the results of a
central topology measurement project and create a
model of the real Internet. Again, what is now widely
accepted is that extracting the Internet structure using a
central or semi-central experiment architecture has
significant drawbacks, and the model created deviates
substantially from reality. In any case, while a rough,
still ,boolean picture of the topology may be taken, it is
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obvious that the message dynamics cannot be
mimicked centrally.

B. Scale - Creating a large enough model becomes a
resource issue when building it on a machine, or even a
cluster of machines. It becomes impossible and
uneconomical from a certain scale. Thus most
researchers compromise and test their ideas on a less
than adequate simulation model. This approach is
clearly in the danger of missing the essential "More is
Different" effect.

C. Adaptability - As the Internet evolves, so should its
model. However, understanding explicitly each
meaningful change and implementing it into the model
may become a Sisyphean task .

D. Unknown parameters : connections bandwidths ,
switches speed stacks capacity and software parameters
of each relay.

5. The
Internet

solution: The Introspective

THE IDEA

The idea is having the Net measure itself, simulate
itself and foretell its own future.

Instead of using a single machine to study the Internet
one will use (potentially) all the machines on the
Internet

The study of the Internet gives us a first opportunity to
use the object of study itself, as the simulation platform

It is told on one emperor of China, that he had asked
his consuls to create for him a detailed map of his vast
kingdom, '
After numerous attempts that did not satisfy his desire
for details and accuracy, eventually the consuls took
the emperor to the most accurate model of all, real

China which lies behind the walls

This story is often told to stress the fact that every
model is a simplification of the object it aims to model.
However, our claim is that by using the Internet itself
as its model, we will be able to bridge this gap between
the real object and its model.



THE METHOD

We propose to use the Imternet as the main
infrastructure that will simulate itself and its future
generations:

recruit millions of nodes spread over the entiré Net
that:

- Perform local measurements of their Internet
neighborhood

- Participate as message routing/processing elements in
collective Internet experiments

One can hope to harness into the task hundreds of
thousands and even millions of users and nodes in all
hierarchy levels, that will contribute some of their CPU
power, Internet bandwidth, and most importantly, their
topological/ geographical whereabouts on the net, to
the effort of monitoring and studying current days
Internet on the one hand, and simulate and study its
future on the other,

Our goal is to create the largest computer simulator
ever, one that will be many scales larger than the
second largest one. But this simulator will not merely
be a very large one. It will also be extra-ordinary since
each of its elements will be unique:

each of the elements will bring not only generic
resources such as cycles ,memory or bandwidth, it will
be also a true representative of its local net
neighborhood. For that matter, it will create a strong
connection between the simulator and its object of
simulation, i.e. reality .

The Tool: DIMES
{ Distributed Internet
Simulation)

MEasurement and

We propose the creation a distributed platform that will
enable:

- Global scale measurement of Internet graph structure,
packet traffic statistics, demography

- Simulation of Internet behavior under different
conditions.

- Simulation of the Internet future.

We propose creating a research infrastructure to
which programmable experiment nodes could be added
spontaneously. Using this layer, large scale statistics
aggregation efforts will be conducted. We will conduct
simulations that will study both:

- the reaction of the current Internet to various irregular
situations and

- the usability of concrete new ideas, algorithms and
even net physical growth schemes.

Building the research infrastructure itself is a
worthwhile and important project, since it will take the
already known and established success of distributed
computing projects such as SETI@Home to a new
level, namely, collaborative computing. Whereas
distributed computing distributes small pieces of work
among many machines which interact only with the
central "Work Manager”, collaborative computing
also enables interaction algorithms between the
machines. On this collaborative computing platform,
collaborative algorithms can be studied and complex
phenomena such as the emergence of global behavior
from local interaction can be exhibited in the most
realistic manner .

DIMES Set Up

The backbone of DIMES@Home will be the
distributed network of copies of the basic (recursive)
software agent. These software agents will form a
virtual Internet layer that will sit on top of the physical
Internet .

Similarly to the real nodes of the Internet graph, i.e.
routers, the basic agents will have virtual routing
capabilities, which will enable them to forward
messages on the virtual layer.

Another important feature of the basic agent will be
that it will have the ability to simulate inside it other
instances of itself . This will enable us to integrate
seamlessly between large agents that simulate and
represent large internet neighborhoods and reside on
strong machines and thin agents which simulate a
single node and reside on a home pc on the bottom of
the process priority list .

The agent will be spread in the world using a multi
layer marketing strategy:

- We will address home users by providing them with
both concrete benefits (such as visualization of their
Internet neighborhood, troubleshooting capabilities of
Internet problems) and psychological ones (such as
competition, community and a larger than life goal) .

- We will also address 1SPs and Internet infrastructure
providers, as well technology vendors, by providing
them with concrete advantages that only such a
research project can provide .

Let us now get into greater details of what we aim to
achieve.



6. DIMES@Home: the Distributed
Internet MEasurement and Simulation
project

DIMES@Home as a research support infrastructure
will allow simulation and testing of ideas on;

- Internet graph growth and traffic patteming by
technology and society (find optimal physical resource
allocation policies: Where is the best place on my
network to put another router?).

- The robustness and flexibility of the Internet under
anomalous conditions, such as congestion waves, K-
core connectivity loss and catastrophes and under
alternative hardware / routing policies.

- Predict the impact of new emergent phenomena on
the entire Internet. For example, if DIMES existed few
years ago, we would be able to study flooding effects
of first generation peer-to-peer protocols much before
they have become a substantial issue which consumes
large portions of the Internet bandwidth .

- Provide the Large Scale Networks research
community with a universal ,ubiguitous experimental
platform

These goals are related to a long list of concrete
research questions. These research questions are
divided to two main groups .

The first group are the research questions concerned
with the optimal build up of a large scale collaborative
computing and networking system. These gquestions
will push the edge of current knowledge and
technological skills in issues such as GRID computing
and peer-to-peer protocols, as it will be the first attempt
to create a complex system of these proportions. Issues
such as autonomous computing and emergent
hierarchies will have to be addressed and studied in
new levels.

The second group of questions are research questions
which focus on the attributes and abilities of the
Internet of today, as well as on the potential directions
it will take tomorrow. Issues such as dynamic routing,
market inspired mechanism ,optimization in stochastic
environments and multicast will be the focus of much
study .

7. The Internet as a complex emergent
System

If we would be in the situation of studying the human
intelligence, one way to organize our efforts would be
along an axis starting at the most physical / "hardware"
aspects and ending at the most "soft", "humanistic"
ones. Thus this study would fall within 3 different
disciplines:

1. biophysics: studying neurons and their interactions
network.

2. psychophysics: studying perception and information
Processing.

3. psychology: studying cognitive and motivational
processes.

The table below attempts to display the planned study
of the internet by DIMES@Home along similar
principles. The three rows of the table (labeled 1., 2.,
3.) capture the three levels at which one can
characterize the Internet:

1. physical,
2. information flow and
3. emergent / cognitive.

In other words,

1. The lowest row studies the topology of the internet
connections and packet dynamics and the consequences
thereof for robustness and traffic.

2. The next layer (row) studies the links created by
overlay networking and the information flow.

3. The highest layer concerns the emergent institutions
connecting people / sites in information, business and
social communities.

The horizontal axis represents time: present (column
A) , future (column C) and in-between (column B).
Each of these three columns relies on a different aspect
supported by the DIMES@Home  platform
(measurements, simulation and theory respectively -
see the bottom of the table):

A. The study of the Internet present relies mainly on
observations / measurements.

C. The study of the Internet future relies on /
simulation / design.

B. The gap between present and future is bridged by
new ideas, theoretical concepts and new technology.



TIME - A.

Conceptual Internet Now
Layers |
V Observatory .

Content based
relationships
Cognitive /
Social Layer
Space- Time
Web dynamics
Self-Organization of Communities

GRID and
Information Layer peer-to-peer,

Overlay networking Information
transmission

measurements

Web dynamics

Find hidden net
elements
and connections

Hardware
Infrastructure Layer

communication lines

packets and Packets Traffic
routers Spatio-Temporal
Fluctuations

Mesurements

Complex Institutions
from local interactions

Market mechanisms

Autocatalytic Agents;

Self-Regulated growth

DIMES@Home Platform

Analvtical tools
Emergent Collective

Local protocols

Small Worlds

K-core Percolation

Theory

B. C.

Future Internet

MNew ldeas:

Mock-uy

Collective Objects,
Their Personality,
Interests, Strategies

Entities

Emergence of

Predict emergence /
success / failure of
social / technological
Web waves

Information flow Study / Simulate
distributed control Statistical stability

and guarantees?

Can trust
Self-healing be distributed?

Hardware Evolution:
Mobile nodes,
ad-hoc connectivity
etc.

Simulate reliability and
traffic changes upon
hardware /protocol
modifications

Power Laws,

Simulation

Table 1 Levels of the study of the present and future of the Internet

Let us describe in more detail the table contents:

Row 1. Hardware Infrastructure layer (closest to
the Dimes@Home foundation) represents the most
basic study of the internet physical infrastructure
and packets dynamics.

l.A Present [nternet (physical) infrastructure topology
and dynamics:
- discover and measure inter-country and local links not
previously observable, along with information on the
rate of change of these characteristics
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- measure with high precision the packets dynamics
and its spatio-temporal fluctuations. Characterize
spatial as well as temporal extent of bottlenecks and
delays.

1.B. Theoretical ideas for describing Internet
infrastructure evolution:

- relation between topology and dynamics (Ben-Av and
Solomon 1990); scaling and critical slowing down
(Solomon 1995).



- biologically inspired network growth (Hershberg et.
al 2001) mechanisms: autocatalytic agents (Louzoun et
al. 2001), self regulation (Levy et al 1996) , Lotka-
Volterra systems (Solomon and Richmond 2001).

- small world, power laws (Blank and Solomon 2000) ,
other global topological features (Weisbuch and
Solomon 2002).

- link and K-core percolation (Shalit et al 2003) ;
multigrid (Stenhill et al 1994) and cluster (Perski et al
1996).

1.C The Future of the Internet infrastructure geometry
/ functionality:

- guess the future voluntary / emergent trends: mobile
nodes, ad-hoc nets, active nets, novel routing patterns
and distributed resource allocation.

- stochastic networks dynamics (Adi et al 1994).

- finding solutions for systematic, recurrent failure of
elements (without replacing them) (Kirkpatrick).

- simulate the effect of changes on net reliability,
prompt résponse etc.

- Clusters (Ben-Av et al. 1992) and Multigrid /
Multiscale dynamics (Evertz et al 1991).

Row 2. Information Layer is expected to teach us
where in the web the information is / should be
generated, localized, processed, and transmitted.

2.A The present Web (overlay networks) dynamics:

- emergence and evolution of peer-to-peer networks
including their cooperative mechanisms for information
storage, retrieval, processing and transmission.

- a question analog to the brain anatomy-physiology
problem (Rubin et al. 1995b, Adi-Japha et al. 1998) is
finding the relation between web geometry, micro-
dynamics on one side vs. informational relevance on
the other: what are the most relevant nodes/ links? the
ones with the most connectivity, traffic?

- what are the evolutionary pressures put on the Web
by that this geometry - functionality connection?
Frustrated systems , spin glasses and cluster algorithms
(Persky and Solomon 1996).

2.B The theoretical studies of the Web:
- One should be able to produce distributed / local
protocols for information transmission (Goldenberg et
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al 2000} with a certain level of adaptive / self- healing
features and reasonable security (Weisbuch and
Solomon 2000).

- Characterize the stability of overlay network local
protocols in terms of their typical case in the statistical
mechanics style (Solomon and Levy 2003) is quite
different then worst-case analysis that dominated the
mostly Game Theory-based treatments until now (when
sitting in the corner of a room, there exists the danger
that all the air molecules in the room will
spontaneously cluster in an other comner. There are no
documented cases of this worst case actually taking
place).

- It is important to establish to which degree departures
from the (stochastically) stable regime are restored
(Persky et al 1995).

2.C The future of the Web:

- The simulation approach (Solomon 1995) will permit
testing the success of distributed control algorithms,
which manage typical behavior, and distributed trust,
privacy, and other socially valuable “qualities™ of
service, whose underlying graph theories are far more
complex. The success of heuristic strategies for
forming peer-to-peer networks and services which
accomplish both economical communications and local
data provisioning can only be tested by this sort of
simulation.

- The practical application of such analyses to security
issues will result in optimal "immunization"/"security”
policies consistent with the "openness"/"information
freedom” that peer-to-peer networks need.

Row 3. Social / Cognitive Layer studies higher
emergent web faculties:

3.A. Present collective features:

- On top of the peer-to-peer content based connections
(Row 2), collective self-organizing communities
appear quite spontaneously. As in the case of other
spontaneous condensation phenomena, the exact place
and time at which the percolation transition ( Weisbuch
et al 2000) takes place may be unpredictable. Yet one
can try to measure first experimentally the space-time
evolution of these communities and then get increasing
understanding and control of their dynamics (3.B.).

- One would hope to characterize in terms of these
collective emergent phenomena (Solomon et al 2000)
the present connections within and between
communities (possibly using the links within Web
content clusters provided by today’s search engines).



- Dynamics of Networks of Concepts and the
emergence of meaning (Stolov et al. 2001).

3.B. Theoretical Ideas on Web emergent features:

- One should explore the potential of market
mechanisms (Levy et al. 1994, 1996, 2000) to design
and manage the web-communities "social" |/
“resources” needs. This is a very open field at present.
Both proofs (3.B.) of desirable characteristics and
simulations (3.C.) of market behaviors (Solomon 1999)
would be useful.

- The application of simple agent-oriented models to
complex collective phenomena has already certain
predictive successes (Louzoun et al 2000, Muchnik
2003).

- The self-organization potential of the market
mechanisms may explain the emergence and many of
the properties of the net institutions (Louzon and
Solomon 2001).

3.C. Predicting the future social trends and cognitive
features of the Web

= One should endeavor to design network / web
relationships not to be optimal but (Mar Or et al. 2003)
to evolve according to protocols / by-laws that self-
organize them in optimal adaptive communities
(don't endow the system with a fish from the
beginning: teach it how to fish).

- One should be able to predict the conditions in which
certain global "phase transitions" may take place and
the ways to trigger, prevent, accelerate, stop or modify
them ( Weisbuch and Solomon 2000).

Such a program will require the integration between
several distinct research communities. In fact such a
group, including scientists from the communications,
network measurement, distributed computation, and
physics of complex systems communities is being
established. As the program expands in the later years,
we expect to also involve workers from information
theory and multi-agent dynamics
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Abstract

We describe some ways in which the emergence and self-organization may help the
design and development of computing and information based complex artifacts

The physical, biological and social domains are full of
complex systems that emerge spontaneously from the
interactions between the simpler elements existing in
nature or in society. In recent years, though, with the
proliferation of man-made artifacts, information
technology (IT) and networking, many artificial systems
have acquired a large number of elements and started to
emerge collective complex phenomena. For people
unaware of the complexity emergence mechanisms, it
came as a surprise that a bunch of man-made artifacts
would develop a mind of themselves to the level that
their behavior couldn't be described, understood and
utilized with the usual engineering methods.

Some examples of behavior in such systems are:

e growth and information flow dynamics in
computer networks,

 the multi-agents ecology,

¢ the world-wide-web contents evolution,

» commerce arenas filled with negotiation agents

and
» traffic networks.

All of these phenomena have in common the following
facts:

¢ They are all built from or operate on multitudes of
similar components which interact intensely with each
other.
The technological/research field in which the
components were initially designed and developed is
not adequate to analyze, study and manipulate the
overall system. For example, when a computer
network grows so much that it can be looked at as a
statistical ensemble, understanding the computer’s
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hardware architecture or its operating system design
is just not relevant to the task of identifying
emerging collective qualities of the network.

* While there is immense difference in the detailed
structure of the elementary components composing
each of these systems, their complex collective
features can be shown to be analogous. In fact,
sometimes it doesn't even matter whether the basic
elements are man-made or natural ones,

1. Designed to Emerge;
Bottom-up design of
complex systems

self-organized

In spite of this analogy with natural complex systems,
the systems made of man-designed elements offer an
unprecedented opportunity. While the complexity
emergence in biology and society took place
unintentionally, often as a result of chance, in man-
made objects the emergence can be planned and
influenced through the way in which the elementary
objects are designed and displayed. The convergence
of complexity and IT paradigms enables for the first
time the deliberate development of a new breed of
complex applications and systems:

Systems designed so that the simple interactions

between their elementary components create
collectively a desired global behavior.
Using the methodologies developed to study

complexity phenomena, one can design complex
behavior in artificial systems. This paradigm has the
potential of transforming entire fields of IT
applications. It may boost the development of
directions that otherwise would reach a dead-lock, or
would be increasingly limited by a mere logarithmic



growth with the computer power. For certain
applications, e.g. network routing, orthodox, global,
hierarchical design methodologies can be proved to be
inapplicable, even if the hardware capabilities will
continue to grow exponentially. Some examples of such
fields and applications are:

» Car traffic control optimization

e Texts translation

» Information retrieval and knowledge extraction

» Network routing, content routes optimization

e Adaptive collaborative software development

* Real time air traffic scheduling adaptation

* Autonomous UAV (Unmanned Aerial Vehicle)
flocks

o Bioinformatic
optimization

e Integrated robot flocks (or "dividuals", see below)

research algorithms and tools

Below, we look further into some of these examples, but
first let us discuss the generic advantages and problems
of such "bottom-up" designing of complex systems. The
most important are their

freedom of scale
adaptability and robustness
3. ease in design, implementation and maintenance

b —

Let us elaborate these 3 points:

1. In algorithms theory the O(N) computational
complexity measure is the corner stone of the entire
science. The functioning of many of the "bottom-up"
designed systems is often "simple" in this respect: all of
the work is done locally and the issue of the cost at the
level of the entire system does not even arise. Nobody
has yet submitted the next year budget for the world
web, Similarly, one may add autonomously traffic lights,
install new routers, or add additional UAVSs to a flock as
much as one wants, and the robustness or cost of the rest
of the svstem will not be significantly affected. The local
adaptive-agent based control algorithms become
unavoidable in applications where in principle there are
possible interactions between any arbitrary elements of
the system. In such examples, the global hierarchical
algorithms have to deal with an exponentiation in the
number of alternatives to be considered. The local
adaptive agents are usually dealing well with avoiding to
even considering the cases that do not actually appear
during their current functioning. Usually this i1s a great
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relieve as most of the computationally "worst cases”
never appear in practice.

2. The high non-linearity of certain systems,
like the control of traffic lights in a large city, makes it
virtually impossible to find the optimized global
algorithm for these systems. However, using
methodologies developed in the study of complex
phenomena such demands as optimality and
predictability become possible, and in addition the
systems themselves become understandable.

It is extremely hard, and in many cases plain
impossible, to built a global logic system with good
reflexes. By good reflexes we mean the ability to
rapidly adapt to changes in an adequate manner. The
need to tell in a top-down manner to each element
what to do next makes it extremely difficult to react
fast in the correct way. However, when one gets a
collective behavior as an emergent character of a
multitude of elements, adaptation comes naturally, and
only in regions where it is needed.

3. Another important advantage of "designing
for emergence" is the fact that it makes the
applications easy to design, program and maintain.
This is crucial for keeping-up the expansion rate of
computer uses in domains with low programming
literacy. There are simply not enough programmers
around to design, implement and maintain classical
software tools for every user.

The big disadvantage, but truly the big challenge, is
that there exists no standard theory and practice for
designing systems that emerge self-organized
complexity botiom-up. It is obvious that this will
require not only technological progress but also
scientific effort. On the other hand its results might
fare much beyond efficiency and impinge upon the
frontiers of human knowledge.

Let us look now on several promising examples of IT

applications that will benefit extremely from applying
complexity concepts in the development

2. Specific Applications
Agent based and collaborative applications

There are two approaches, about the agents
cooperating in the management of self-organization of



complex tasks.

® The more traditional approach is making the agents
more and more sophisticated, with Al core etc.

® The second and more promising approach aims
"collaborative applications” i.e. applications that
encompass multiple agents in a collaborative manner
in order to fulfill a task.

The main conceptual limitation of the current
collaborative application approach is that it tries to
divide the global task into small independent segments
performed by independent agents. This external division
and stream-lining of the tasks preserves some of the
rigidity and weaknesses of the logical-tree, centralized
methods. The challenge is to design the right interaction
protocols and feedback mechanisms that to insure the
self-organization of the work in an optimal way.

Traffic Lights on the Spot

Centralization was a major paradigm for control theory
since its incubation. And for good reasons. A centralized
control system is deterministic, and can be developed in
a straightforward manner. But currently we are in a
convergence point of several processes that suggest a
coming paradigm shift. First of all, the amount of
computer power which can be squeezed into a portable
computerized device has grown exponentially. Even
more important is the exponential growth in
communication abilities, which makes both land based
and wireless communication technology a mature, cheap
and accessible option. These technological developments
are met with the emergence of new research paradigms
described above, aiming to study the complex systems
behavior that emerges from the interaction of the
system's components. Among control applications most
fit for turn over, traffic management looks especially
promising. It is composed of many identical
components, which need to adapt rapidly to changing
circumstances. A centralized system, wishing to adapt to
a car accident will need to check all of the global
ramifications of a change, while a local rules system will
be built so that such a process will occur naturally.

(Goals of the research:

* Create a simulation tool of a distributed traffic signal
network, which manage the flow of traffic in a city.

|. Develop local rules of conduct for the traffic signals,
depending on information gathered from local
environment (local congestion and pressure
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information, current rules of near by traffic
signals). Study different measures of 'good flow".
2. Develop a methodology of transforming
centralized policy into distributed local rules.
3. Study optimization methods of the local rules.

Ultimately, the very concept of traffic light may come
under revision. The same information, instructions,
regulations and signals which are currently
communicated through road signs might be transmitted
and may be even enforced at the level of the cars:
vour car will slow and stop at "red lights" unless you
explicitly choose to override the order it receives from
the "traffic lights" system.

Self-Organized Unmanned Aerial Traffic

The concept introduced above: emergence of self-
organized traffic is particularly fit for Unmanned
Aerial Vehicles (UAV) navigation:

in aerial traffic there are less intricate

obstacles than in ground transportation,

- the danger for hurting humans is less direct
in unmanned vehicles

- humans do not have a head start in 3D
navigation skills compared to computers (as
opposed to hundreds of thousands of vears
of 2D navigation).

- The 3D geometry allows for the formation

of large flocks that form, join and split

according to the individuals initial and

destination points.

Relaxing the demand for a central control center that
communicates with all of the UAVs in real time and
directs them what to do, will enable creating large
flocks of UAVs, that will be able to travel much
further from their home. In addition it will enable to
enlarge significantly the set of possible tasks such
flocks will undertake, due to the fact that their reaction
time scale will be reduced dramatically. In the case of
Cruise Missiles Flocks the possibility to share their
location and visual information, may result in a
dramatic improvement of their navigation and target
identification skills.

From Integrated Robot Flocks to Dividuals

The idea above that a collection of objects sharing
information can be more efficient than a more



intelligent single object has tremendous potential far
beyvond the realm of self-organized navigation,

As opposed to humans, robots can share and integrate
directly wvisual, and other non-linearly structured
information. They do not suffer from the humans need to
first transform the information in a sequence of words.
Moreover, the amount, speed and precision of the data
they can share are virtually unlimited.

Like in the story of the blinds feeling an elephant, at the
best the communication channels typical to humans are
not sufficient to insure fast, precise and efficient
integration of their knowledge / information /
intelligence. By contrast, robots with their capability to
determine exactly their relative position and to transmit
in detail the raw data that they collect are perfectly fit for
the job perfectly.
So, in such tasks, while
1 human >

one may have

100 humans < 100 robots.

1 robot

This may lead to the concept of Integrated Robot Flocks
which is much more powerful than the biologically
inspired ants nest metaphor because the bandwidth of
information sharing is much more massive. Rather than
learning from biology, we may learn here how to avoid
its limitations.

For instance, rather than thinking of the communicating
robots as an integrated flock, one can break with the
biology (and semantics) inspiration and think in terms of
the divided individual (may we call them
"dividuals"7):

Unlike biological creatures, the artificial ones do not
have to be spatially connected: it may be a great
advantage to have a lot of eyes and ears spread over the
entire hunting field. Moreover, one does not need to
carry on the reproduction organs when the teeth
(mounted on legs) go to kill the pray (the stomach too
can be brought in only later on, in case of success).

Of course, a good idea is to steal from time to time the
control on somebody's else wings (as a form of Non-
Darwinian evolution). Contrast it to the usual way real
animals exploit the other: they are constrained by their
biological reality to first degrade the wings to simple
molecules at which stage, it is too late to use them for
flying.

The anthropomorphic- biological grounding here is a
liability that one has to free oneself from, rather than a
source of creative inspiration.
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Encounters of the Web kind

The emergence of a "thinking brain" by the extension
of a distributed computerized system to an entire
planet is a recurring motif in science-fiction stories and
as such a bit awkward for scientific consideration. Yet,
if we believe that a large enough collection of strongly
interacting elements can produce more than their sum,
one should consider seriously the capabilities of the
web to develop emergent properties much beyond the
cognitive capabilities of its components. As in the case
of the Integrated Robots Flocks, the relative
disadvantage of the individual computer vs. the
individual human is largely compensated by the
"parapsychological" properties of the computers: any
image perceived by one of them at one location of the
planet can be immediately shared as such by all
Moreover they can share their internal state with a
precision and candor that even married couples of
humans can only envy,

A serious obstacle in recognizing the collective
features emerging in the web is the psychological one:
people have a long history of insensitivity to even
slightly different forms of "intelligence". In fact
various ethnic / racial groups have repeatedly denied
one another capabilities in the past. Instead of trying to
force upon the computers the human version of
intelligence (as tried unsuccessfully for 30 years by
Al), one should be more receptive to the kind of
intelligence the collections of computer artifacts are
"trying” to emerge.

An useful attitude is to approach the contact with web
in the same way we would approach a contact with a
extraterrestrial  potentially intelligent being. A
complementary attitude is to study the collective
activity of the web from a cognitive point of view,
even to the level of drawing inspiration from known
psychological processes and structures.

Making rthe Net Work

Network routing is probably the most natural
application for the complexity approach. First, routers
are junctions of a network (in itself a central concept in
complexity). Secondly, there is no conceivable
practical way in which the network routing problem
can be solved by a hierarchical, global algorithm. Thus
routing is solved through the use of local routers that



know where to send the information that is flowing
through them. However, due to the fact that the
development of routing algorithms still resides
exclusively in the realm of computer engineering and
computer science, the routing algorithms themselves do
not pass the line of triviality. Billions of dollars are lost
every year in damage due to bottlenecks, congestions,
Denial Of Service caused by malicious attacks,
negligence or simply by mistake or mis-design. Many
other applications and businesses do not get transferred
to the Internet due to these problems. Building
systematic algorithms, which utilize the fact that the
Internet has grown big enough to be thought of as a
statistical ensemble, promise to create a more flexible,
vibrant, trustworthy Internet.

Bringing the Rosetta Stone into the Chinese Room

The translation capability became one of the stumbling
stones of AL The belief that translation capability is
tantamount to artificial understanding leaves one with a
very bleak prospect for achieving it soon or easily. Yet
the proliferation and globalization of knowledge makes
massive online translation and processing of documents,
especially on the Internet, an unavoidable and ubiquitous
task.

The problem is wider than simple translations from one
national language to another. One may equally refer to
various technical jargons as technical "languages" and to
writing executive abstracts as translations from verbose
texts to their terse versions. "Translations" may also be
the transformation of plain unstructured text into some
structured canonical template (code to be used as input
to further processing by specialized programs).

One possible approach is the bootstrap one: using the
abundance of already translated documents as a resource
for new translations. The bulk of documents written in a
given "language” can be used as an operative definition
of that language. Documents expressing in different
"languages” the same thing can be used as operative
models for "translations" between those "languages".
This would be the automatic version of the techniques
applied at the time for translating the old Egyptian
hieroglyphs using the Rosetta stone [On that stone, the
same text appeared written in hieroglyphic script and in
parallel, in Greek and Demotic].

Rather than designing heavy Al machines with large
databases and sophisticated "intelligent” algorithms, all
one has to do is to let a host of adaptive Internet agents
to adapt the chunks of text of the already existing
"translations” to new texts. If the result is not satisfactory
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(may be due to the lack of a large previous pool of
"translations” between the two "languages"), the
human corrections necessary to improve it, will insure
that the current document can be used in the future as a
basis for better performance (supervised learning). Of
course, the agents may be endowed also with the
capabilities to wuse transitivity: given a set of
translations from a "language"” A to a "language” B
and a set of "translations" (in roughly the same
subject) from B to C, they will produce automatic "A-
to-C translations”.

Instead of having to repeat each time the "translation"
process, one would use the Internet with all the
previously created documents as a global intelligent
Chinese Room populated by many cooperating
adaptive agents and furnished with a huge Rosetta
stone.
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Abstract

An Ant-Based Routing System has been constructed and it has been shown to find optimum routing strategies un-
der static conditions. With the introduction of dynamic traffic situations onto the network, the ants do not always
display optimum behaviour. It has been shown that parameters cannot be set to a single value to satisfy both steady
state and transitory conditions optimally. It is therefore proposed to use an Agent on each node to adapt to changing
conditions on the network, This can be achieved by manipulating the parameters with which the ants operate. Since
the agent is classifyving different states and the associated actions best suited to them, methods of model-free Rein-
forcement Leaming, such as Temporal Difference and Q-Leaming are discussed, along with the problems of a con-

tinuous domain.

1 Introduction

There are many papers describing Ant-Based Routing
in a telecommunications network, such as Dorigo
[1997]. but many of these systems use empirically-
found parameter wvalues, such as Schoonerwood
[1996]. It has been shown that there is a trade-off in
setting these parameters, between system-stability and
quickness of response; as there is in any control sys-
tem. It is also the case that parameters have been used
in simulation, that would be unobservable in real net-
works; for example the synchronisation of absolute
time over a network is by no means a trivial task, espe-
cially to the precision and accuracy required to meas-
ure the propagation of ants across a link.

It 15 proposed that if an agent could learn to distinguish
between different “states™ the network might exhibit
(e.g. Stability, Start-up, etc) then these parameters
could be adapted to minimise undesirable events and
states (e.g. Data loss, delays, instability).

A simple example of this is that Schoonerwood [1996]
uses an initial training period to allow the network to
find equilibrium. This, it could be argued, is unrealist-
ic, as once a network is imtialised, an admimistrator
would want to admit traffic to it immediately; espe-
cially if it is a commercial network recovering during
working hours. In the proposed solution, a reasonable
route, whilst not necessarily optimal due to the con-
straint of bounded rationality, is found very quickly, at
which point traffic could be accepted.
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The time required for this initial transitional period -
before equilibrium has been found - should be as short
as possible. It would be advantageous to be able to set
relatively high gains at startup, but then when the sys-
tem has settled reduce these gains, as they are not so
suitable for steady state operation. This function could
be taken on by an agent, supervising the ants and
learning strategies to cope with different circum-
stances.

It is important to note that traffic ransversing an integ-
rated telecommunication network' (to which there has
been a large shift in the recent decade) has both
stochastic and deterministic elements, so while predic-
tion Is possible in some circumstances, in many cases
it 15 not,

This inherently random nature, almost chaotic, makes
a single generic optimal - or near-optimal - strategy
impossible. Attempts to apply Artificial Neural Net-
works to the prediction of traffic levels on a network
have met with little success; a strategy is learnt that is
then too simplistic to cope with any change in circum-
stance.

Since prediction is essentially a fruitless task, the role
of an agent employed to adapt the control system of a
network, must be to react as quickly as possible to situ-
ations, once they become apparent.

Ant-based systems are used for their self-organisation-
al properties, but of course this is a form of unsuper-
vised learming, implying only a reactive role. They are

'Meaning one that carries data, voice, multimedia ete.



used to determine the best route by testing all routes
constantly, and representing all the routes internally as
a probability. The route nominated by the ants is the
one with the highest probability. This route will ideally
be the instantaneous best route, but there is inevitably
some delay in the response. Some consideration must
also be given to stability - constant switching of routes
can cause problems in reordering data at the receiving
end if it arrives out of sequence. To counter this, if a
route is switching rapidly, an extra threshold can be in-
troduced.

Consider two nodes connected by two different routes,
(a) a direct link and (b) a circuitous route, involving
many hops. Under normal loading all traffic will be
sent the direct route, and rightly so; in the ant-scheme
this will exhibited by the short route accumulating a
large probability at the expense of the longer route.

Now consider when this route becomes congested; un-
der normal operation it will take a long time for the ant
probabilities to change sufficiently for a route change
to take place; in this case it would be advantageous for
the ant-parameters to be adapted; and this requires In-
telligent Control.

Assume the shorter route described above had probab-
ility of 80% compared to 20% for the longer one. If
each Ant has the affect of changing the probability by
two or three percent, it will take ten to fifteen ants to
equalise the routes probabilities. During this time
traffic is likely to be discarded, which can cause even
more congestion through retransmission schemes.

From a different perspective, the agents can be con-
sidered from the view of independent “blind” game-
playing agents, analogous to those discussed in Ka-
petanakis [2002]. In this paper, some probabilistic
charactenstics are used to challenge the agents into
making risk-based decisions. In our situation the game
being played is a number of magnitudes more com-
plex, and with greater degrees of freedom.

Indeed. the situation outlined here is of a continuous
nature, not a well-defined discrete domain. This inher-
ently requires some mapping to enable it to be tackled
by a digitally-based computer. A difference also exists
in that success is not so well defined, and has a delay
in response - known as deadtime.

Appointed to further work is both the simation m
which the agents observe the decisions of other agents
by examining the parameters embedded in the ants
produced by other nodes, and also where all the agents
have direct lines of communication.

2 Aim

The aim of this research is to show that an intelhigent
agent can be used to modify the parameters associated
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with the Ant-system to make both the convergence
from start-up, and the response to changing conditions
within the network, quicker.

The parameters are changed on a per-node basis - i.e.
an agent on each node is in control of the parameters
used on that node. This means that. at this stage, the
agents are acting independently from each other, al-
though the ant system is an implicit form of commu-
nication. This can be described as a fully-distnbuted
control system, although there is this inherent commu-
nication between the nodes. in the form of ants.

An agent could observe how other agents are acting by
checking the parameters carried by ants originating
from other nodes. A further stage would be to enable
direct communication between the agents, but this is
left to Further Work.

3 Current Work

A significant amount of research has investigated the
self-organisational properties of Ant-Based systems on
telecommunications - either for load-balancing and/or
for routing. This type of approach was developed by
Dorigo [1997], and also taken up by Schoonerwood
[1996].

These techniques are extended in many others, includ-
ing Vittori [2001], in which Q-learning is employed 1o
update the probabilities.

However, these papers use single-valued parameters,
such as rate of production of ants, rate of deposition of
pheromones etc, that are empirically obtained. These
are not changed at runtime, or indeed off-line. There is
little description of how these values are obtained, and
they are unlikely to be suitable for different sizes of
networks.

The Vittorri paper utilises Q-learning to update the
routing tables and found performance gains in doing
so. In comparison this paper utilises Q-learning to
modify the parameters used by the ants. The paper
goes on to compare a “standard™ ant-based system, an
ant-based system with Q-Leaming, and finally a mo-
bile-agent based agent system.

The agent decisions are made without conferring with
the other agent(s), indeed the agent is not aware of the
presence of other agents.

As previously referred to, Kapetanakis [2002] dis-
cusses agents participating in games with other agents,
where the reward gained at the end of the round is a
function of the decisions made by all the agents. e.g.
Agent | decides on action A, while Agent 2 opts for
action B. The games are taken further by the addition
of a probabilistic affect, so that the the reward is f( A,
B,P).



The agents use Q-learning, and some are also given an
optimistic outlook (Where MAX(Q) is used instead of
just Q). The agents are able to find joint strategies,
which take into account the Expected Value® rather
than the maximum value of the reinforcement.

4 Ant-System

This section describes the implementation of the Ant-
System used. It is broadly based on the system dis-
cussed in Schoonerwood [1996].

The basis for the ant system is many simple-acting en-
tities displaying complex behaviour on the macro-
scale. To this end the ants are small packets of data
that are kept as simple as possible. Carried within the
ant are: Source, Destination, Amount of Pheromone
and Deposition rate. Rather than carrying code with
every ant, the processing is performed by the node.
This minimises the amount of control traffic required -
an important consideration on a real network.

The Rate of Ant Production is a self explanatory para-
meter, and at generation the ant is given a uniformly-
random destination, chosen from all the known nodes
on the network. Each ant is also branded with an initial
amount of Pheromone and a Deposition Rate (which
together describe its longevity). Once generated, and at
each node along its journey, it selects its nexi-hop by
the generation of a uniformly random number and the
consultation of the local probability table associated
with the ants final destination.

On arrival at a node the ant deposits some pheromone,
having ensuring the ant has not returned to its source.
If the ant has looped back to its source, it 15 discarded
(or squashed to continue the overall analogy). The
amount of pheromone left by the ant is a simple per-
centage (defined by the Deposition Rate) of the current
amount the ant has. Before this 1s added to the probab-
ility table (for pheromone table) it is multiplied by the
(relative) available size of the traffic queue for the link
just used by the ant. The resultant amount of pher-
omone is added to the local table regarding the ant's
source, i.e. the ant reinforces the refurn route, not the
route it is currently taking. The tables are then normal-
ised to sum to unity; this has the affect of rewarding
the route just used, but also punishing all the routes
nof just used. Note that this is functionally equivalent
to the process of pheromone evaporation, used in other
Ant-Based Routing implementations. If this wasn't the
case, the level of pheromone would tend to infinity.

A Minimum Probability 1s applied to ensure all routes
are tested periodically; since the system is dynamic,
constant exploration 1s required. As shown later, a
greedy-agent is likely to perform badly. If the ant has
reached its destination it is then discarded.

*Expected Value in its probabilistic sense, i.e. Sum of (reward x prob-
ability).
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The output of the ant-colony is the best-next-hop for
each known node. This is the highest probability link,
except for when an extra threshold is applied - 1.e. a
link must exceed the probability of the current best
route by some value for the recommendation to
change.

The effect of the ant parameters on the probabilities
have been investigated with and without traffic. It has
been shown that it is possible to have a very quick re-
sponse, but with a relatively noisy steady-state condi-
tion, or a smoother steady-state but a slower response.
The Rate of Production also has an affect on the re-
sponse.

An assumplion is made in Ant-Based Routing that
each and every link is bi-directional; the discussion of
the validity of this assumption is beyond the scope of
this paper. In Vittori [2001] routes are reinforced in
both forward and backwards directions; although this
may aid speed of convergence, the forward reinforce-
ment has no logical basis - the feedback may be incor-
rect, and lead to problems with sub-optimal routes be-
ing continually reinforced - thereby exacerbating any
congestion on that route.

The next section describes the agent used to strategic-
ally manipulate the parameters that control the ants to
improve their performance.

S The Agent

An agent is present on each node and monitors the ant
colony on that node. The agent receives reports from
the colony, both regularly and when a route change oc-
curs.

The Agent is informed of all the parameters associated
with the ants (Rate of Production, and those carried in
the ants body), as well as the threshold value for route
change, and is able to adjust all of them.

The Agent is also told the current probability of the
preferred route, as well as its mean, standard deviation
and gradient. These statistics are designed to show the
current state of the network as well as some history - it
also gives information about the performance between
the reports received from the ant colony. Obviously,
the windowing function for calculating the mean, etc,
1$ an important property and is set to highlight long-
term trends, but average out short term fluctuations
caused by individual ants arriving. An opposing con-
sideration 15 the delay caused by an overly long win-
dow, making the response more sluggish.

The Ant-System is a separate entity and can operate
with or without the Agent and is reactive in nature.
The agent provides a supervisory role, and is thus
more proactive in nature - complementing the purely
firefighting nature of the ants.



To compare the success or failure of the agent, a com-
parison can be made between the performance of the
Ant-system with and without the supervision of the
agent.

The type of learning strategies that could be employed
by the agent are discussed in the next section,

6 Agent Learning Strategies

Since the agent is operating in a complex domain,
which is difficult to predict due to its stochastic nature,
a scheme that does not require a model would be bene-
ficial. In terms of Reinforcement learning, this dis-
counts Dynamic Programming. However, there remain
Monte Carlo, Temporal Difference, and Q-Learning
techniques.

A complicating factor of all these techniques, is the
continuous domain in which the agent must operate.
This requires an Analogue to Digital Conversion role
in the system. This is because by adjusting parameters
at run-time, there is a potentially infinite variety of ac-
tions, as well as an infinite number of states.

(Q-Learning is where an agent leamns state-action val-
ues, and is a potentially profitable area for research, as
is Temporal Difference Leaming.

7 Experimentation

The aim of the experimentation is to show that there is
an improvement in performance when the parameters
governing the ants are changed dynamically at run-
time. Thus taking account of changing conditions on
the network.

Because of the inherent complexity involved in testing
a network, two relatively simple simulations are used.
Firstly, a network where there is a number of equally
long routes between the two nodes of interest and one
of them becomes congested; while the second is where
there is an obvious shortest route which then becomes
congested (with at least one other alternative route).

Of interest in the test, is the reaction of the ant-system
(both managed and un-managed) to congestion; the
speed of response is of importance, as is the amount of
data-traffic lost (the ants, by their nature, are expend-
able as information is gained by them not arriving). A
further concern is that the routing should not con-
stantly change between two or more routes.

For both scenarios, the Managed Ants performance
must be compared with that of the Unmanaged Ants.
As an intermediate step, a predetermined strategy, with
a priori knowledge of the traffic conditions, is imple-
mented that will also improve the performance. This
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will give a further benchmark with which to contrast
the performance of the full system.

7.1 The Simulator

The simulator being used is Network Simulator - ns. It
is designed to model TCP/IP® networks. These net-
works are connectionless; that is to say packets of data
are transmitted without setting up a definite route first.
This means that at each hop, packets are routed ac-
cording to the instantaneous best route. Packets from
the same flow do not necessarily follow the same path.
Consideration of Circuit-Switched and Connection-
Oriented networks are left to Section 9.

7.2 Network One
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Figure 1: Diagram of network with numerous
equally shortest routes

The network to be tested is shown in Figure 1. It 1s a
simple five node network. The important feature is that
there are three equally-long routes between Node 0
and Node 1, one of which, as described above, will at
times be congested.

7.3 Network Two

This scenario exists when there is a distinct shortest-
path between two nodes as well as longer alternative
routes, not sharing any links. The topology is shown in
Figure 2.

Where the shortest route becomes congested, the ants
must react as quickly as possible to the congestion,
They must overcome a large amount of inertia repres-
ented by the high probability built-up by the shortest

Transpont Control Protocol / Internet Protocol, as well as UDP, User
Datagram Protocol, a lighter weight version of TCP



route- this inertia is greater than that of the previous
scenario.
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Figure 2: Diagram of network with a definite
shortest route

7.4 The Traffic Scenario

Both network scenarios will be required to transmit
some user-data, which we shall describe as real-time,
loss-sensitive data. This shall be transported from
Mode 0 to Node 1, in both network topologies. The
traffic shall be offered to the network continuously for
a duration of 25s, starting after 13s.

Problems would be caused by the network dropping
the user-data, excessive delay or excessive jitter - vari-
ation in the inter-arrival time of packets, often caused
by switching of routes,

The situation under which the network will be tested is
as follows. The traffic causing congestion, shall repres-
ent other network load and will be set at a level that
will not, by themselves, cause packets to be dropped,
other than ants.

The simulation will start with no data-traffic on the
network. The user-data starts after fifteen seconds, but
after twenty seconds two more traffic flows start.

Firstly, a constant-bit-rate (CBR) flow, that uses the
majority of the bandwidth available on the link
between Node 0 and Node 2. Secondly, a smaller Vari-
able-Bit-Rate (VBR) flow also uses the same link.

This combination of traffic will result in intermittent
congestion during the time when both flows are
present on the network. During congestion traffic will
require storage in queues, waiting to be transmitted,
and ant-packets will be dropped - having been as-
signed a lower priority than traffic.

These two flows both stop after thirty five seconds,
with a further fifteen seconds to allow re-stabilisation
before the end of the simulation.

8 Results

The results presented here are a comparison of differ-
ent solutions, based on the use of Ant-Based Routing.
The control test uses no adaptation of the parameters -
they remain constant throughout the simulation.
Secondly, a hardcoded manipulation of the parameters
15 used, for which the traffic-levels are known before-
hand, these should show that improvements to the Ant
Control are possible. Thirdly, an agent would be al-
lowed to change the parameters as it sees fit at
runtime, and according to strategies it learns.

The results are shown in the form of graphs of the
probabilities for each next-hop from the source node of
user-traffic. On the same graph is the mean probability
of the ant-nominated route. The sample window (one
sample being an ant-arrival) has a length of 250, and 13
a cyclic buffer. This mean value, as well as the Stand-
ard Deviation, is to be used as a characteristic of the
performance of the network by the agent.

8.1 Ant-Based Routing
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Figure 3(a): Graph of probabilities for first-hop for
numerous equally shortest routes

This run uses “standard” Ant-Based Routing. The net-
work stabilises, almost immediately, since there is
nothing to choose between the three routes; in this
scenario one route must be chosen, however arbritrar-
ily, for the sake of network stability. When the traffic
conditions change, at 20s, the ants take a little time to
react. The simplest strategy 15 the un-managed Ant-



Basted Routing, and as such, it is expected that the
other two stratagems out-perform it.

Figures 3(a) and 3(b) show the probability for each
route from Node | to Node 0 for Network One and
Two respectively.

In the case of Network One, the control traffic is not
using the congested route when the traffic starts (at
20s), however, it can be observed that the probability
of the congested route falls sharply, from this time.
After 355, the route starts to recover, showing constant
exploration.
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Figure 3(b): Graph of probabilities for first-hop
with definite shortest route

In the case of Network Two, the route changeover oc-
curs at 24.30s. During this time, from 20s to 24.30s, a
significant amount of traffic is dropped. This demon-
strates the problem of having a large build-up of sys-
tem inertia.

8.2 Hardcoded Solution

This set of results utilises a human-programmed at-
tempt at the solution to the problem. It 1s a simple hy-
pothesis of what the agent might try to do. However,
having knowledge of the traffic-levels beforehand, a
certain advantage is evident.

In both scenarios, shown is Figures 4(a) and 4(b), the
rate of production 15 doubled, to promote exploration
of other routes, and to emphasise the congestion
present on the network - since ants in excess of the ca-
pacity will be discarded.

Again on Network One, shown in Figure 4(a), the con-
gested route 15 not being used by the user-traffic when
the congestion starts, but it can be seen that the prob-
ability of the congested route drops off more sharply
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compared to the ordinary ant-based routing, but then
recovers when the congestion is removed.

Prababilities at Yode 0, Destimation 1
P wliiers
(=N |

T 1 1 . hds 2
T Vakid
I3 SRR R
ol ]
SR T
a1 Tim e ' - - —_—

S

W - — .
{1 4. Lisp -
14m Ty

4
HELTE] _IE ::: : .- L ) ?_“ 3 i
U4 w - 1$’,_| #J.L'r ll# %}}ﬁi’_
LT ; I | b H " -
fy T 0™ 5 i

] 1. *.-.!r‘;a'""i.ﬂ._ ;?'T‘i:;:.g'*"ia H— I?'"'I'Ir g
L : e - m '{.""I'ﬂﬁ’-
i1 D | ‘Ilu F'I _rr' Hfr'.-. . '_.F sk
i1 1 %isa 1| 1! = 1 &= <
0 i
R
i — _ —
AR — S Imie

IFAREER (LR ET] M Lo TRYE Y | | Ak EE LSRR

Figure 4{a): Graph of probabilities for first-hop for
numerous equally shortest routes under hardcoded

strategy

Because the routes are equiprobable from the begin-
ning, no settling time is required by the network, but
the ants change the best route frequently to begin with.
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Figure 4(b): Graph of probabilities for first-hop
with definite shortest route under hardcoded
strategy

For Network Two, Figure 4 (b), an improvement in the
response is shown by the change of route occurring at
23.60s. This an improvement of more than a second to



the ants response - almost a 20% reduction in time to
decisively respond.

When the congestion stops, the shortest route quickly
recovers a large probability, and the system finds its
equilibrium again. '

8.3 Learning Agent

The learning agent controlling the Ant-Colonies is ex-
pected to discover its own strategy, and i1s expected to
outperform both strategies presented here. Just by
doubling the rate of Ant Production improved the re-
sponse significantly, so the agent varying a number of
parameters can be expected to improve performance
further.

The agent has access to a number of measurements
that characterise the state of the network, These in-
clude the mstantaneous probabilities of each route (at
the time of each report), the mean over the last 250
samples, and the Standard Dewviation (SD) from that
mean. Figure 5, which is the SD from the standard
Ant-Based Control on Network One, shows that the
a1 has charactenstics that could be detected and used
as a symptom of change on the network. Comparing
this with Figure 3(a) it can be seen that the large spike
corresponds to the fall in probability caused by the
congestion.
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Figure 5: Graph of the windowed Standard Devi-
ation for Network One under Ant-Based Control

The agent also has a record of the number of ants
dropped by each queue on each node, and the time at
which the route last changed. It has control of the para-
meters used to control the ants, such as their produc-
tion rate, and their pheromone levels. It is also able to
raise the threshold required to change the route,
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9 Further Work

There is potential for the agents on different nodes to
communicate to improve their effectiveness. This in-
cludes both direct and indirect communication.

The first stage is simply indirect communication. It
would merely require the agent to observe the para-
meters being used by other agents, and embedded in
the ants. Since the ants pass through the nodes anyway,
little work is required to change the implementation to
allow the agent access to the information. This tech-
nique is also known as stigmergy. Investigation into
using this information is the greater part of the work.

The second stage will to be to add the ability of agents
to communicate directly across the network using a
standard Agent Communication Language (ACL),
such as a FIPA implementation. In the work described
here, the agents have been working independently.
Due to the finite propagation time over the network in
real-time, the agents will always have to act in an isol-
ated manner to some degree.

On the Telecommunications side, there is the consider-
ation of controlling networks running different types of
protocols. The main consideration is of connection-ori-
ented networks; those that explicitly setup a route be-
fore the transmission of any data (e.g. a telephone
call). This will differ from the network discussed here,
as once a route is setup the route is not generally sub-
ject to change.

Connectionless network routing is subject to a type of
self-noise - meaning that when congestion is detected,
traffic is routed away from the area so it is no longer
congested. After some time (determined by the routing
algorithm being used), the traffic i1s moved back again,
since the congestion has gone. However, this can
simply cause the same congestion again. This situation
can repeat ad infinitum causing oscillations and there-
fore instability on the network.

Another problem is when the offered load is simply
too great for the network. Whichever link it 1s placed
on will become swamped. This will require proactive
reasoning to deal with, as a purely reactive system
would probably be sent into a state of instability at-
tempting to deal with it.

Both these effects are inherent to the use of per-hop
distributed routing schemes. It would require a holistic,
intelligent control regime to avoid such deficiencies.

The use of Ant-Based Routing must, to some extent,
assume symmetrical (i.e. Bi-directional) links. This is
due to the mapping of a continuous, distributed real-
world landscape (in which real Ants can roam around
), to a discretised node/link model, where decisions
on direction can only be taken at certain points, as can



pheromone accumulation. In the real world, pher-
omones can be left as a constant trail, and a trail can
split off at any point.

The validity of this assumption is subject to debate, but
is dependent on the specific network. What is clear is
that both directions along a single link must be con-
sidered as a coupled pair.

10 Conclusions

The Ant-Based System has been shown to find optimal
routing solutions to static conditions. but has been
found to show undesirable characteristics when put un-
der the strain of dynamic loading. A solution has been
sought that utilises a software agent to adapt to these
changing conditions by changing the various paramet-
ers that will affect the operation of the ant-system.

By demonstrating both the performance of an ordinary
Ant-Based Routing/Load Balancing Sysiem, and one
subsumed by an agent with a more proactive role, it
has been shown that there is potential for an agent to
improve dramatically on the results - indicated by net-
work stability, traffic loss, and other communication
measures (1.¢. jilter etc).

Both of these schemes have been compared with that
of a human devised strategy with complete-knowledge
of the situation, which would be deemed optimal.
However, given the constraints of bounded rationality
and realisablility an agent could not be expected to ob-
tain this; it might however produce a more subtle
scheme that also performs well.

With a strategic agent on each node, this represents a
fully distributed network control system. There is still
the potential for communication to be investigated, and
it 1s likely to improve further on the resulis presented
here. In line with the model of subsumption architec-
tures, this could be performed at a higher layer, but
could also be performed by the agents proposed here,
This would represent a hybrid between centralised and
distributed control which is often the optimum solu-
tion.
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Abstract

In this paper, we describe an architecture and algorithms for reinforcement learning using a population of ex-
ploration control units. The control units, collectively known as committee of explorers, allow a reinforcement-
learning agent to act while learning by choosing actions to perform through a combination of value predictions
of the individual commitiee members. We discuss reasons for using committee of explorers and use results of
an empirical study (o provide insights to the performance of the commitiee approach.

1 Introduction

A reinforcement learning (RL) agent learns to behave by
iteratively performing actions in the world and using re-
sulting experiences to decide future actions. The experi-
ences encapsulate amongst other things a reward or rein-
forcement on the actions taken. The agent learns 1o per-
form intelligently by either building a model of its envi-
ronment and planning using the model or simply by learn-
ing the value of each action in every state and perform-
ing the action with the highest value. Agents that learn a
model and use it to decide how to act are much more data
efficient than model-free learners. Model-based RL offer
many advantages in domains where real-world actions are
expensive and computation time is relatively cheap.

A salient challenge facing a model-based reinforce-
ment learning agent relates to exploration-exploitation
trade off (Wyatt, 1997). Typically, for a reinforcement
learning agent this is a problem of knowing how 1o act
while learmning so as to maximise lifetime performance.
The agent needs to decide on actions to perform while
maximising current value and simultaneously seeking to
benefit appropriately from learning opportunities. This
mevitably involves balancing an exploitation of current
knowledge with exploration to discover new knowledge
that might lead to better performance in the future.

In Markov Decision Processes (MDPs)' the optimal
Bayesian solution to the trade off problem is well known,
but intractable (Martin, 1967; Bellman, 1961). Many
approximate ways of dealing with the trade off in RL
have been proposed. A new heuristic method was re-
cently introduced (Wyatt, 2000) that brings together ideas
from several recent approaches (Kaelbling, 1990; Wiering
and Schmidhuber, 1998; Kearns and Singh, 1991). The
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heuristics provides a framework for exploration control
in reinforcement learning based on optimistic model se-
lection (OMS) from a density over possible models. The
heuristics centred on the use of a single control unit and
it was shown to outperform existing methods when opti-
mised.

In this paper, we extend the heuristics framework o
incorporate a simultaneous use of multiple control units.
We refer to the multiple control units as a committee of
explorers. In committee of explorers, an ensemble of con-
trol mechanisms is employed in the learning process and
value prediction of the commitiee is generated in form of
a combination of the predictions of the individual com-
mitiee members.

Founded on the concept of committee machines (Tresp,
2001), a committee of explorers approach can be use-
ful in many ways. First, committee might exhibit explo-
ration performance unobtainable by an individual com-
mittee member on its own. The reason is that the errors of
the individual committee members cancel out to some de-
gree when their value predictions are combined. A second
reason for using committee of explorers is modularity and
cxploitation of process structure. When there is structure,
as it is naturally the case in some environments, it may be
useful to focus individual explorers on particular regions
of the information space.

In general terms, committce machines are learning
methods that make decisions by combining the results of
several individual learners. The learners may be neural
neiworks, probabilistic networks, decision trees, or any
other algorithm. The underlying philosophy of the com-
mittee machine approach is to fuse knowledge acquired
by individuals, basically experts, to arrive at an overall
decision that is supposedly superior to that attainable by
any one of them acting alone. Most studies on committee



machines have centred on neural networks (Hansen and
Salamon, 1990) and statistical methods (Dalal and Hall,
1983; Lemm, 1999). In this study, our interest in the com-
mittee approach relates to the exploration performance of
agents when learning from reinforcement.

This paper 15 structured into five main sections. In sec-
tion 2 we present a formulation of the exploration control
problem. A committee of explorers approach to the prob-
lem 1s presented in Section 3. Empirical study we carried
out on the committee approach is presented with a discus-
sion in section 4. Finally, the paper ends in section 5 with
conclusions and areas of future work.

2 Exploration Control Problem

An explicitly represented. state based, MDP is simply a
4-tuple (5, A, P, R). In the tuple, 5 is a set of N dis-
tinct states, A is a set of actions, pj; € P is a transition
function that captures the probability of reaching state j
after we execule an action a at state ¢ such that 1,5 € 5,
and r(¢) € R is a reward function mapping S into real-
valued rewards. The state transition coefficients pf; obey
standard stochastic constraints hence lhey have the fol-
lowing properties 0 < pf; > 1 and E j=1P5; = 1. The
decision problem for an agent in the MDP is to find a pol-
icy 7 that optimise the expected discounted total reward
V = E(¥ =, 7" 'ry), where r; is the reward received ¢
steps into the future and v € [0, 1] is a discount factor. For
our reinforcement learning agent, the transition function
15 unknown.

In Bayesian formulation of the problem. we assume
that there is a space P of possible transition functions
{parametric models) for the MDP and that there exists a
prior probability density over this space. Given that a state
it € S in the process has N possible succeeding states
when an action a is taken, then the transition function
from that state action pair is a multinomial distribution
over the outcomes:

(1)

¢ = {F‘?uﬂ?zw ':p?ﬁ}

The possible transition functions from £, a are the possible
;" |

A convenient. natural conjugate, choice of prior distri-
bution over the 7% is Dirichlet density;

{E__;—lm rn ~—!
[lie Bon%) H

and the density is parameterised by the mJ; > 0 for all j.
We observe process transitions. Fm-m our choice
of likelihood function and prior distribution, it follows
directly that the ensuing pnsteri?'r distribution will be
Dinchlet too with parameters my; . For a single transi-
Lion 7 ~5 J the update rule is m;{:-' = m?_; + 1. The density
for the multi-state case follows directly from this since
the densities over the one step transition functions for all

Figtims) = (2)
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state action pairs are independent. The density f(PIM)
for a possible transition function P € P for the MDP is
therefore simply the product of the f(F.%|M?) over all 4.
The density is parameterised by the matrix M = [mJ,
where M € M. In a Bayesian framework, we choose
a prior matrix M’ which specifies our prior density over
the space of possible models. The additional information
from a sequence of observation is captured in a count ma-
trix F. The posterior density given these observations is
therefore simply parameterised by M" = M' + F.

Given the usual squared error loss function, the
Bayesian estimator of expecied return under the optimal
policy is the expectation of the value function V; in our
MDFP with unknown transition probabilities:

Vi(M) =

=f1’;—{F]f{P|J‘lf]dP (3)
™

where 1;( P) is the value of 1 given the transition function
FP. We know from the central result of both Bellman and
Martin that when this integral is evaluated we transform
our problem into one of solving an MDP with unknown
transition probabilities, defined on the information space
M x S:

T5(M)))}

(4)
in which, for convenience, the transformation on M due to
a single observed transition i “A3" j is denoted (T3 (M),
p; (M) is the marginal expectation of the Dirichlet. and

Vi(M) = maza {>_ pLM)(rs; + V5

7y 1s the reward associated with the transition { 24 j. This
shows how the Bayesian estimate of value elegantly in-
corporates the value of future information. The optimal
solution to our exploration-exploitation trade off problem
15 thus 1o act greedily with respect to the Bayes Q-values.
The solution to the problem is however intractable be-
cause it involves dynamic programming over a tree of in-
formation states. Approximate solutions may be found
by either simply using the certainty equivalent (CE) esti-
mate constructed by replacing TS (M) with M in (4), or
we could approximate the mmgml by random sampling
(Strens, 2000).

The OMS method (Wyatt, 2000) integrates idea from
a popular family of approximaie approaches to the
exploration-exploitation trade off which typically use
some instantiation of the heuristic ‘be optimistic in
the face of uncertainty’ (Kaelbling, 1990; Wiering and
Schmidhuber, 1998; Meuleau and Bourgine, 1999). OMS
integraies the instantiation idea with the Bayesian view of
exploration by selecting an optimistic model F,p¢ from P
using probability intervals calculated based on f(FP|M).
Wyall suggests two ways of selecting Fyp. which were
termed simple and full OMS. In simple OMS we are opti-
mistic only about hypothesised transition o an imaginary
terminal state. In full OMS we can be optimistic about
transitions 10 other states 100.



3 Committee of Explorers

Broadly, our goal is to use a population of model-based
explorers to improve the exploration performance of an
agent when learning from reinforcement. The population
constitutes a parallel interacting exploration processcs
that jointly produce indicators for appropriate actions to
take when acting to accomplish a task in an environment.
An outline of the committee approach is presented in Ta-
ble I.

—
5

Begin
Set £ = (), generate an initial population P
of E explorers and initialise aggregate ex-
ploratory value function £
loop
gel current state.
choose an action based on value function £.
do the action and observe transition.
update explorers’ beliefs and adjust their ex-

ploration value functions.
8, combine the individual value functions.

9. sell=t+ 1.
10.  end loop
1l. end

b

No v e w

Table 1: An outline of the committee of explorers’
approach

The above outline of the committee approach (table 1)
is fairly general with flexibility in the choice of specific
implementation. For example, it is possible 1o use het-
crogencous exploration controllers. In what follows, we
specify an implememtation of the approach by using an
homogenous population of optimistic explorers. The ex-
plorers are considered homogenous in terms of the sim-
ilarity in exploration control algorithms they use. Each
individual in the population employs a fully optimistic
model selection algorithm to guide its exploration of the
environment. We present in section 3.1 an overview of
full OMS and in section 3.2 we describe the committee
approach composed of homogenous optimistic explorers.

3.1 Full OMS

Following an initialisation step (phase 1), the main loop
(phases 2-4) of an OMS-oriented solution approach to the
exploration-exploitation trade off problem is organised as
follows:

Phase 1: initialise process values and model parameters.

Phase 2; select action based on the current value esti-
mate, iteract with environment and observe transi-
tion.

5

L}
r
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Phase 3: update parameter matrix in standard way, based
on the observed transition.

Phase 4: select an optimistic model P,y and do value
backup.

In the full OMS, P, is selected as follows. Given
state action pair £, @ we order its successors by the cur-
rent estimate of the value function. in descending order.
We then calculate the lower and upper bounds of the
(1 — @) probability interval for each transition. We con-
struct an optimistic transition function by allocating the
maximum probability mass to states early in the order-
ing while keeping all probabilities within their lower and
upper bounds. The state action pair 7, a is then backed
up using the optimistic one step transition function that
results. The relevant Bellman equation is:

E (M) = plp.is(M)(rf + ymaza {€F (M)}) (5)

where pf., ;; (M) are the transition probabilities accord-
ing 1o Fypy. The agent selects the action with the highest
optimistic value £7.

3.2 Committee of Optimistic Explorers

In implementing the committee of explorers approach,
we use a set of £ OMS-based exploration controllers in
phases 3 and 4 (see section 3.1.). Each member of the
commitiee is initialised with a prior parameter matrix and
each keeps its own individual transition probability and
value function estimates. We extend the organisation by
adding a new phase for aggregating the value predictions
of the committee members. The implementation is illus-
trated i Figure 1.

An outline of the commitiee approach in an asyn-
chronous real time dynamic programming (ARTDP) set-
uing 1s shown in Table 2.

There are three principal design issues for the commit-
tee of explorer approach. Firstly, the approach requires
us in line 2 (table 2) to choose prior parameter matrix for
cach commitiee member. If we have a knowledge of the
transition function P we can use the knowledge 1o specily
our prior for the committee members. Secondly, in line 12
(table 2) we select optimistic models using OMS. We may
use OMS in the committee approach in a number of ways.
We suggest two principal ways that we term individu-
alised optimism and shared optimism. For individualised
oplimism, committee members are optimistic only on the
basis of their individual value predictions. For shared op-
timism, the committee members can be optimistic on the
basis of predictions of other commitiee members as well.
Our focus in this paper is on individualised optimism. In
the individualised optimism approach, we construct an
individual’s optimistic transition function for action pair
a, t by ordering successors on the basis of the individual’s
value estimates £ ;. Thirdly, aggregated value estimates
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Combine model predictions and aggregate value estimates
of individual committes members

Figure 1: Phases of the committee of explorers’ approach.

are updated in line 14 (table 2) through the use of a combi-
nation operator C'. In this study, we augment the Bellman
value function of equation (5) to obtain the aggregated
exploration value function.

. Procedure CERL

2. Initialise prior parameter matrix M. optimistic
values £7; and aggregate values £f
Vee E.Vie SandVa € A

3. loop
4.  get current state £.
5.  seta = arg max;, {£7}, break ties randomly.
6. observe transition i ~% i
7. updatemg;; =mg ;. + 1,Ve € E.
g, loop until your ARTDP algorithm siops
9. for each explorere € E
10. choose j'
11. for each action b
12. find p j» using OMS
13. update £, ; using Eq. (5)
14, set €] = C(€) joye- g josee € je)

I5. end for

I6. end for
17. end loop
18. end loop

Table 2: Main loop of the committee of explorers’
approach
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The augmented Bellman equation is as follows.

& = max{&] ;.. EEit

where £7 ; is the exploration value function of explorer
e for state action pair a,i. & ; is obtained by invoking
equation (5) for each explorer e € E.

(6)

LR

4 Empirical Study

We study the committee of explorers using a simple but
exploration challenging task 1o provide insights into its
performance. The task and setup of the experiment is de-
scribed in section 4.1. We present results and its discus-
sion in section 4.2

4.1 Task and setup

The environment is a Meleau’s deceptive MDP of Fig-
ure 2. The deceptive MDP we used is a two action chain
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Figure 2: Task: A two action chain model.

model in which reward is a deterministic function of state
and -y is set at 0,99, The actual transition functions for the
MDP allows actions a and b to have a chance of 80% suc-
cess when executed. The agent remains in its current state
when the action fails. We carried out tests in two stages.
First, the OMS approach was applied under the following
four prior settings.

Non-informative (‘flal’) prior under | OMS flat-fat
action b + Non- informative (“flat’)

prior under action a

Informative (“inf") prior under action | OMS inf-inf

b + Informative (*inf") prior under ac-
L lion a

Non-informative (*flat”) prior under | OMS flat-inf

action b + Informative (‘inf") prior

| under action a

Informative (“inf") prior under action | OMS inf-inf

b + Non-Informative prior (“flat’) un-

_der action a

Second, we test the committee approach using two
members and set the priors for the committee as follows.

Non-informative (*flat’) prior under | Member |
action b + Informative (*inf") prior
[Ta] 10)
Informative (‘inf") prior under action | Member 2
b + Non-Informative prior (*flat”) un-
_deracliona




In addition we compared results to a baseline algorithm
in which actions were based on the optimal policy, i.e.
action a was executed at each time step.

Each run of an algorithm was 5000 time steps and re-
sults were averaged over 30 runs. All the algorithms were
run using Wiering and Schmidhuber's version of priori-
tised sweeping with a threshold for the priority queue
¢ = (0,001, and the maximum number of backups per step
set at 80. For selecting optimistic model, o was set to
0.05.

4.2 Results and discussion

Figures 3-9 show the results of the experiments. In Fig-
ure 3, we present the cumulative discounted rewards for
the OMS algorithms under the set of four different priors.
In addition, a comparison is made with the cumulative
discounted rewards obtained for the optimal policy.

We see from Figure 3 that the cumulative discounted
rewards vary for each of the five tests. As expected, OMS
inf-inf and the optimal policy (Opt.) are close exhibiting
a superior performance when compared to others. The
OMS inf-inf has a higher cumulative discounted reward
at the initial time steps. The cumulative rewards accrued
over 500 time step periods are shown in Figure 4.

In Figure 5 we plot the cumulative discounted rewards
for the committee and show how it compares with OMS
inf-flat and OMS fat-inf. The CERL approach appears
to cause the learner to obtain higher accumulated reward
during the initial stages of learning. This performance
was however not sustained with time. We observe similar
trend when we measured the cumulative rewards accrued
over 500 time step periods (see Figure 6).

We measured the model error at each time step. Model
error was measured simply as the log of squared differ-
ence between the maximum likelihood model of the ex-
plorer and the actual transition model. The results for ac-
tion a, action b and the average for both actions a and b
are shown in Figures 7, 8 and 9. As expected, the optimal
policy (Opt.) did not explore the environment and it is
unable to learn the transition model under action b.

Finally, we measured the similarity in the belief of the
explorers over the learning period. We measure similar-
ity simply as the log of squared difference between the
maximum likelihood models of the explorers. The result
of the comparison is illustrated in Figure 10. The result
shows that the explorers’ posteriors converge during the
early stages of the learning process. This result is not sur-
prising if we draw upon the seminal results of Blackwell
and Dubins ( 1962) that convergence will obtain if agenis’
priors are continuous.

5 Conclusions and Future Work

We have presented a committee approach to the
exploration-exploitation trade off problem in reinforce-
ment learning through the use of a population of opti-

mistic explorers. The performance of the committee ap-
proach is found to compare favourably to that of the single
OMS explorer at the initial stages of the learning period.
A central issue is how a knowledge of the problem do-
main can be used to effectively guide the choice and evo-
lution of committee members. This issue amongst sev-
eral others provide opportunities for future work. We are
studying the use of evolutionary methods especially re-
combination operations in the committee approach. We
are also working on the generalisation of this approach to
factored MDPs.
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Abstract

We present a framework for building agents that learn using SMART, a system that combines
stochastic model acquisition with reinforcement learning to enable an agent to model its
environment through experience and subsequently form action selection policies using the acquired
model. We extend an existing algorithm for automatic creation of stochastic strips operators (Qates
et. al 1995) as a preliminary method of environment modelling. We then define the process of
generation of future states using these operators and an initial state and finally show the process by
which the agent can use the generated states to form a policy with a standard reinforcement

learning algorithm. The potential of SMART is exemplified using the well-known predator prey

scenario. Results of applying SMART to this environment and directions for future work are

discussed.

1 Introduction

Reinforcement learning has been shown to be a powerful
tool in the automatic formation of action policies for
agents (Kaelbling et. al. 1996). There are two main
approaches: Value learning (V-Learning) which assigns a
value to each state in the system and Q-Learning, which
assigns a value to each state action pair (Sutton and Barto
1998). V-learning assigns state values by propagating back
rewards received in future states after taking an action
according to a policy. V-learning is limited in application
because it requires a model of the world in order to predict
which state will occur after each action. (Q-Learning is
more widely applicable because it assigns rewards to a
state action pair. The agent is therefore not required to
predict the future state and does not require a model. Often
it is impossible for the designer of an agent to provide a
model of the environment. Even if the environment has
been designed in software, the transition from state to state
may be impossible for the designer to predict due to
factors such as the action of other agents.

In this paper we investigate “stochastic model acquisition™.
We define this to be any system which enables an agent to
acquire a model of its environment from the environment.
To be more precise we are modelling the agent’s
perception of the environment because this is all the
information which it has access to. Initially the agent has
knowledge of the actions it can perform, but not the
effects, and has a percepive function that maps a world

* Corresponding author.
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state to a set of percep variables. The agent’s task is to
discover which variables are effected by its actions, the
conditions under which these effects will occur, and an
associated probability. Using this model the agent can
develop an action policy to achieve a goal using
reinforcement leaming. Similar work on modelling in
deterministic environments has been called “discovery” |
(Shen 1993) and *“constructivist Al (Drescher 1991).

A well-studied model based reinforcement learning
architecture is Dyna-Q) (Sutton & Barto 1998). The
algorithm suffers from the disadvantage that it relies on
statistical measures of entire state transitions rather than
state vanable transitions. These require multiple visits to
each state in a stochastic environment before an accurate
model can be built. As the number of states increases
exponentially with the number of state variables in the
system, the method quickly becomes impractical.

Our approach is motivated by a number of observations:

1. V-leamning reduces the state space for the reward
function as compared to Q-learning by an order of
magnitude;

2. Construction of a model allows us to make predictions
about state action pairs that have previously not been
visited;

3. Learning in the model, rather than through
environment interaction can reduce the learning time
of reinforcement leaming algorithms.



4. Changes in the agents goals (reward function) result in
re-learning a state-value map from the model, rather
than re-learning in the environment. A new policy can
therefore be formed with no environment interaction.

Several methods have been evaluated for representing a
stochastic environment using a factored state model
(Boutilier et. al. 1999). The most compact representation is
identified as the use of probabilistic STRIPS operators
(Hanks 1990). Other methods they describe are generally
based on two-tier Bayesian networks. These require
exponentially large storage for the probability matrix as
the number of state variables increases, unless the structure
of variable dependencies is known. This structure can be
learned but is a research area in itself. The MSDD
algorithm (Oates et. al. 1995) has been shown to be an
effective method of leaming stochastic STRIPS operators
and will therefore be used in this work.

Having generated a set of stochastic STRIPS operators, the
next stage is to generate expected world states using these
STRIPS operators. Finally we wuse a standard
reinforcement learning algorithm to create a value map and
therefore an action policy for the agent. This results in a
fully functional agent mind, generated with no human
intervention.

2 Motivating Example

The broad motivation for this research is towards
automatic action selection mechanisms for robotics,
software agent and computer game applications. For the
purposes of this extended abstract we have selected the
well known predator prey scenario, which is a very simple
example of an agent which has a limited number of actions
and a restricted perceptual system.

Figure 1 : Simple predator prey scenario. F indicates the
predator (fox) and R the prev (rabbir).

We will be using a simple predator prey scenario (Figure
1). There is a four by four grid surrounded by a “wall”.
There is one predator and one prey. The predator will be
assumed to have caught the prey when it lands on the same
square. In this instance the prey will simply select a
random action. Both predator and prey have four actions:
move north, east, south and west. An action has the effect
of moving the agent one square in the selected direction,
unless there is a wall, in which instance there is no effect.
The predator and prey move in alternate turns. The agent’s
percep gives the contents of the four squares around it and
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the square it is on. Each square can be in one of three
states: empty, wall or agent. For example a predator agent
which is situated in the north west comer of the grid with a

W

WI|E|&A

E

Figure 2: The predaror agent percep

prey to the east would have the percep <WALL, AGENT,
EMPTY, WALL, EMPTY> corresponding to the squares to the
north, east, south, west and under respectively, as shown in
figure 2.

3 Framework

The stages of the agent system are as follows: stochastic
model acquisition, state generation and policy generation.

3.1 Stochastic Model Acquisition

3.1.1 Stochastic STRIPS operators

The STRIPS planning operator representation has, for each
action, a set of preconditions, an “add” list, and a “delete”
list (Fikes and Nilsson 1971). The STRIPS planner was
designed for deterministic environments, with the
assumption that actions taken in a state matching the
operator’s preconditions would consistently result in the
state changes indicated by the operators add and delete
lists. In a non-deterministic environment a less restrictive
view is taken, allowing actions to be attempted in any
state. The effects of the action then depend on the state in
which it was taken and are influenced by some properties
external to the agents perception which appear random
from the agent’s perspective.

We follow the format for stochastic STRIPS operators
used by Oates & Cohen (Oates and Cohen 1996). A
stochastic STRIPS operator takes the form:

O=<a,cep>

where a specifies an action, ¢ specifies a context, e the
effects and p the probability. If the agent is in a state
matching the context ¢, and takes the action a, then the
agent will observe a state matching the effects e with
probability p.

Contexts and effects of operators are specified as a list of
tokens representing the percep and the action of the agent
in the order described in section 2, with the addition of a
wildcard symbol (*) denoting irrelevance, which matches
any token.

As an example of the use of wildcards, consider the
following operator:



<MOVE EAST, (* WALL ***), (* WALL* * *)> Prob:1.0

In this example: a is MOVE EAST, ¢ IS (* WALL* * *), € is(*
WALL™***) and p is 1.0.

This operator specifies that if the agent chooses to move
north and the contents of the square to the north is detected
as WALL then the contents of the square to the north of
the agent on the next time step will still be a wall, with
probability 1.0. The wildcards specify that this condition is
irrelevant of anything else that the agent observes'. The
percep order is as specified in section 2.

3.2 Learning STRIPS operators

We have chosen to use Multi-Stream Dependency
Detection (MSDD) (Oats et. al. 1995) to learn the STRIPS
operators in this context. Although inductive logic
programming (ILP) (Muggleton 2000) is powerful in its
domain area of learning predicate logic rules, it 1s still an
open research area to generate reliable stochastic logic
rules with the system. MACCENT is another inductive
logic system specifically designed for learmning stochastic
rules (Dehaspe 1997), but i1s not well suited to large rule
sets. MSDD has been chosen for its suitability to deal with
the domain area, and has previously been shown to be able

to generate stochastic STRIPS operators from data (Oates
and Cohen 1996).

3.2.1 MSDD

Formal statements of both the MSDD algorithm and its
node expansion routine are given in the algorithms below.
MSDD is a batch algorithm and uses H, the precep data
observed by the agent in the preconditions-effects format
shown in section 3.1.1. The function f evaluates the best
node to expand next and typically counts the co-
occurrence of the node’s preconditions and effects. This
requires a complete pass over the data set H.

MEDD (H, £, maxnodes)

1. expanded = 0

2. nodes = ROOT-NODE()

3. while NOT-EMPTY (nodes) and expanded < maxnodes

do
a. remove from nodes the node n maximising

E(H,n)
b. EXPANDI(Rn), adding its children to nodes
<. increment expanded by the number of

children generated in (b)

EXPAND (n)
1. for i from m down to 1 do
a. if n.preconditiona[i] = **' then
return children
b. for £t & Ty do
1. child = COFY-HODE (n)
ii. child.preconditions[i] = &
iii. push child onto children
2. repeat (1) for the effects of n
3. return children

' Note that the agent’s percep does not include the agent itself.

This algorithm does not specify which children should be
generated before others, but does ensure that each
dependency is explored only once, and facilitates pruning
of the search. For example, all descendants of the node

<%, (WALL * * * %), (WALL ** * *)>

can be pruned because there 1s no need to explore rules
with a wildcard in the action position, and all descendants
of this node will be expanded from the rightmost wildeard
resulting in children with no action.

We have made two changes to standard MSDD. The first
is in EXPAND (b.iii). We check that the generated child
maiches at least one observation in the database before
adding it to children. For example, MSDD can generate
the rule =* (WALL WALL WALL * *), (* * * * *)>, but in our
environment the agent can only observe a maximum of two
walls (when it is positioned in the comer of the map). A
check against the data set will reveal that the generated
rule has no matches and can be eliminated from the node
list, along with it’s children as a consequence. This
prevents the generation of a large number of incorrect

rules, which would have been eliminated in the “filter”
stage of MSDD.

The second change 1s that the effect part of the rule is only
allowed to have one non-wildcard element. We have made
this change because a very large number of rules are
generated by standard MSDD. Combining individual effect
fluents can generate complete successor states. This has
the disadvantage that illegal states can be created, such as
“WALL WALL WALL * *>. These can, however, be eliminated
using constraints (section 3.3).

3.2.2 Filter

The second stage of MSDD is the “filter” process, which
removes specific rules already covered by more general |
ones. For example, <C, C; * * *> 15 a more specific version |
of =C; * * * *=_ If the condition C; has no significant effect
on the probability of the rule then it is unnecessary. For |
example, MSDD could generate two rules as follows: '

<MOVE NORTH, (WALL WALL * * *), (* WALL * * *)> Prob- 1.0
<MOVE NORTH, {(* WALL * * *), (* WALL * * *)> Prob: 1.0

Both of these rules tell us that, if the agent moves north
and there was a wall to the east, it will observe a wall to
the east on the next move. The extra information that there
was a wall to the north does not affect the agent's
subsequent observation. More general operators are
preferred because a reduced number of rules can cover the
same information. For operators which do not have a
probability of 1 we are testing, for an operator O = <a, ¢,
e, p=, whether Prob (e | ¢, ¢ a) and Prob (e | ¢;, a) are
significantly different. If not, the general operator is kept
the specific one discarded.




FILTER (D, H. g)
1. sort D in non-increasing crder of generalicy
2. £= (]
3. while NOT EMPTY (D)

a. 5 = POFRID)

b. FUSH (&5, 5)

c. fter d & b do

if SUBSUMES (s, d) and Gis, d, Hl < g then
remove d from D

4. Return £

Where [ is the set of dependency operators generated by
MSDD. H is the history of observations made by the agent.
SUBSUMES(d,. d.) 15 a Boolean function defined to
return true if dependency operator 4, 1s a generalisation of
dy. Gld;, o5, H) returns the G statistic to determine whether
the conditional probability of d,’s effects given its
conditions is significantly different from d,'s effects given
its conditions. The parameter g is used as a threshold,
which the G statistic must exceed before d;, and d, are
considered different’.

For example, dependency d, below returns a very low G
statistic when compared with d,:

dp=MOVE NORTH, (WALL * EMPTY * AGENT). (® * * * AGENT) >
dx<MOVE NORTH, (WALL * * * AGENT), (* * * * AGENT) >

The additional condition that there is an EMPTY square to
the south does not effect the probability of an agent being
present on the square it inhabits after a move north (which
will be the same square because there is a wall to the
north). The predator agent already has the information that
the prey is in the same square and that there is a WALL to
the north. so the square to the south will either be the prey
or be empty irrelevant of the empty square to the south.
For an explanation of calculation of the G statistic see
Oates et. al. (1995).

323 Rule Complements

When running MSDD on data collected from the predator
prey scenario, we observed that the “filter” process
occasionally filters rules and not their complements. For
example the filter process could filter d; below, but leave
dﬁ

di: <MOVE NORTH. (WALL WALL * * AGENT). (* * * * AGENT) =
d:: <MOVE NORTH., (WALL WALL * * AGENT).(** * * EMPTY) >

This would cause a problem in the state generation
(section 3.3), because the rule generates only states with
agents present. To avoid this we have added a further step
to the algorithm in order to search through all gencrated
rules checking that their complement rules are present.
This process is less problematic in our system because
rules only have effects in one fluent.

* A valuc of 3.84 for g tests for statistical significance at the 5%
level.
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AddRuleComplements (D, H)

for d & D do
F = d.effect

for fValue € possibleValues (f£)
if fValue not equal to f.value
newRule = copy of 4 with 4d.effect zer co
fivalue
if newRule is not present in D
if newRule has mateh in H
add newRule co D

The above algorithm goes through all rules in the learmed
dependencies, D, checking that all possible values of its
effect fluent are either present in D already or do not
match any observations in the history A. If a missing rule
is found it is added to D.

3.3 Generating States from learned
rules

The state generator function of the SMART learning
process generates all possible next states, with associated
probabilities, for an action that the agent could take in a
given state. These states are generated using the rules
learned by MSDD from the history of observations. This
statc generation process is necessary for the agemt to
generate a state value map using reinforcement learning
{section 3.3.5).

Our modified implementation of the MSDD algorithm
generates a set of rules with only one fluent in the effects
part in order to reduce substantially the number of rules
that must be evaluated. When we match these against some
initial conditions, such as:

<MOVE EAST, (EMPTY WALL WALL EMPTY EMPTY )=

The subset of the generated rules matching these conditions is
shown in Table [,

Table I: Subset of the generated dependency rules
matching the condition <MOVE EAST, (EMPTY WALL WALL
EMPTY EMPTY)=. E = EMPTY, W = WALL and A = AGENT. The
table shows the rule set afier removing general rules
isection 3.3.1).

Conditions Effects Pr
Action | N JE] S |[wlUlIN]JE][S|WwW[U
AST | *» [w ] =] s« wl=]=«]=])p
EAST ] L] 1.\,' L] - k] L] “r L] L] I_n
EAST E|JW]| * Eill ™ - * £ lal =007
ERST [ E W el e E T i
EAST EJW[ ] =1EJA]*]*]*]"+*]o003
| EAST | E | W[ * - E|]E iy . " * 1097
EAST | E| * | Wl EVT YV A]*] =] 2] =V
EAST | E]l * W] E]*JE]*][*]"]*]owm
EAST |E|W]*|EJE]*]1*]**]|ENID




Notice that the rule set correctly tells us that moving east
when there is a wall to the east results in us still observing
a wall 1o the cast. Also moving east with a wall to the
south results in a wall to the south irrespective of any other
contextual information. The rule set captures all the

information we require for the given state and action and

has the advantage that rules are also applicable to many
other states.

The generated rule set for a given situation can provide
several rules for each output fluent. To generate individual
states from these rules we have to decide which rules are
more relevant in the given situation. The following
sections describe the process by which we choose rules,
and why the decision was made to process the rules in this
way. The stages of the state generator are:

1. Remove general rules covered by specific.
2. Remove rules with less specific effects.
3. Generate possible states and probabilities.

4. Remove impossible states using constraints and
normalise the state probabilities.

The output of the state generator is a table of states and
associated probabilities.

3.3.1 Remove General Rules Covered by

Specific

The subset of the generated rules that apply to a specific
state action pair may contain rules with different
conditions applicable to the same effect fluent. If the
environment has not been well explored by the agent, a
general rule may be more reliable because a specific rule
will not have been encountered as often in the history of
observations made by the agent. If, however, the agent has
been allowed to explore the environment extensively, as
was the case in our experiments, we can assume that a
specific rule is likely to contain more relevant information
than a general one. An expansion to the system would be
to choose less specific rules depending on the statistical
confidence measure of each rule. This is a subject for
further research.

General rules are removed by searching through the rest of
the dependencies for other nodes with an effect for the
same fluent. If another rule is found which is more specific
the general rule is removed. Rules with equal specificity
are not removed.

RemoveRulesCoveredBySpecific(rules)
sort rules in non-increasing order of generality
for rule € rules
for testRule € rules after rule
if effaccFluent of rule iz same
position as affectFluent of testRule
if rule.wildecards » testRule.wildecards
remove rule from rules
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Table 2 gives an example of rules that were removed to
give the rule set in Table 1. The rules were removed
because a more specific rule was available for the same
effect fluent.

Tabie 2: The first two rules in the above table were removed
because the specific rule (in bold) covered them.

Conditions Effects Pr
Action | N E|SIWIUNINIE|SIWIU
EAST | = [ = [« [EJ«J el «1 1 +1T 40004
EAST | * [ * [ *[EJ*T*T*1T*1=*1TE[o9s
EAST | E |[W| * |[E|JEJ*|*]~|*|E[10
3.3.2 Remove Rules With Less Specific
Effects

MSDD generates rules with equally specific conditions but
less specific results. Rules which are more specific in the
effects part are providing us with the information that the
given effect cannot arise in this context. We can therefore
eliminate the less specific effects. The rules shown in
italics in Table 1 are removed by this part of the state
generation process, because other rules exist with equal
specificity of effect.

removelbagaSpecificOutcome (rules)
for rule € rules do
effectP = position of effect in testRule
NumEffects = countRules (rule.conditions,
effeceP)
for other € matchingNodes do
if octher has same effectP and game
conditions
aotherNumEffeces
= countRules |{other.conditions,
affascP)
if otherNumEffects »m NumEffecEs
removeRules{other. conditions, effectP)
elge if otherNumbOfEffects = 0

removeRules (rule.conditions, effectP)

If we do not remove rules with less specific effect in this
way the state generator can produce states which could not
occur In the real environment. Consider for example the
rules in Table 3.

Table 3: Removing rules with less specific ontcomes. Rules in
fralics are removed because their outcome is less specific than
the ather rules with the same effect Twens.

Conditions Effects Pr
Action ) E b= W 4] | M E 5 WilUu

NOR E S R ST B | [ o [EE 40 PR e O (BT (kT
NOR E E W ® E A by . ! A
NOR E E L E E | E - » i * | oa7
NOR 3 [ S | E | A = s - * 0005
NOR | ENEl~ETETw]l "+ *]*|oss

The rules removed by this process, shown in italics, state
that a move north could result in a wall to the north. In fact
there is a wall to the south in the original state. A move
north could, therefore, only result in an empty square or an
agent. as there is no situation in which the agent can move



from one wall 1o another opposite in a single move in the
environment.

3.3.3 Generate Possible States

The possible states are generated by:

1. Creating a new state from each combination of effect
fluent values in the remaining rules.

Z. Multiply the probability of each effect rule to
generate the probability of each state,

The states generated from the rules in Table 1 are as
follows:

Table 4: Possible after states for the given state and action
generated from the rules in Table 1.

[ NORTH T EAST | .‘.r.'."ﬂﬂ;tr...‘;ﬁ&kL [ WEST T UNDER [P
WALL

EMPTY | WALL EMPTY | EMPTY | ~09]
EMPTY | WALL AGENT | EMPTY | ~0.07
AGENT | WALL | WALL | EMPTY | EMPTY | ~0.02
AGENT WALL FI".*J'E;_{. AGENT EMPTY ~{L NI

There were two rules for the “north” fluent with results
EMPTY and AGENT, and two rules for the “west™ fluent with
results EMPTY and AGENT. The other rules had one result
each resulting in a total of: 2 * | * 1* 2 * | = 4 possible
states. The probabilities are found by multiplying together
the probabilitics of the rules which resulted in these
fluents.

3.3.4 Remove Impossible States with
Constraints

Some of the states generated could not occur in the domain
arca. For example in the predator prey scenario the
operators may generate a percep with two agents, when
there is only onc agent in the world. We would ultimately
like our agent to generate its own constraints that tell it
which world states are impossible, A rule such as
IMPOSSIBLE (* * AGENT AGENT *) would allow elimination
of the impossible world states generated. For the pUrposes
of this paper, we will be using a user-defined set of
constraints. If we do not use these constraints the
crroncous generated states can propagate to create world
states where there are five prey agents, or walls surround
the predator agent, and the model becomes meaningless as
it is too far detached from the real world states. C urrently
our system simply removes impossible states by checking
that cach generated state does not contain more than one
agent, or walls opposite each other. This method breaks
the principle of an autonomous learning agent that learns a
model of its environment without human intervention. A
constraint generator will therefore be the subject of future
research.

After elimination of illegal states the probabilities of
remaining states are normalised by dividing the probabilit ¥
of each state by the total probability of all generated states
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to give the final states. The state in italics in Table 4 is
removed by this process because it contains two agents.

3.3.5 Removing Unused Rules

In the present system the state generator has to continually
scarch through the dependency list and remove general
rules which are covered by specific ones. We could reduce
both the size of the rule set, and the time taken 1o generate
states by removing general rules which are never used to
generate states from the rule set as follows:

Starting from the most general rule, in order of increasing
specificity, we check to see if there is a set of more
specific rules entirely covering the possible observed

values of each wildcard fluent. If, for example, the rule set

below exists:

di: <sMOVE NORTH. (* * * * AGENT).(*** * AGENT) =
dy: <MOVE NORTH, (* * * * AGENT). (**** EMPTY) =

The following more specific rule set would cover the
above rules and cause them to be unused:

di: <MOVE NORTH, (WALL * * * AGENT), (**** AGENT) >
dx: <MOVE NORTH, (WALL * * * AGENT), (**** EMPTY) >
ds: <MOVE NORTH. (EMPTY * * * AGENT), (** % * AGENT) =
di: <MOVE NORTH. (EMPTY * * * AGENT). (****EMPTY)>

Notice that the more specific rule set covers WALL and
EMPTY. but does not have an AGENT value. In our predator
prey scenario it is not possible to have two agents in one
percep. These rules therefore cover all fluent values with
the remaining value finding no matches in the database,
This feature has not been implemented in the current
system.

3.4 Generating Policies

We use standard reinforcement learning techniques to
gencrate a policy for the agent. The acquired model allows
us to use value iteration, which is a simple and efficient
method of generating a value map for the agent (Sutton &
Barto 1998). The update equation for value iteration is
given by:

Vier(s)=max 3 LIRS+ Wi(s)]

The value of state s on pass k +1 of the value iteration is
calculated by taking the maximum valued action. The
value of the action is equal to the sum for ' of the
probability of action leading from state s to s’ multiplied
by the reward plus the discounted value of state s* on pass
k.. In order to generate a value map, we start with a state
generated by a random initial position of the predator prey
scenario and add this to the value map. A single entry in
the value map is as follows:

Stare, Value, Reward



State is a percep (e.g. <WALL. WALL, EMPTY, EMPTY,
EMPTY=>). Reward is set to a positive value if there is an
AGENT in the last position of the percep (corresponding
to the predator catching the prey) and zero or a negative
value otherwise. Vafue, for each state is then generated by
repeated application of the following algorithm, with the
next state to refine picked at random from those generated
in the getCreateStateValue step of the algorithm below.

refineValue (gtate, actions, valueMap)
maxiEility = 0
for action € actions do
nextStatesAndProb = generaceScates (SEaca,
action)
actionUcilicy = D
for afcerState € nextStatesAndProb
getCreateStateValue (afterStace)
acticnlUtility += afterStace.probabilicy *
{afcerScace.value * ¥ + aftaerState.reward)
1f (acticnUEility > maxUEilicy)
maxUtilicy = actionUtility
getStateValue (valueMap, state, maxUtility)

4 Empirical Results

Performance of the policy generated by SMART learning
was assessed by tested against a standard Dyna-Q
algorithm (Sutton and Barto 1998). Dyna-Q is a model
based leaming system, which uses a state map generated
by recording the frequency with which each action in each
state leads to the next state. Dyna-Q has previously been
applied to the predator prey scenario presented in this
paper (Varsy 2002). We therefore repeat the test
conditions used for this work wusing the SMART
framework, for the purposes of comparison.

4.1 Test Conditions

An experimental run consisted of a sequence of trials or
episodes that end after the prey has been captured. In the
first trial of each run, the predator and prey are given the
start position as indicated by Figure 1. The result of an
experiment was the number of steps required for the
predator to catch the prey averaged over 30 runs. Each run
was 2000 steps, giving 1000 moves for both the predator
and prey agents.

In our test environment we allowed the agent to gather a
perceptual history (H) from 10,000 iterations of the
environment. Our extended MSDD algorithm was
subsequently run on the observation history to gencrate
stochastic STRIPS operators. The state generator and
reinforcement learning algorithm were then applied for
2,000 iterations to generate a value map. Reward was set
to 1.0 for a state where the prey agent is “under” the
predator, and 0.1 otherwise. The discount factor (y) was
0.9. The environment was then run according to the test
conditions. On each environment update the predator agent
picked the highest utility action. This was achieved using a
similar process to the selection of highest utility action in
the “refineValue™ algorithm (section 3.4).
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Table 5: Average life-span of prev under test conditions

Action Method Prey life-span
Random moves 16.37

Dyna-0) 7.04

SMART lcarning 9.72

Both predator and prey taking random moves resulted in
the predator being on the same square as the prey every
16.37 moves. This result is expected. There are 16 squares
in the gnid and the predator will randomly oceupy the same
square roughly once every 16 moves. The extra fraction is
probably due to the start positions being at opposite ends
of the grid.

Using Dyna-Q the predator caught the prey in an average
of 7.04 moves. Dyna-Q was required to leam a policy
during the run, and, as the predator and prey take alternate
turns, half the moves are taken by the prey and although
random, are likely to result in the prey evading the
predator.

SMART learning resulted in the predator catching the prey
in an average of 9.72 moves. Initially this might appear to
be a low score when compared to Dyna-Q), because the
agent enters the world with a fully formed policy. An ideal
state action policy should result in the predator being able
o move onto the prey’s square every time it moves once it
has caught it the initial time. This would result in a prey
life-span of approximately 2 moves. The SMART learner,
however, is a state-value method, and does not have access
to the immediate effect of its action as it perceives just

W W W
WIE|A E|A]|E AlE|E
P1| E Px| E P2| E

Predator: Prey:
Move East Move West

Figure 3: Order of perceptions in predator-prey scenario

before it moves and not just after. The prey takes a move
between these two perceptions, so the predator is only able
to learn by an approximate method.

Figure 3 shows order of perceptions from the perspective
of the predator. The predator initially has the perception
Pl. The move east action takes the predator onto the
agent’s squarc. The predator, however, does not observe
the percep Px, because it is the prey’s turn to move. When
the predator observes again at P2 the prey has moved out
of the capture square. Methods such as Dyna-Q suffer less
from this problem, because reward is associated with the
state, action pair (e.g. <P1, Move East>) and the predator




is therefore able to associate rewards with the actions
which produced them.

Despite this problem, SMART leaming enabled the agent
to form a good policy in the predator prey environment
and the failure to form an optimum policy owes more to
the experimental conditions than a problem with the
learning techmique itself.

5 Conclusions and Future Work

We have presented a framework for stochastic model
acquisition, which promises to be a powerful extension to
the reinforcement learning paradigm. We have shown how
to overcome some of the problems encountered when
atiempting to generate next states from automatically
acquired STRIPS operators and demonstrated that action
policies can be developed using a model represented by
these operators.

The ability to learn a model of the environment through
experience automates an otherwise difficult or impossible
process for an agent designer. Future experiments aim to
demonstrate that the agent can keep important experience
when its goals are changed and the designer is able to
change the reward structure and learn a new policy without
the need for expensive interaction with the environment.

The use of a rule leaming method to acquire a model
provides an accessible format for a human designer. If the
system 1s not performing as the designer wishes the rules
can be investigated and anomalies spotted more easily than
with a black box learming system such as a neural network.

Subjects of further research will include:

* Testing the system in an environment more suited to
model based learning, in which the results of action
are immediately perceivable by the agent.

* Evaluation of rule learming methods in environments
with greater independence between state variables,
where stochastic STRIPS operators are likely to more
efficiently compress the environment model.

* The addition of a parameterised value learning system
to estimate state values, allowing compression of the
state value map (Tesauro 1994)

e Investigation of stochastic predicate logic rule
learning methods to learn stochastic situation calculus
rules (Muggleton 2000). This would also require the
use of a relational reinforcement learning method
(Dzeroski et. al. 2000) to learn state values.
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Abstract

We identify a specialised class of reinforcement learning problem
gathering information (identifying the hidden state). The
optimal behaviour. Exploiting this characteristic. an al
against all possible hidden state histories at the same ti
in a two-dimensional multi-pursuer evader searchin

in which the ageni(s) have the goal of
gathered information can affect rewards but not

gorithm is developed for evaluating an agent’s policy
me. Experimental results show the method is effective
g task. A comparison is made between identical policies,

Joint policies and “relational” policies that exploit relativistic information about the pursuers’ positions.
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1 Introduction

We address the reinforcement learning problem (Sutton
and Barto, 1998) for episodic tasks in partially observ-
able environments. These tasks are characierised by the
presence of “hidden state” which is not observable by the
agent, although it may be revealed over the course of a
trial.

For example, suppose the task is to search an area of
the ground using a robotic vehicle (the pursuer, under
the learning agent’s control). Initially, the pursuer may
only know that the evader (another vehicle perhaps) is
within some given uncertainty area. The pursuer may also
have available a dynamics model that determines how the
evader could move over the course of a trial. The goal is
simply to bring the evader within detection range of the
pursuer’s sensors (and at this point the trial ends). There-
fore the only use that the pursuer can make of its SCNSor
measurements during the course of the trial is to elimi-
nate regions of the search area: i.e. the pursuer must rea-
son about where the evader could be. This is an extreme
example of a dual control problem: an agent must take
actions to gather information on the wa ¥ to its goal.

If the means available to the agent for observing the en-
vironment (e.g. sensors) do not allow the agent to gather
instantancously all the information that is relevant to its
decision-making, then the task is a pariialfy observable
(PO) one. In PO tasks, reactive policies based on only
the instantaneous obscrvations are rarely effective: it is
necessary for the agent to fuse information over time to
make best use of the observations {and initial informa-
tion). The searching task is a good example: the instan-
taneous observations are identical at every time step until
the evader is found, and so no useful memoryless policy
could be found. However, if the agent uses the observa-
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tions to modify a longer-term memory representing where
the evader could be at the current time, it can use this
memory as the foundation for decisio n-making.

A standard model for reasoning about PO environ-
ments is the Partially Observable Markov Decision Pro-
cess (POMDP). This models the transition dynamics of
the (full) environment state, the expected return for ev-
ery (state, action) pair, and a stochastic function mapping
states to observations. Most success for large POMDP
problems has come from restricting the complexity of
learning by choosing the agent’s policy from a param-
eterised family (our approach), rather than estimating
state-action values for every information state. The learn-
ing problem becomes one of finding appropriate policy
parameters. However, even with parameterised policies
there remains a difficulty in how to define the ‘inputs’
to the policy. In fully observable problems, these Inputs
should be a compact representation of the state (a fea-
ture vector) that carries with it all information relevant to
decision-making. Similarly, in PO problems the inputs
can be information feamres that encode aspects of the
belief relevant to decision-making. For example, in the
detection task where the belief is an evader uncertainty
arca (EUA), candidate sets of features might include in-
formative points in the EUA (center of mass, extrema of
boundaries) or spatial moments of the distribution.

Section 2 gives formal descriptions for a POMDP and
the proposed specialisation and information gathering
problem. Section 3 introduces recursive Bayesian filters
for tracking beliefs, including the particle filter used in
the experiments. Section 4 describes a set of appropri-
ate information features for the searching task, and three
types of policy parameterisation (individual, joint, and re-
lational). Section 5 describes a fast way of learning in
information gathering problems that exploits conditional
independence between the true hidden state and the opti-
mal behaviour, given the belief. Section 6 describes di-
rect search methods for finding effective policy parame-




ters. Section 7 descnbes evaluation of the approach using
a multi-pusuer evader task, and section 8 concludes.

2 A special class of POMDP

Before describing a specialised version of the POMDP
for information gathering problems, with give a formal
description of the existing MDP and POMDP models. An
MDP is a discrete-time model for the stochastic evolution
of a system’s state, under control of an external input (the
agent’s actions). It also models a stochastic reward that
depends on the state and action.

Definition A Markov Decision Process is given by
< X,A. T, R > where X is a set of states and A a set
of actions. T is a stochastic transition function defin-
ing the likelihood the next state will be ' € X given
current state = € X and actiona € A: Pp(z'|z,a). R
15 a stochastic reward function defining the likelihood
the immediate reward will be » € R given current state
r € X and action a € 4: Pr(r|z, a).

A POMDP is a general-purpose discrete-time mathe-
matical model for rcasoning about single-agent interac-
tion in the presence of partial observability. The POMDP
assumes that the agent receives observations that do not
necessarily convey the full hidden state of the environ-
ment.

Definition A POMDP < X A T,R. Y. () > builds
upona MDP < X, 4, T. R > by adding a set of obser-
vations }” and an observation function () that generates
stochastic observations from the hidden state accord-
ing to Po(y|x).

2.1 Optimal behaviour in POMDPs

Reinforcement learning for partially observable problems
15 generally more difficult than for fully-observable ones.
The reason for this can be seen by analysing optimal be-
haviour in a POMDP (assuming all parts of the POMDP
are known' ). Optimal behaviour is given not by a pol-
icy that maps observations to action probabilities, but by
a policy that maps beliefs to action probabilities. The
agent’s belief is the estimate for P{x|H) where H is the
complete interaction history. This belief is a probability
distribution over X', It is possible to find the agent’s op-
timal policy by constructing a MDP from the POMDP
but with a much larger state space corresponding to the
set of possible beliefs. This larger MDP can, in theory,
be solved by standard RL methods. In practice, however,
the belief space is usually so large that the methods are
intractable without some kind of approximation. For ex-
ample Thrun et al. (1999) estimated state-action values

VIf the observation. transition and reward functions of the POMDP
arc not known a priori an even more diffi cult leaming problem is en-
counterad.
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for a discrete set of belief ‘exemplars’, each correspond-
ing to a particle filter estimate of the belief. The KL di-
vergence was used as a distance-measure between infor-
mation states, to allow the nearest neighbor exemplar to
be found for cach information state encountered during
learning. In the worst case, the belief space has size ex-
ponential in the number of time steps of interaction.

1.2

Now we investigate special cases where part of the state 1s

Information gathering problems

fully hidden. By fulfy hidden we mean that observations

that depend on this state do not affect optimal behaviour
(and are therefore excluded from the model). Firstly, sup-
pose that the fully hidden state represents the location of
a physical entity (e.g. a vehicle) and that the agent's only
goal is to discover this information. When the informa-
tion is discovered the trial ends. In this case the agem
knows 1ts own physical state, and observations convey
no information about the hidden state until the end of the
trial. Therefore optimal searching behaviour is not depen-
dent on these observations. More generally, consider an
agent that aims to discover some part of the hidden state,
but passes the information on to another agent for action.
The trial does not end, but from that point on the agent has
“no interest” in that part of the state. An example would
be a remote surveillance system (e.g. a relocatable satel-
lite) that must plan its own course to gather imagery at a
set of locations, and report this information for interpreta-
tion by another system (e.g. a ground station). This is an
example of a continuing information gathering problem
(1GP) for which the following definition is proposed:

Definition An  IGP is given by <
X.5. AT T* R > The fully hidden part of
the state # € .\ evolves according to a transition
function Pr.(x'|x.5.a). The observable part of the
state 5 € S evolves separately according to a transi-
tion function Py.(s|s.a). I defines the stochastic
immediate reward Pg(r|z, s, a) which may depend
on both the hidden part and the observable part of the
slate.

Mote that there is no observation function because the
observations are identical to the observable part of the
state (5). The observable state could incorporate the phys-
ical state of the agent(s) and any other observable scenario
information. A stationary policy for the agent is now a
stochastic function of (i) the belicf b = P(x|H) over the
fully hidden state and (1) the fully observable state:

w(b.s.a) = Plalb. s)

The benefit of this new formulation is that the belief
b evolves independently of the actual fully hidden state
x. (There are no observations to convey information
about it.) The belief b is obtained simply by a recursive
Bayesian filter that has no information update step.



3  Recursive Bayesian filtering

In many applications it is feasible to estimate the belief
(even when is not feasible to enumerate the space to rep-
resent a value function). Using the POMDP notation, the
full state of the environment is a vector x, representing the
position and motion of one or more objects. The belief is
a probability density for x4 given the interaction history
HF = {.—1;_],1;} where .-l.r_[ = fﬁ‘.] ..... ﬂ!‘—i} 15 the
action history and }; is the observation history, and the
initial information P(xg). The recursive Bayesian filter
makes use of a dynamics model Pr(2'|x. a) and an obser-
vation model Py (y|z) to recursively estimate the belief:

P |40Y0) = [ PlarlH)Pr(zia o, an)ds

- I

P41 Hr41) < Poltesr|041) P(2ear|Ar, Ye)

There are many possible implementations. The
Kalman filter approximates the belief by a multivariate
Gaussian. Particle filters use a ‘cloud’ of samples as the
representation, allowing multi-modal distributions to be
represented. Grid-based filters discretise the state space
and store a probability at each grid point.

3.1

Our experiments make use of the particle filter (Doucet
et al., 2001) because it is very easy and convenient to
work with: it represents the belief as a sum of weighted
hypotheses {(xi. wi)}:

The particle filter

i
P(x4|Z:) = Y wid(z],x¢)

i=1

The update can be implemented (separately for cach parti-
cle) by importance sampling, using a some proposal den-
sity -:,'r{rj_:l |:r,’ Hy.41) then re-weighting the particles ac-
cording to:

i i Polyilaf) Pr(zi,, =i, a)
iWgy OC Wy - :
qlt ey |2h: Hisa)

Over the course of time, the weights of the particles may
become imbalanced causing the set of particles to be a
poor representation of the true belief. To overcome this
problem, resampling is usually necessary. Resampling
makes all weights equal, but there tend 1o be more copies
in the new population of the particles that had the largest
weights,

3.2 Particle filter for fully hidden state

The full recursive Bayesian filter is not required in infor-
mation gathering problems. In particular, there are no ob-
servations conveying information about the hidden state,
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and so the belief depends only on the initial distribution
P(irg) and the dynamics expressed as a transition model
P (&y41 |y ay) (now using IGP notation). The update
becomes a single step:

F{Tf+1iHr+:}| =/ F{ﬂ‘rFHr}'F{Tr-:rt|ffrﬁr~ﬂr]ffi"r

where Hy = (A;-1.5;¢) and §; = (sy....,8) is the ob-
servable state history. We will be use this “history” filter
for two different purposes: representing an agent’s beliefs
and representing an ensemble of scenarios for evaluation.

A detection event in the pursuer-cvader problem will
lead to the weight of the corresponding hypothesis being
set to 0. If resampling were then to take place, these zero-
weight hypotheses would be replaced in the filter by du-
plicates of other hypotheses; i.e. the computational effort
of the whole particle filter would be focussed on cases
where the evader would not yet have been intercepted.
However, there is a strong argument for not resampling?.
Given that no computational effort is expended on zero-
weight particles, the processing requirement will be pro-
portional to the likelihood that the evader has not yet been
detected. This implies that, without resampling, compu-
tational load is matched to the maximum change in to-
tal return from the trial. Therefore, in the pursuer-evader
problem, the particle filter has been reduced to a very sim-
ple update for cach hypothesis. implementing the evader's
instantaneous motion.

4 Policy parameterization

The uncertainty in the evader's location is given at any
instance in time by a belief consisting of Ny = 256 hy-
potheses (particles in the filter). To pose the problem as
one of direct policy search, a set of information features
is required that summarises the set of particles adequately
for robust decision-making. This process is sometimes
called belif compression (Roy and Gordon, 2002) The fea-
tures described here make use only of the position part of
cach particle’s state.

4.1

Let (x;, ;) be the position vector for hypothesis i ex-
pressed in a coordinate system of a pursuer of interest®,
To obtain a compact set of information features, we in-
tegrate over the particles using a small number of basis

Information features

*However, resampling is required if the transition funetion does not
assign similar probabilitics 1o all feasible outcomes,

*This coordinate system has its x-axis parallel to the pursuer's ve-
locity vector. A nonlincar transformation is also applied: a displace-
ment of (e, 1) in the pursuer's coordinate system is mapped to (x, y) =
(u/{ Rosqrtjul}, v/{Rosgrt|v|}). in order to provide more spatial
resolution close 1o the agent. Ry is a constant that will determine the
effective spatial extent of the basis functions, and is chosen equal 1o 512
in our evaluation.



functions ¢, for j € {1,2} and k € {1,2.3,4}. A suit-
able set is given by the regularised spatial derivatives:

ojelx.y) = H(j, 2k - 2)
where:

e oy IE + H‘E
Bz By 2

These basis functions are all derivatives of a Gaussian dis-
tribution placed at the origin (of the pursuer’s coordinate
system). They are mutually orthogonal and (multiplica-
tively) separable in the two axis directions. Only even
derivatives are selected in the y-direction; the odd ones
are of no interest as a result of symmetry in the prob-
lem.This yields a set of information features:

H(m.n) = )

exp(—

1
ik = J—;.;;'; Zﬂ;ﬂﬂ‘-nyi}
We then define an information-state value function:
Valzipi) = Z ﬁiﬂ'cii'z.ik
ik

ji is a constant that ensures the magnitudes of the infor-
mation features are balanced:

M f / @3 (@, y)dydz
£l

The 2x4 parameter matrix o will be the target for learning.
We make use of the smooth dynamics to avoid computing
1" explicitly. Instead, cach pursuer selects its action (turn
left or turn right) according to the sign of the gradient of
1" with respect to the angle # of its velocity vector. The
gradient is given here without proof:

av _ .
= Y > CiedxiH (5. 2k—1)—y:H(j +1.2k—2)}
e

Since only the sign of the gradient is used to determine the
pursuer’s action, an arbitrary scaling of & will not affect
its behaviour. This redundancy is eliminated by requiring
flaf| = 1.

4.2 Joint and relational policies

In general, every pursuer need not be given the same pol-
icy. Instead, the problem can be regarded as a search
for the joint policy (a,...,an,) which has 8Np di-
menstons. We will evaluate whether the extra represen-
tational freedom (and complexity) of a joint policy can be
exploited.

In order to allow any number of pursuers to cooperare
without the policy size increasing, a simple relational pol-
icy has also been designed. Every pursuer has a copy of
the policy which consists of two components: « (as be-
fore) and 7 which contains information about the relative
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positions of the UAVs. 3 affects the value function in the
same way as a except that the basis functions are summed
over pursuer locations instead of particle locations:

el

1
=ik = No=1 Zﬂjk{ﬂ'h!ﬂ)

Valzr.mn) = ) BuCirzli!
J.k

where (x;, ;) is the location of pursuer | expressed in the
coordinate system of the pursuer for whom the decision is
to be made. Using relational policies, it is the gradient of
the combined value function 1, +17; that determines each
pursuer’s action. The dimension of this policy is 16 no-
matter how many pursuers are present. (Also, the number
of pursuers taking part in the search could change dynam-
ically during a trial.) This approach will be evaluated to
determine whether pursuers are aided by taking account
of each other’s locations.

5 Dual particle filter method

One major benefit of identifying the problem as an “infor-
mation gathering process” rather than (the more general)
POMDP is that specialised solution methods can be de-
rived. In the pursuer-evader problem, the pursuers’ loca-
tions are the fully observable state (s) and the evader’s lo-
cation 1s the hidden state. When the evader comes within
detection range of a pursuer, the trial ends. Therefore,
the hidden state is never used to determine future actions:
i.e. observation of the hidden state conveys no informa-
tion about optimal behaviour (pursuer policy). The im-
plication of this is that any praposed policy can be tested
against all possible hidden siate histories in parallel. The
outcome of a parallel trial is not success or failure (evader
detected or not) but instead the proportion of the histories
in which the evader was detected.

The method proposed here uses one particle filter to
represent the pursuers’ beliefs about the location of the
cvader, and a separate particle filter to represent hidden
state histories for parallel evaluation. Although it may
not be immediately obvious, the two particle filters are
estimating the same distribution: the possible state of the
evader at each time step. Nevertheless, it is essential that
they are kept separate because if the approximation errors
(inevitable in a particle filter) were correlated, a grossly
overoptimistic estimate of the performance of a policy
would be obtained.

We found that 256 particles in each filter were suffi-
cient, whereas using a single filter for both estimation
tasks means that over 4000 particles are required for sim-
ilar performance. Each trial does not end until the evader
has been detected in every parallel scenario, or a maxi-
mum duration has expired. This approach is also very ef-
ficient compared with the naive alternative: running 256
separate trials; one for each possible trajectory taken by
the evader.



6 Direct Policy Search

Suppose that the agent’s policy has a parameter vector w
of size m; for example w = a for pursuers with identical
policies; w = (o :: ... :: ay,.) for joint policies (where
:: indicates concatenation of vectors); orw = o = 3 for
relational policies. A single simulation trial in which w
defines the pursuers’ behaviours will lead to a stochas-
tic return. The aim of learning is to find a w that max-
imises the expected return. Direer policy search meth-
ods attempt to optimise expected return without refer-
ence to performance gradient information. Some meth-
ods use a large number of trials for each proposed w to
obtain a near-deterministic evaluation, then apply a de-
terministic optimization procedure (e.g. downhill sim-
plex method). However, here we use a method that can
work with (noisy) policy comparisons (Strens and Moore,
2001).

6.1 Differential evolution

Our approach is a variant of differential evolution, an evo-
lutionary method that operates directly on a population of
real-valued vectors (rather than binary strings) (Storn and
Price, 1995). Proposals are obtained by linear combina-
non of existing population members.

Initially, the population is chosen randomly from some
prior density on w. To generate each proposal, one candi-
date in the population is chosen (systematically) for im-
provement. Then the vector difference between two more
randomly® chosen members, weighted by a scalar param-
eter, F, is added to a third randomly chosen ‘parent’.
Crossover (see below) takes place between this and the
candidate, to obtain a proposal point. The proposal is
compared with the candidate by running a small set of
new simulation trials for each. To reduce variance in this
comparison, the same set of scenarios® is used for every
comparison. According to the outcome either the pro-
posal replaces the candidate or the population remains
unchanged. In either case, a new candidate for replace-
ment will be selected on the next iteration.

Crossover is implemented here by selecting each cle-
ment of the proposal vector from either the candidate or
the new vector with equal probability. Crossover helps
to prevent the population from become trapped in a sub-
space. For each proposal, log, F was chosen uniformly
from the range [—10,0] and the result was scaled by a
value Fiyqx(f) that decreased with time. (log, Fiuax(t)
was reduced uniformly from 0 to -10 during learning.)
This ensures convergence of the population.

* All vectors used in the process of generating a proposal are mutually
exclusive,
“A scenanio is an initial confi guration for the pursuers” locations
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6.2 Illustration

Figure | illustrates this process in more detail: the
weighted difference between two population members
(1.2) 1s added to a third population point (3). The result
(4) 15 subject to crossover with the candidate for replace-
ment (5) to obtain a proposal (6). The proposal is evalu-
ated (using a number of trials) and replaces the candidate
if it is found to be better. Note that the proposal could
be identical to (4) or (5), depending on the outcome of
CrOSSOver.

This form of DE has a very useful property; replac-
ing any one population member due to an occasional in-
correct comparison is not catastrophic. It suffices that
the comparison be unbiased, and correct with probability
only slightly better than chance (0.5) in large populations
(Strens and Moore, 2002). This means that it is possible
to use only a small number of simulation trials (4 in this
case) per proposal.

Figure 1: Obtaining a new proposal in differential evolu-
tion.

7  Evaluation

We perform a comparison between individual, joint and
relational policies for different numbers of pursuers. The
aim 1s to demonstrate the effectiveness of the dual particle
filter method and to collect some evidence about the best
way Lo structure a policy for this type of task.

7.1 Multi-pursuer evader task

We consider a multi-pursuer evader task in which the ob-
servable state is the location and velocity of each pursuer,
and the hidden state is the location and goal direction
of an evader. The pursuers must cooperate to detect the
evader before the uncertainty in its position becomes too
large.



o States. Each pursuer’s state is a location on the
2-dimensional plane and a motion direction. The
evader’s state is a location in the plane and a pre-
ferred direction; therefore each particle filters will
be a 3-vector.

o Scenarios. The initial belief for the evader’s location
IS an uncertainty area given by a Gaussian distribu-
tion with standard deviation 100, located at the ori-
gin. The pursuers’ all start at a distance from the
origin chosen uniformly from [2000,3000]. Their
angular separation (subtended from the origin) is 30
degrees. Note that rotational and translational invari-
ance of our formulation will mean that the policy ob-
tained will work just as well for any rotated or trans-
lated versions of this set of scenarios.

¢ Dynamics. The pursuers can move at a speed of
24 (length units per time step) and the evader at 1.
The evader can instantaneously change its direction
whereas the pursuers have a maximum turn angle of
78 at each time step. In our implementation, each
pursuer selects either 4+ /8 or —7 /8 according to
the information-state value function’s gradient. It
remains possible for a pursuer to follow an almost
straight course by alternating between these two ac-
tions. The evader’s behaviour is given by a stochastic
policy: with equal probability it either moves in its
preferred direction or moves in a direction that takes
it away from the nearest pursuer (ensuring the prob-
lem is non-trivial®). If the evader’s position is within
detection range (24 units) of a pursuer.

¢ Termination. The maximum trial duration 15 256
steps. With a naive implementation in which only
one evader trajectory (history) is used in each trial,
detection would often be completed within this time
limit. However, using the dual particle filter method,
the trial will not end until detection takes place in
every hypothesis for the evader’s trajectory. There-
fore, often the maximum duration will be reached
(but with a diminished number of active particles in
each filter.)

s Returns. The return at the end of a simulation trial
is the proportion of the original probability mass
within the evaluation filter that has been eliminated
during the course of the trial. This represents the
expected return over the 256 parallel scenarios de-
scribed above, and can be interpreted simply as the
probability that the evader is found within the trial
duration. The differential evolution method uses this
return as the (stochastic) evaluation of the weight
vector associated with that trial.

“In particular it ensures there is a dependency between the pursuers’
actions and the evolution of the hidden state; otherwise it would be pos-
sible 1o pre-compute evader irajectories.

al

Figure 2 shows the trajectories of 3 pursuers during a
trial as sequences of connected circles. The radius of each
circle is the area within which the evader can be detected.
The plotted markers indicate the state of each of the par-
ticle filter at the end of a trial. In the colour version of
this paper, the cental mass of green points indicates parti-
cles that have been detected (these are frozen in the loca-
tions at which they were detected, for display purposes).
The outer (black and blue) points” represent hypotheses
for the current location of an evader that has not vet been
captured. A more detailed view of the central circle (ra-
dius 400 units) is also given, for a different learning trial.
It shows a strategy has been learnt for the 3 pursuers that
covers the central part of the space very well. By this
stage in the tnial the pursuers have moved back out to-
ward the edge of this central circle, because the evader
could have reached these areas.

7.2 Configuration of learning system

Differential evolution used a population size of 16 and F
was chosen as described in section 1. 256 particles were
used in each filter. 4 trials were performed for each policy
evaluation (with pursuers at distances of 1125, 1375, 1625
and 1875 from the origin). Therefore 8 trials were needed
for each policy comparison, and so 512 comparisons were
possible in the total budget of 4096 trials. (This is a rela-
tively small number of function evaluations for an evolu-
tionary algorithm.) The best policy within the population
was tested at the end of learning, using a set of 512 scenar-
10s, in which the initial pursuer positions were uniformly
distributed in the interval [2000,3000]. A baseline perfor-
mance was obtained using a very simple policy in which
ay; = 1 and all other elements are (. This causes each
pursuer to turn towards the centre of probability mass of
the evader’s position distribution, taken under the weight-
ing function H (0, 0).

7.3 Results

Table 1: Success rate (%) for different policy types.

Np i 2 3 3
Baseline 46+4 | 64+£3 | T4 | Bl %3
Identical A7+ 7 | 723 | 80+2 | BB+ 2
Joint NA | T3x6| T3] 8+2
Relational NA | T2+6 | 86+3 | 93+1

Table 1 shows the performance of the baseline policy
and three types of learnt policy as a percentage (likeli-
hood of detecting evader), for different number of pur-
suers. The error bounds given are at one standard devi-

"The difference between black and blue is that the points are taken
from the 2 particle fi lters. If there is little overlap between the distribu-
tons this provides evidence that more particles are required.
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Figure 2: Pursuer trajectories and final particle states in a simulation trial. Full trial (top); detail from a different trial
(below).



ation: the standard errors (n = 500) are about 20 times
smaller so a difference of 2% is significant, using Gaus-
s1an statstics.

The task is sufficiently difficult that no method is able
to obtain 100% success, even with 4 pursuers. This is not
surprising, because the uncertainty in the evader position
expands at a rate that increases rapudly with time. The
baseline strategy (no learning) provides performance that
increases with the number of pursuers: this indicates that
the pursuers do not all converge onto the same trajectores
even though they are acting independently according to
a simple strategy. Introducing learning improves perfor-
mance (significantly) for 2 or more pursuers even though
the pursuers continue to ignore each others’ positions in
their decision-making. The learnt joint policy, 1in which
each pursuer has a separate set of policy parameters per-
forms very similarly: it seems there is no great advantage
in allowing each to have a different strategy. There is ac-
tually a performance decrease with 4 pursuers, probably
because the joint strategy has 32 parameters and so could
be expected to take much longer to learn than the identical
(8 parameter) strategies.

The learnt relational policies are equally effective
(compared with the other learnt strategies) for 2 pursuers,
but show major benefits with 3 or more pursuers. This
indicates pursuers that are aware of each others’ posi-
tions can “divide and conquer™ the search problem in a
more systematic way. The gains that have been obtained
are very significant: with 4 pursuers the change that the
evader escapes has been halved (compared with the other
learnt policies) and reduced by nearly 3 times compared
with the baseline policy.

8 Conclusions

Some information gathering problems such as searching
tasks have special structure. Although there is hidden
state, and beliefs must be tracked, the actual hidden state
does not affect optimal behaviour. In other words, optimal
behaviour is conditionally independent of the true hidden
state given the belief. Therefore it is possible to evaluate
a policy against any number of hidden state trajectories in
a single learning trial.

The implementation described here matches the com-
putational burden of agent reasoning (belief revision) and
simulation (generating hidden state histories) exactly: a
particle filter can be used for each of these processes.
Furthermore, these two particle filters are performing the
same ¢stimation task. They are kept separate in the learn-
ing algorithm only because there are benefits if errors are
not correlated. When the learnt strategy 1s transferred into
a real environment (not a simulation) only the particle fil-
ter representing agent beliefs would be retained: the sec-
ond filter is part of the leaming algorithm rather than the
agent itself.

When learning policies for multiple homogeneous
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agents, 1t 15 not necessary to learn separate policies for
cach agent (the joint policy option); however it is impor-
tant that the agents make use of relational information
(e.g. relative position) in order to divide the workload
effectively. The “relational policy™ achieved this by ap-
plying the same set of basis functions (used for obtaining
evader information features) to represent the relative posi-
tions of the other pursuers. The deterministic structure of
the pursuers’ dynamics was also exploited in the policy
formulation, that might otherwise have required a state-
action value function to be estimated.
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Abstract

We report on an investigation of the learning of coordination in cooperative multi-agent systems. Specificall ¥,
we study solutions that are applicable to independenr agents i.e. agents that do not observe one another's
actions. In previous research (Kapetanakis and Kudenko, 2002) we have presented a reinforcement learning
approach that converges to the optimal joint action even in scenarios with high miscoordination costs. How-
ever, this approach failed in fully stochastic environments. In this paper, we present a novel approach based on
reward estimation with a shared action-selection protocol. The new technique is applicable in fully stochas-
tic environments where mutual observation of actions is not possible. We demonstrate empirically that our
approach causes the agents to converge almost always to the optimal joint action even in difficult stochastic

scenarios with high miscoordination penalties.

1 Introduction

Learning to coordinate in cooperative multi-agent sys-
tems is a central and widely studied problem, see, for
example Lauer and Riedmiller (2000); Boutilier (1999):
Claus and Boutilier (1998): Sen et al. (1994): Weiss
(1993). In this context, coordination is defined as rhe
ability of two or more agents to jointly reach a consen-
sus over which actions to perform in an environment. We
investigate the case of independent agents that cannot ob-
serve one another’s actions, which often is a more realistic
assumption. This generality distinguishes our approach
from alternatives (e.g., Wang and Sandholm (2002)) that
require complete mutual observation of actions.

In this investigation, we focus on scenarios where the
agents must learn to coordinate their actions through en-
vironmental feedback. In previous research (Kapetanakis
and Kudenko, 2002) we have presented a reinforcement
learning technique (called FMQ) for independent agents,
that converged to the aprimal joint action in scenarios
where miscoordination is associated with high penalties.
Previous Q-learning approaches failed to solve such sce-
narios with independent agents, and the FMQ technique
was the first to do so. However, the FMQ approach failed
in fully stochastic environments, where the rewards asso-
ciated with joint actions are randomised.

In this paper, we present a novel technique that is based
on a shared action-selection protocol (called commitment
sequence) that enables the agents to estimate the rewards
for specific joint actions. We evaluate this approach ex-
perimentally on a number of stochastic versions of two
especially difficult coordination problems that were first
introduced in (Claus and Boutilier, 1998): the climbing

game and the penalty game. The empirical results show
that the convergence probability to the optimal joint ac-
tion 1s very high, in fact reaching almost 100%.

Our paper is structured as follows: we first introduce a
commeon testbed for the study of learning coordination in
cooperative multi-agent systems: stochastic cooperative
games. We then introduce a basic version of the novel
commitment sequence technique that uses simple aver-
aging and discuss the experimental results. Finally, we
present an extension using Gaussian estimation that im-
proves both the probability of convergence to the optimal
joint action and the convergence speed. We finish with an
outlook on future work.

2 Stochastic cooperative games

A common testbed for studying the problem of multi-
agent coordination is that of stochastic cooperative
games (Fudenberg and Levine, 1998). In these games,
the agents may have common, conflicting or complimen-
tary interests. In this work, we have concentrated only
on cooperative games i.e. games where the agents are re-
warded based on their joint action and all agents receive
the same reward. At present, we only consider single-
stage stochastic games. In these games. every agent
chooses an action from its action space for every round of
the game. These actions are executed simultaneously and
the reward that corresponds to the joint action is broadcast
to all agents. In multi-stage stochastic games, the execu-
tion of a joint action yields not only a common reward but
also the transition of the agents to a new state.

Table 1 describes the reward function for a simple co-




operative single-stage game. For example, if agent | ex-
ecutes action b and agent 2 executes action a, the reward
they receive is 5. Obwiously, the optimal joint-action in
this simple game is (b, b) as it is associated with the high-
est reward of 10.

Agent |

Nn b

Agent2 a ]l 3| 5
bl O 10

Table 1: A simple cooperative game reward function.

Our goal 1s to enable the agents to learn optimal coor-
dination from repeated trials in cases where the game ma-
trix is not known to the agents. To achieve this goal, one
can use either independent or joint-action learmers. The
difference between the two types lies in the amount of in-
formation they can perceive in the game. Although both
types of learners can perceive the reward that is associ-
ated with each joint action, the former are unaware of the
existence of other agents whereas the latter can also per-
ceive the actions of others. In this way, joint-action leam-
ers can maintain a model of the strategy of other agents
and choose their actions based on the other participants’
perceived strategy. In contrast, independent learners must
estimate the value of their individual actions based solely
on the rewards that they receive for their actions. In this
paper, we focus on individual learners, these being more
universally applicable.

In the present study, we analyse a number of coordina-
tion problems, all of which are descendants of the climb-
ing game and the penalty game. We show why these prob-
lems are of interest to us and why they are hard prob-
lems. The climbing game is representative of problems
with high miscoordination penalties and a single optimal
joint action, whereas the penalty game is representative of
problems with miscoordination penalties and multiple op-
timal jomnt actions. Both games are played between two
agents and their reward functions are shown in Tables 2
and 3:

Agent |
(v 0 |c
i 11 | =30 |0
Agemt2 O || -30] 7 |6
1] 0|5

Table 2: The climbing game.

Agent |
H a |[b] e
al 10 | 0] -10
Agent2 b || 0 | 2] O
e f| =100 10

Table 3: The penalty game.

o

|

In the climbing game, it is difficult for the agents to
converge to the optimal joint action (a, a) because of the
negative reward in the case of miscoordination. For ex-
ample, if agent 1 plays a and agent 2 plays b, then both
will receive a negative reward of -30. Incorporating this
reward into the learning process can be so detrimental that
both agents tend to avoid playing the same action again.
In contrast, when choosing action ¢, miscoordination 1%
not punished so severely. Therefore, in most cases, both
agents are casily tempted by action ¢. The reason is as
follows: if agent | plays ¢, then agent 2 can play either b
or ¢ to get a positive reward (6 and 5 respectively). Even
if agent 2 plays a, the result is not catastrophic since the
reward is 0. Similarly, if agent 2 plays ¢. whatever agent
1 plays. the resulting reward will be at least . From this
analysis, we can see that the climbing game is a challeng-
ing problem for the study of learning coordination. It in-
cludes heavy miscoordination penalties and “safe” actions
that are likely to tempt the agents away from the optimal
joint action.

Similarly, the penalty game is a hard problem as it not
only has heavy penalties for miscoordination but also in-
cludes multiple optimal joint actions. If agent 1 plays a
expecting agent 2 to also play a so they can receive the
maximum reward of 10 but agent 2 plays ¢ (perhaps ex-
pecting agent | to play ¢ so that, again, they reccive the
maximum reward of 10) then the resulting penalty can be
very detrimental to both agents” leaming process. In this
game, b 1s the “safe™ action for both agents since playing
b is guaranteed to result in a reward of 0 or 2, regardless
of what the other agent plays.

Because of the difficulties discussed above, regular Q-
learming agents failed to converge to the optimal joint ac-
tion in both the climbing game and the penalty game.
A Q-learning variant that solves these games for inde-
pendent agents has been presented in (Kapetanakis and
Kudenko, 2002) using an approach known as the FMQ
heuristic. This heuristic works in a reinforcement learn-
ing setting and it allows two agents that have no commu-
nication capabilities or shared knowledge to jointly reach
the optimal joint action in single-stage games.

However, the FMQ heuristic cannot distinguish ad-
equately between miscoordination penalties and reward
varnance in stochastic games. Therefore, it fails to solve
more complex games such as the srochastic climbing
game which 15 shown in Table 4. The stochastic version
of the climbing game differs from the original in that each
Joint action now corresponds to two rewards instead of
just one. These two rewards are received with probabil-
ity 1/2. If the two agents were to commit to playing a
specific joint action indefinitely, the reward they would
accumulate over time would converge to the same value
as in the original game. In this respect, the stochastic
chmbing game i1s equivalent to the original. This equiv-
alence is maintained across all variations of the climbing
and penalty game that we introduce in this work.

The difficulty in solving the stochastic climbing game



Agent |
a b i
a || 10712 | 5/-65 | /-8
Agenmt2 b || 5/-65 | 14/0 | 12/0
e || 5/-5 | 5/-5 | 10/0

Table 4: The stochastic climbing game table (50%).

with the FMQ heuristic stems from the fact that the
heuristic is designed to deal with one type of uncertainty,
namely that which arises from sampling heavily penalised
actions. This uncertainty is due to the inability of one
agent to observe the other agent’s actions. The FMQ
heuristic filters out the noise from failed coordination at-
tempts to help the agents reach the optimal joint action.
The difference in the stochastic version of the climbing
gamc is that there are now two sources of uncertainty in
the game, the other agent’s actions (as before) and the
multiple rewards per joint action.

We will show two ways to tackle the fully stochastic
climbing game using the idea of commitment sequences.
We also presently introduce two new variants of the game
s0 as to show the full potential of our methods. The first
variant is the three-valued climbing game in which that
there are three rewards corresponding to any joint action.
This game is shown in Table 5.

Agent |
i b e
a || 16/22/-5 | 4/6/-100 | 10/20/-30 |
Agent2 b || 4/6/-100 | 25/0/-4 10/5/3
e || 8/12/-20 | 10/20/-30 4/5/6

Table 5: The three-valued stochastic climbing game.

The probability of receiving any one of the three re-
wards that correspond to cach joint action is 1/3. If the
two agents were to play the action profile (b, 6) indefi-
nitely, they would accrue an average reward of 7 as in the
onginal game.

The next variant of the climbing game that we intro-
duce is the variable-probability climbing game. There are
again two rewards for each joint action. However, they
are now received with non-uniform probabilities. Equiv-
alence with the original game is again maintained. The
variable-probability climbing game is included in Table 6.
The notation (7 n signifies that the probability of getting
a reward of n for playing that joint action is 7. For exam-
ple, the probability of getting a reward of 5 for joint action
(e, b) is 0.8 whereas the probability of getting a reward of
10 for the same joint action is 0.2,

Finally, we introduce a stochastic variant of the penalty
game. This game is called the stochastic penalty game
and 1s shown in Table 7.

a0

Agent ]

| a b e
a || (0.4)6.5 | (0.25)-36 | (0.6)4
(0.6) 14 | (0.75)-28 | (0.4)-6
(0.25)-36 | (0.8)5 (0.8) 5
(0.75)-28 | (0.2)15 | (0.2) 10
(0.7) 3 (0.6)4 (0.8) 4
(0.3) -7 (04)-6 | (0.2)9

Table 6: The variable-probability stochastic climbing
game.

Agent |
|| a b c
a || 812 |-373 | -8/12
Agent2 b || -3/3 | 04 | -373 |
c || -8/-12 | -3/3 | 8/12

Table 7: The stochastic penalty game (50%).

3 Reward estimation

In games with stochastic rewards, such as all the climb-
ing game variants and the stochastic penalty game, it is
difficult to distinguish between the two sources of varia-
tion in the observed reward for some action. It would be
useful to have a protocol that allows 2 or more agents to
select the same joint action repeatedly in order to build
up a model for the stochastic reward distribution. This
section describes a novel approach for achieving this.

The basic principle is that agents follow a common ac-
tion selection policy that enables them to estimate the po-
tential reward for each joint action. The action selection
policy is based on the following idea: if an agent chooses
an action at time i, then the agent is required to choose the
same action at specific future time points. The only as-
sumption that this approach makes is that all agents share
the same global clock and that they follow a common pro-
tocol for defining sequences of time-slots.

3.1

A commitmem sequence is some list of time slots
(1,22,...) for which an agent is committed to taking the
same action. Iftwo or more agents have the same protocol
for defining these sequences, then the ensemble of agents
Is committed to selecting a single joint-action for every
time point in the sequence. Although each agent does not
know the action choices of the other agents, it can be cer-
tain that the observed rewards will be statistically station-
ary and represent unbiased samples for the reward distri-
bution of some joint action. In order to allow an arbitrarily
high number of joint actions and consequently commit-
ment sequences to be considered as the agent learns, it
is necessary that the sequences are finite or have an ex-
ponentially increasing time interval §; = t;,; — ¢; be-
tween successive time slots. A sufficient condition is that

Commitment sequences




¥dipy = O6; where v > 1 forall i > iy (for some pre-
defined constant ig). In the results given here, sequences
are infinite with v = 5/4.

Here, the successive increments are generated by the

function;
ed; 40 =2
g = | —4—rou-——
it { te J

where ¢ > 1 is the increment factor and |-] indicates
rounding down to an integer value. For example, if the
increment factor is 5 (i.e. the increment ratio < is 5/4)
the rule becomes: d;5, = [(34; + 3)/4]. The first such
sequence starts with (1,3,6, 10,15,22,...). The second
sequence therefore starts at time slot 2. To prevent any
2 sequences from selecting the same time slot, each se-
quence excludes the existing ones from counting. Hence
the second sequence starts with (2, 5,9, 14, 20, 28, .. .).

For ume i suppose the agents chose actions
(a},ab.....al,) (where m is the number of agents).
Then an estimate of the value of this joint action is avail-
able as the average reward received during the part of
the sequence that has been completed so far. Longer
sequences provide more reliable estimates. Initially, we
evaluate the simplest approach possible where the agents
maintain a running reward average for all the active com-
mitment sequences. Later, we will explore a method that
takes into account the stochasticity in the rewards and the
length of sequences within the framework of Gaussian es-
timation.

3.2 Action selection policy

Each agent must choose an action at the start of each se-
quence. A new sequence starts whenever no existing se-
quence is active in the current time slot. There are two
obvious ways to select the new action: either explore (se-
lect the action randomly and uniformly) or exploit (se-
lect the action currently considered optimal). The sim-
ple approach used here is to choose randomly between
exploration and exploitation for each sequence. In order
to prefer longer sequences (more reliable estimates), we
maintain statistics about the commitment sequences that
are active. One such statistic is the length of the sequence
until the current time point. Agents only consider a com-
mitment sequence to yield a reliable reward estimate if its
length becomes greater than a threshold value, NV, ;. In
these experiments, NV, was set to 10.

For a 2-agent system, we chose the exploration prob-
ability p to be 0.9. As an exception, the first N;,; se-
quences (where N, = 1) must be exploratory to ensure
that an exploitative action can be calculated. The algo-
rithm followed is shown in Figure 1. In the results below,
.'a':j,”'; = lﬂ

The exploit function simply returns the action that
corresponds to the commitment sequence with the high-
est observed average reward among those whose current
length is at least Ny,

a7

if number of sequences < N,,,;r then
explore randomly and uniformly

else
with probability p : explore randomly and uniformly
with probability 1 — p : exploit

end if

Figure 1: The average reward estimation algorithm.

3.3 Parameter analysis

In this section, we analyse the influence of the algorithm’s
parameters on the learmming. These parameters are:, the
minimum number of commitment sequences that must
have been started before the agents can exploit (N,
the minimum length that a sequence must reach before it
15 considered for exploitation (N, ;,, ), the increment fac-
tor (¢) and the exploration probability ().

Ninse was set to 10 in all our experiments. Since none
of our experiments have less than 10 commitment se-
quences, N, has no role in the learning other than to
make sure that, upon selection of an exploitative action,
there are some sequences among which to choose.

Noin affects the learming as follows: In experiments
where only short commitment sequences arc created (ei-
ther short expeniments or long ones with a small incre-
ment factor), learning performance improves by setting
Nyuin 10 a reasonably high value since our confidence is
higher for longer commitment sequences. In longer ex-
periments, N, plays no part in the learming other than
to decrease learning performance if set too high. This is
because it is possible that an agent never explores as no
commitment sequences rcach the required length. Fig-
ure 2 illustrates this effect. We have plotted the conver-
gence probability of the learners in the stochastic climb-
ing game after 1000 moves. Since no commitment se-
quences of length greater than 20 have been created, the
learning performance decreases for values of Ny = 20.
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Figure 2: Number of successful experiments out 1000
runs for Ny, € [1,23].



The increment factor ¢ defines how quickly a commit-
ment sequence 15 visited again. Informally, the higher
the value of the increment factor, the greater the time be-
tween two successive updates of a commitment sequence.
Consequently, the total number of commitment sequences
reduces monotonically with the increment factor for any
length of the experiment. To illustrate this relationship,
Figure 3 shows the total number of sequences for an ex-
periment of 1000 moves with increment factore € |2, 29|,
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Figure 3: The relationship between the increment factor
and the total number of sequences.

The performance of the learners for different increment
factors is also plotted in Figure 4. This plot was generated
for the stochastic climbing game with N,,,;, = 10 and
experiment length 1000,
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Figure 4: The relationship between the increment factor
and the probability of convergence to the optimal joint
action.

Finally, in order to understand the influence of the ex-
ploration probability p on the learning, we have plotted
its effect on the learning performance in Figure 5. The

exploration probability has been varied from 0 (always
exploit) to 1 (always explore). N,,;, and N;,;; were sel
to 10 and the experiment was 1000 moves long. This plot
was created for the stochastic climbing game.
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Figure 5: The relationship between the exploration prob-
ability and the probability of convergence to the optimal
joint action.

From Figure 5, we can see that 100% exploration is
optimal in this case. However, we have identified some
games where one agent’s exploitative behaviour can help
the other agent to learn. If performance during learning is
an issue, a low exploration probability is also desirable. In
our experimental evaluation, the exploration probability
will be 0.9,

3.4 Experimental results

This section contains the experimental results for the ba-
sic approach in all three versions of the climbing game
and in the stochastic penalty game. As before, we re-
peated each experiment 1000 times to obtain high confi-
dence in the results. The number of moves was varied
from 500 to 3000 and the parameters N and Ny
were both set to 10. In all experiments, we chose v =
af4. The results for the climbing game vanants are plot-
ted in Figure 6.

In Figure 6, SCG stands for Stochastic Climbing Game,
TVSCG stands for Three-Valued Stochastic Climb-
ing game and VPSCG stands for Variable-Probability
Stochastic Climbing Game. From Figure 6, we can see
that the probability of convergence to optimal eventually
reaches over 90% for all cases, with some reaching over
953% even for relatively short experiments. The most dif-
ficult game is the three-valued climbing game as there is
more variance in the rewards that correspond to each joint
action.

The stochastic penalty game is solved much quicker by
this approach. The probability of convergence to the op-
timal joint action reaches over 95% even for very shor
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Figure 6: Convergence of the basic approach on the three
games.

expeniments (300 moves). This is because the variance
in the rewards is small and the method is impervious to
the existence of multiple optimal joint actions. Regard-
less of how many optimal joint actions there are in the
game, one will always have a higher estimate than others’
so that choosing an action for exploitation is not affected
by the number of optimal joint actions.

4 Variance-sensitive approach

The basic approach using averaging performs fairly well.
However, there are cases (e.g. the three-valued stochastic
climbing game) where convergence only reaches above
90% for very long experiments. This section outlines an
extended approach using a Gaussian estimator that im-
proves both the convergence speed and the probability of
convergence to the optimal joint action.

4.1

As in the basic approach, if the agents chose actions
(ai,a,...,af) (where m is the number of agents) at
time i then an estimate of the value of this joint action is
available as the average reward received so far for this se-
quence. For the extended approach, we attempt to reason
about the true expected reward. To do this, we must make
some assumptions about the possible form of the reward
for each joint action, e.g. that it must have finite variance.

Here we use a Gaussian model and estimate its mean
and variance from the observations. If n rewards are ob-
served with empirical average m and sum of squares S,
we obtain estimates for the population mean u and irs
variance o, (estimates of a quantity x are denoted by #):

Finding the exploitative action

H=m

"If multiple estimates are equal, the agents will choose the one that
corresponds 1o a longer commitment scquence.
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on the expected variance of rewards in the game. In or-
der to prefer longer sequences (more reliable estimates),
a pessimistic estimate i — N,d is used to provide a lower
bound on the expected return for cach sequence. At any
given time, the exploitative behaviour for an agent is 1o
choose the action corresponding to the sequence with the
greatest lower bound. Large values of N, reduce the
nsk that an optimistic bias in the reward estimate from
a short sequence will affect the choice of action. How-
ever, smaller values may give faster initial learning. In
the results below, N, =

4.2 Exploration policy

In the variance-sensitive approach, the agents choose ran-
domly between exploration and exploitation for each se-
quence. For a 2-agent system, we chose the exploration
probability to be 0.9 as before. We have maintained the
Ninis parameter (N >= 1) but have eliminated N,,;,,.
We simply allow N,;; commitment sequences to start
and then only use the variance-sensitive estimator to find
the exploitative action. In the results below, N;,,; = 10.

4.3 Experimental results

Figure 7 depicts the convergence performance of the
variance-sensitive approach for the three variants of the
climbing game. In these experiments, oy was set to 50 for
the three-valued stochastic climbing game and to 10 for
the rest. In Figure 7, SCG, VPSCG and TVSCG stand for
Stochastic Climbing Game and its Variable-Probability
and Three-Valued variants.
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Figure 7: Convergence of the variance-sensitive (Gaus-
sian) approach on the three games.

As we can see from Figure 7, the variance-sensitive ap-
proach outperforms the averaging approach in all cases.
In fact, the probability of convergence to the optimal



joint action consistently reaches over 98%. For the three-
valued game, we chose oy = 50 because the variance in
the stochastic rewards is higher. The probability of con-
vergence to the optimal joint action in this game reached
over 90% for longer experiments i.e. after 2000 moves.

Finally, the stochastic penalty game was once again
much easier to solve. Here, the probability of conver-
gence to the optimal joint action exceeded 95% for 200
moves and reached 100% after only 800 moves. This
clearly illustrates the ability of the variance-sensitive ap-
proach to avoid the problem of choosing between multiple
optimal joint actions.

5 Related work

There are two main paradigms for the learning of coor-
dination, one using independent agents and another using
Joint-action learners. While joint-action leamners are able
to observe one another’s actions, their independent coun-
terparts can not. Therefore, approaches using indepen-
dent learners (such as ours) are more general and more
umversally applicable.

Claus and Boutilier (1998) used joint-action learners
and fictitious play in their approach to learning coordi-
nation in cooperative multi-agent systems but reported a
failure to solve problems where miscoordination is heav-
ily penalised. Later, Boutilier (1999) developed an exten-
ston to value iteration that allowed each agent to reason
explicitly about the state of coordination, i.e. whether the
group of agents are in a coordinated or non-coordinated
state. Wang and Sandholm (2002) developed a leamn-
ing algorithm for joint-action learners that provably con-
verges towards the optimal Nash equilibrium.

Hu and Wellman (2002) presented a Q-learning ap-
proach to 2-player general-sum games. However, their
approach is only successful in games with one Nash equi-
librium that is a global optimal point (unlike the penalty
game presented and solved in this paper).

Sen et al. (1994) argued convincingly that shared
knowledge or the ability to communicate is not a neces-
sary condition for multi-agent coordination. They imple-
mented a system where two independent agents learnt to
coordinate their actions so as to push a block to a specific
location without even being aware of one another. How-
ever, their agents did only converge to suboptimal poli-
cies.

Similarly, Peshkin et al. (2000) developed a gradient-
descent policy-search algorithm for cooperative multi-
agent domains that is guaranteed to find a local optimum
in the space of factored policies but may not always find
an optimal Nash equilibrium.

Nowe et al. (2001) used social agents that employ a pe-
riodical policy to tackle learning in single-stage 2-player
games. In contrast to our approach, these agents rely on
communication to achieve coordination.

GO

6 Concluding remarks and outlook

We have presented a novel learning technique based on
commitment sequences that enables independent agents
to converge to the optimal joint action even in difficult
scenarios with miscoordination penalties and stochastic
rewards. Such scenarios were previously approached with
Q-learning techniques but remained unsolved using inde-
pendent agents,

To extend our system to multi-stage games will re-
quire a combination of the commitment sequence ap-
proach (applied separately in each state to evaluate the
expected immediate reward) with state-action value func-
tions that estimate expected discounted returns taking into
account the state-transition function. Value functions of
this kind may be associated with sequence-action pairs
and/or state-action pairs. A hybrid method that makes use
of the FMQ heuristic (Kapetanakis and Kudenko, 2002)
will be considered first.
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Abstract

This research aims at studying the effects of exchanging information during the leaming process in Mulriagern:
Svstems. The concept of advice-exchange, introduced in (Nunes and Oliveira, 2002b), consists in enabling
an agent 1o request extra feedback, in the form of episodic advice, from other agents that are solving simular
problems. The work that was previously focused on the exchange of information between agents that were
solving detached problems is now concerned with groups of learning-agenis that share the same environment.
This change added new difficulties to the task. The experiments reported below were conducted to detect the
causes and correct the shortcomings that emerged when moving from environments where agents worked in
detached problems to those where agents are interacting in the same environment. New concepts, such as self
confidence, rrust and advisor preference are introduced 1n this text.

1 Introduction

The question that dnves this research 1s: “(How) can
learning agents cooperate dunng the learming process?.
This question 15 broad, and parts of it were already ad-
dressed by other authors. For this reason, as well as
for others that concern the applicability of the solution
and the authors’ research interests, we have drawn some
restrictions to the type of problems and learning agents
used in the experiments. In this work we will focus on
agents with simple commumecation skills that are solv-
ing problems with the same structure, but possibly differ-
ent local dynamics. The agents have only partial knowl-
edge of the state-space and each leams using an algo-
rithm of its choice, unknown to others. Agents may
exchange information with peers that are cooperating to
solve the same problem (its parmners), or with agents that
are solving similar problems in other environments with
the same structure. For the moment we only consider non-
malicious agents that always try to help others to the best
of their knowledge. The environment in which they act
does not provide supervision information, only a measure
of the quality of each action (or sequence of actions).

The approach taken in this work aims at improving the
individual and global leamning performance by providing
learning-agents (hereafter referred to as “agents™ for the
sake of simplicity) with more feedback than the environ-
ment can give them., Agents. during their leaming pro-
cess, gather expertise in how to deal with the particular
problem they are facing as well as information about the
quality of their own actions. The knowledge of the perfor-
mance achieved by others in similar problems can be used
by an agent to detect how good its solution is. Also, the
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knowledge of how an agent would react to a given state
of the environment may contain information that can im-
prove the leaming results of another agent, if the structure
of the environment is similar enough.

The groups of agents referred in this paper are hetero-
geneous in the sense that they may use different learning
techniques. The interest in cooperation amongst groups of
heterogeneous agents lies in having different exploration
technigues that may reach different solutions, or at least
not become trapped in the same local-maxima, thus be-
ing able, by exchanging information, to help each other
during the learning process. The main difficulty in hav-
ing heterogeneous groups is that internal parameters can-
not be exchanged, because agents are not aware of which
leaming algorithm their peers are using. This fact restricts
communication capabilities to knowledge that has mean-
ing outside the agents’” intemal context. The simplest
types of data with these charactenistics are the ones gener-
ated by the environment itself, which all agents must un-
derstand in order to sense and act. This data can be either
the state of environment, actions. or values of the qual-
ity function that agents are attempting to maximize. The
exchange of other types of data, such as “trust agent X",
was also found useful and it requires that all agents share a
(small) common vocabulary. We will further assume that
the agents are working in domains in which the problem
has the same structure and is presented in the same way
to the agent, 1.e. the meaning and order of the vanables
that compose both state and actions, are known to be the
same for all environments used in an experiment. Nev-
criheless, different environments in the same experiment
may reward the same state-action pair differently and/or
have different state transition dynamies.



The key questions of this research are: how to select,
incorporate, and benefit-from all the available informa-
tion without re-processing all the data gathered by each
of an agent’s peers (which is time and band-width con-
suming). The objective is to gain knowledge based on the
synthesis that was done by others without exchanging the
entire solution and adopting it blindly (which in some-cir-
cumstances may even be a very poor option, if the dynam-
ics of the advisee’s environment are different enough from
the advisor’s, or if the agents are using different leamning
algorithms). To the best of the authors™ knowledge there
1s no work that specifically addresses the problem of ex-
change of information during learning in heterogencous
groups of agents that use reinforcement-based leaming
algorithms. The term "reinforcement-based” is used here
to refer to learning algorithms that are "based on a scalar
qualirv/urility feedback ™, as opposed to supervised lear-
ing. which requires a desired response as feedback.

The work reported in this paper focuses on exchanging
episadic information consisting of state-action pairs and
statstics on the performance of other agents. An agent
requests information whenever it perceives that the cur-
rent performance is relatively low when compared to that
of its peers or when the agent is in a state for which the
choice of the following action is unclear.

The amount of information exchanged is controlled by
a self-confidence parameter in each agent. This param-
eter 15 used in the decision of whether or not an agent
should get advice for each new state of the problem. The
selection of where to collect this information is based on
knowledge regarding other agents’ results and on the de-
velopment of rrust relationships between an agent and
its peers. The exchanged information is used either as
a desired output for supervised leaming or as a differ-
ent source of reinforcement in a process that was labelled
“learning from a reacher”™ by Clouse (1997).

The experiments reported here aim at testing solu-
tions for the difficulties reported in (Nunes and Oliveira,
2002a) concemning the disturbances on the learning pro-
cess caused by the interaction between agents and the ex-
change of advice during learning in social environments.
In this work we compare the performance of four groups
of agents in several versions of a task (the pursuit prob-
lem), thus providing the basis for an assessment of the ad-
vantages and drawbacks of advice-exchange. The discus-
sion, based on these results, should provide clues on how
techniques of this type can be improved to share informa-
tion between agents efficiently. The four groups of agents
used in the experiments are: Individual; Homogeneous
cooperative groups; Heterogeneous cooperative groups
and Heterogeneous cooperative groups plus Heuristic ex-
perts. The experts are a group of handcrafted agents that
use an optimal (although individualistic) heunistic. This
group of agents was introduced in the experiments to esti-
mate the performance that can be obtained by agents that
use optimal individual actions and venfy the gain that can
be achieved by the agents when they have near-optimal

teachers.

In the following section the reader can find a summa-
rized review of the related work. Section 3 presents the
learning algorithms used by the agents. In section 4 the
advice-exchange algorithm is explained. followed by the
description of the experiments (section 5). In section 6
the results are presented and discussed, and finally, the
last section presents the conclusions and some guidelines
for future work.

2 Related Work

Quite a few researchers have contributed to answer the
question stated above since the early 90's, especially in
what concerns the transfer of leamed information be-
tween (-Learming agents (QL-agents). Without being
exhaustive, due to the extemt of the rescarch that cov-
ers this and related topics, and trying simply 1o contex-
tualize the work that will be presented below, the next
paragraphs summarize the main contributions in the past
decade. The work on information exchange between QL-
agents, started in the early nineties with the contributions
of Whitehead (1991); Clouse and Utgoff (1991, 1992);
Lin (1992) and Tan (1993).

Whitehead made several experiments with a coopera-
tive leaming architecture labelled Learning By Warching
(LBW). In this architecture, the agent learns by watching
its peers’ behavior (which is equivalent to sharing senes
of state-action-guality triplets). In LBW an agent will use
other agents’ episodes as if they were its own. This work
proves that the complexity of the search mechanisms of
LBW is inferior to that of standard Q-Learning for an im-
portant class of state-spaces.

The results presented in (Clouse and Utgoff, 1991,
1992} are reviewed and expanded in Clouse’s Ph.D. the-
sis (Clouse, 1997). This important contribution reports
the results of a technique labelled Ask for Heip (AH), in
which QL-agents learn by asking their peers for sugges-
tions and then performing the suggested actions. This was
labelled leaming from a teacher. Clouse proposes two
different approaches for the problem of deciding when to
ask for help: in the first approach the advisee asks for
help randomly for a given percentage of the actions it has
to take; in a second approach the agent asks for help only
when it is “confused” about what action to take next. Con-
fusion is defined as having similar guality estimates for
all possible actions that the agent can perform at a given
slage.

Lin (1992) uses an expen trainer to teach lessons to
a QL-agent that is starting its own training. He exper-
imented with several architectures, the most interesting
for the current subject are: AHCON-T (Connectionist
Adaprive Heuristic Critic with Teaching) and QCON-T
(Connectionist (J-Learning with Teaching). These archi-
tectures record and replay both “taught” and “leamed
lessons™, 1.e. sequences of actions that led to a success.
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Some of these sequences (the “taught lessons™) are given
by an expent trainer (human or automatic), whilst others
are recorded by the student agent as it explores the prob-
lem (the “learned lessons™). The student only replays the
actions and observes the reward. This work reports that
the “advantages of teaching should become more signifi-
cant as the learning task gets more difficult” (Lin, 1992),
(section 6.4). Results in variants of the maze problem
show that teaching does improve learning performance in
the harder task, although it seems to have no effect on the
performance of the agents on the easier task.

Tan (1993) addressed the problem of exchanging in-
formation between QL-agents during the learning pro-
cess. This work reports the results of sharing several types
of information amongst agents that are working in the
pursuit (predator-prey) problem. Expeniments were con-
ducted in which QL-agents shared policies (internal solu-
tion parameters), episodes (series of state, action, quality
triplets), and sensation (observed states). Although the
experiments use solely Q-Learning in the pursuit domain,
the author believes that: "conclusions can be applied 1o
cooperation ameng awtonomous learning agents in gen-
eral”, (Tan, 1993), {secrion &). Tan concludes that “addi-
tional sensation from another agent is beneficial if it can
be used efficiently™, (Tan, 1993) (in Abstract). The results
reported by Tan also appear to point to the conclusion that
sharing episodes with peers is beneficial and can lead to a
performance similar to that obtained by sharing policies.
Sharing episodes volunteered by an expert agent leads o
the best scores in the presented tests, significantly outper-
forming most of the other strategies in the experiments.

Training of novice Q-learning agents by implicir im-
itation of pre-trained experts was siudied and success-
fully applied by Price and Boutilier (1999, 2000). This
work has some very interesting characteristics: the stu-
dent agent has no knowledge of the actions done by the
expert, it can only observe its state transitions; there is
no explicit communication between the expert and the
student and the goals and actions of both agents can be
different. The student agent uses an augmented Bellman
equation to calculate the utility of each state. This equa-
tion incorporates the information regarding the state tran-
sitions made by the expert. The technique was tested in
several maze problems with very good results.

The “Agent Teaching Agenr” framework (Sen and Kar,
2002) relies on an expert to teach a student agent a cer-
tain concept by selecting the training examples to use on
each epoch based on the errors the student has made in
the previous epochs. In this work student and teacher use
different learning algorithms.

3 Agents’ Learning Algorithms

In this section we will briefly describe the variations
on standard learning algorithms that were used in the
experiments. Due to space constraints a full presenta-

tion of Q-Leaming (QL) (Watkins and Dayan, 1992) and
Backpropagation (BP) (Rumelhart et al., 1986) is omt-
ted. The version of QL used is the standard one-level Q-
Leaming with Boltzmann exploration and decaying tem-
perature, described in (Tan, 1993: Kaelbling et al.. 1996).
Backpropagation is also a standard version with decaying

" leaming rate. A fully detailed description, of the leaming
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algorithms used along with their parameters can be found
in (Nunes and Oliveira, 2003).

The variant of Evelutionary Algorithims (EAs) (Hol-
land, 1975; Koza, 1992) used in these experimenis de-
serves further attention. EAs are a well known learn-
ing technique, with biological inspiration where the so-
lution parameters are interpreted as a specimen (or phe-
notype). and its performance in a given problem as its fit-
ness. An EA controls a population of specimens. In each
generation-loop of the algorithm the fitness of all speci-
mens in the population is evaluated and the best are se-
lected for breeding. Each specimen is encoded in a geno-
type. The encoding is usually a transformation that serves
the purpose of translating a specimen into a set of sym-
bols, for which mutation and crossover have some desired
effect. This effect is usually dependent on the represen-
tations of the problem and hypothesis. The processes of
encoding, translation and creation of specimens can pro-
vide a bias to these learning algorithms, by using some
knowledge of the structure of the problem or of the sub-
set of hypothesis that is more suitable to solve it. The
best strategies for the encoding of genotypes, selection of
the best specimens, mutation and crossover, for different
types of problems, have been source of debate since the
introduction of this learning technigue. We shall not dwell
in this debate, but the interested reader can find two inter-
esting approaches and further references on the subject of
combining EAs and BP in (Salustowicz, 1995) and (Yao,
1999).

The variant of EAs used in these experiments works
mainly based on mutation of parameters and a simple
crossover strategy. This variant was based on the work
presented in (Glickman and Sycara, 1999) that achieved
good results in the task of navigation in a difficult maze-
problem. The main characteristics of this variant are the
following: there is no encoding of specimens to geno-
types. the genotype is simply the set of real-valued ma-
trixes that constitute an Artificial Neural Network (ANN)
of fixed size: all specimens are ANNs of the same size;
the selection strategy is elitist, keeping a certain number
of the best specimens untouched for the following gen-
eration; the remainder of the population is generated by
mutation and crossover of randomly chosen specimens
selected amongst the ones that achieved the best perfor-
mances in the previous generation. Contrary to (Glick-
man and Sycara, 1999) this variant does not use toumna-
ment selection. Mutation is done by disturbing all the
values of the parameters with random noise with null av-
erage, and normal distribution. A mutation-rate param-
eter (m) controls the variance of the noise added 1o a



neural network’s weight when it is mutated. This pa-
rameter is decayed during training according to m 4 =
my * ({1 — 1)/t g, until it reaches a, pre-established. mini-
mum value. In the previous equation ¢ represents the cur-
rent epoch and {F is a parameter of the algorithm that
determines the epoch at which the leaming rate should
drop to zero. The crossover strategy consists on choosing
iwo parents from the selected pool and copy randomly
from each of the parents sub-sets of parameters (in this
case the allowed subsets are ANN's sub-trees). Crossover
15 scarcely used because the approaches that were proved
effective imply complex encoding and decoding schemes
and their effectiveness is highly dependent on the prob-
lem being addressed. The crossover procedure applied in
this case requires that the ANNs have the same structure.
Crossover is done simply by choosing each unit (and all
its incoming weights) randomly from one of the two se-
lected parents.

Each agent contains a population of specimens, and
exchanges its active specimen afier a given number of
epochs (3 in this case). After the evaluation of all the
specimens, the selection process takes place, followed by
mutation and crossover of the selected specimens to gen-
erate a population of the same size as the previous one.

4 Advice-exchange

The first version of this algorithm was introduced in
(Nunes and Oliveira, 2002b) where it was evaluated in
solving a simplified traffic-control problem. In these ex-
periments. agents were working on similar but detached
problems. Recent work on this subject can also be found
in (Nunes and Oliveira, 2002a, 2003). Advice-exchange
consists in presenting the current state of the environment,
as seen by a given agent (the advisee), to another agent
that has better performance in similar problems (the advi-
sor) and in using the action proposed by the advisor as de-
sired response for a form of supervised learning. This will
enable an agent to learn, both, from the environment’s re-
inforcement and from its more successful partners, which
will act as teachersfentics.

The algorithm, described in table 1 is based on the
knowledge of two guantities for all peers involved in
advice-exchange: the relative current average qualiry
{rg) and the relative best average guality (bg). These
values are calculated as follows: let aqg, , be the aver-
age quality of the actions of agent ¢ in epoch &, then
eq; 0 = (1 — a)ag,, + acq; ;. with a €]0, 1], and
by, 1., = mazxl{aq, .. 3bg, ), with 3 €]|0. 1|. These mea-
sures of the quality of the actions of an agent proved to be
preferable to the absolute, current and best average qual-
ity values because they are less subject to oscillation due
to spurious results.

The self-confidence parameter 15 used in the decision
of whether or not to get advice. This parameter was in-
cluded to deal with the problem of the sudden withdrawal

Table 1: Summary of the advice-exchange algorithm in
the perspective of the advisee agen .

While not train finished
Broadcast:
cg,: relative current quality
by ;. relative best quality, for i € Agents
While not epoch finished

I. Get state s for evaluation.

2. If best guality not good enough or
current quality not good enough or
uncertain/confused concerning state s
2.1 Select the best advisor (k).

2.2 Request advice to agent k for state s
2.3 Agent k: process request of agent 7
producing advised action (a)
2.4 Process advised action (a)
3. Evaluate state s and produce response (r)
4. Receive reward for action taken
End epoch loop
Update g, by, trust,; and se; (self-confidence).
End train loop

of advice and to prevent agents from getting unnecessary
advice. When an agent is deciding if it needs advice it
will compare its own guality statistics (cq and bg) with
those of other peers. The self-confidence parameter is
used as a weight, applied to its own quality values. If
self-confidence is higher than 1.0 (meaning that in the re-
cent past the agent was frequently one of the most suc-
cessful) it will overrate its own performance. If, on the
other hand. it is lower than 1.0 (meaning that in the recent
past the agent was frequently one of the least successful)
it will underrate 1ts own performance.

This parameter can compensate the oscillations in per-
formance, typical of dynamic domains. An agent that
has recently been successful will not ask for advice (and
thus, change its strategy) because of one (or a few) bad
epochis). The ume it takes tor self-confidence to decay to
values lower that 1.0 allows an agent to recover from spu-
rious bad results and only consider getting advice if the
performance drops consistently for several epochs. An-
other problem that was mitigated by the introduction of
self-confidence was that of sudden withdrawal of advice.
When a low-performance agent is learning from a peer
that obtains better results, the traming ends when their
performances reach the same level. It was observed that
after advice was withdrawn some agenis experienced a
sudden drop in performance and had to restart the advice-
exchange process. The analysis of this behaviour, al-
lowed us to conclude that the agents, after just a few
epochs, had lost some of the capabilies that they were
recently taught. The introduction of self-confidence gives
the agent some time 1o solidify the lessons taught by oth-
ers because it takes several epochs for a low-performance
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agent to regain its self-confidence when its performance
IMproves.

Several variants of the update of self-confidence param-
eters were tested. In general the self-confidence (se;) for
agent i is updated as follows: let hb; be the number of
agents for which bg; < bg;, for all agents j <> i; he;
the number of agents for which cq; < og,, for all agents
J <> i; ne the total number of agents in the environment
and k the agent with best eq. Then,

_ { SCdown * 8C; 4 C1is true

BCip4l =

C2 is true sl

Hlyp ¥ ECy

where C1 = (hb; > Ygouwnne V ey > Ygounne) A eg; <
Pdowntqy: C2 = hb; < yypne V ey < yypne V eg; >
PupCs $Cdown €]0. 1] and sey, €]1. 2], The value of s¢;
is not allowed to be greater than se,,,, or smaller than
5Cmin taking up those values if the update has surpassed
the maximum or mimmum values, respectively. The val-
ues of 7] li s “Feferiern » ﬂuih PaounSCmiin and SCmar WEIE,
respectively (1/2, 3/4, 0.9, 0.8, 0.5, 2.0).

The rrusr parameters are used in the selection of the
most suitable advisor for a given agent. It was observed
that in cenain situations the agent with the best guality
statistics was not the best advisor for all its peers. The
performance as an advisor depends not only on the perfor-
mance of an agent, but also on other factors, such as: sim-
ilarity of the dynamics of the advisor and advisee's envi-
ronment and capability of the advisee to learn the advised
behaviour adequately. The introduction of the rrusr pa-
rameter, as a measure of “how much has the advice from
agent j helped 1o improve a given agent’s performance
in the recent past”, helps an agent to seek the most ap-
propriate advisor for its own situation. The update of the
frust parameters 15 done in a similar way as for the self-
confidence. An agent will increase or decrease the trust
on a given peer proportionally to the number of advice it
has received from this peer in the past epoch. Trust will be
increased if the relative current quality of the advisee in-
creased in the last epoch (eq, , > eg, ,_,) and decreased
otherwise.

Trust in a certain advisor can also be influenced by a
partner. When a partner changes advisors or when an ad-
visor has proved successful an agent 1ssues a message (o
its own pariner telling it to trust the partner of its own ad-
visor. This enables agents to learn joint strategies used
by other teams by influencing each of their partners to
seck advice with a different member of a successful team.
The update of the trust agent ¢ bas in agent j is simply:
trust;; 41 = trust,, = trust;; ;, where trust,, > 1.0.

The decision, made by a given agent i, on whether or
not to get advice is based on three conditions:

1. Best quality not good enough: se;bg, < by, for
some j <> i,

2. Current guality not good enough: sc;of, < €4 tor
some j <> i,

3. Confused about current state: An agent is said to be
confused concemning a given state if its N best rated
options differ in their probability of been chosen by
less than a given number €. In these experiments the
values used were N = 4.¢ = 0.1.

- An agent will request advice if any of these is condi-
tions is true. If an agent uses EAs it will not get advice
in the first epoch in which a specimen is being tried. This
prevents it from getting advice based on the performance
achieved by other specimens. When an agent (¢) decides
to request advice it selects the peer with the highest prod-
uct eq; = frust;;. j <> i, and sends its current state 1o the
selected agent. An agent will give preference of choice to
the last advisor when this agent’s score is similar to the
best. By similar, we mean that the quality-trust product
(eq; = trust;;) is lower by less than, for instance, 20%
of the same value for the agent with the highest quality-
trust product. The introduction of the preference given
to the last advisor was necessary to avoid agents from ex-
changing advisor too frequently. This problem of frequent
advisor switch led to serious disturbances of the learning
process because advisees were unable to concentrate in
learming one strategy and in some cases their performance
dropped sharply when obtaining conflicting advice.

If the advisor is an EA-agent it will reload the weights
used in the epoch when the best score was achieved and
run the state provided by the advisee as if it was experi-
encing it in order to produce its best response to the re-
quest. If the selected peer is a QL-agent it will run the
state with the quality-table that produced the best resull
in a previous epoch and without using Boltzmann explo-
ration in the action-selection process. This way it will
choose the action with highest quality according to the
values used in the epoch in which it has achieved the
best performance. The process of incorporating the re-
ceived knowledge in an agent’s current hypothesis is also
different for both types of agents. When the advisee is
an EA-agent it will backpropagate the advice as desired
response using standard online Backpropagarion on the
weights of the ANN. The selection process will work on
the specimens after they have been changed by the Back-
propagation algorithm, passing the knowledge acquired
by supervised-learning to the next generation. This can
be interpreted as Lamarckian learning.

When the advisee is a QL-agent it will give a bonus of
by to the advised action and of by, to all other actions
starting at that state, with: b, > 0, by, < 0 and by, =
10b40-. A similar technique, labelled Biasing-Binary,
that uses the same absolute quantity both for positive and
negative feedback is reported in (Whitehead, 1991).

It was observed that EA-agents took longer to incorpo-
rate the advised information into their current hypothesis
than QL-agents. This 15 due to the particular character-
istics of the learning algorithm and the fact that an EA-
agent evaluates specimens in sequence. To overcome this
problem it was necessary to store advice, which can be
replayed before the beginning of a training epoch. The
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advice given during a training epoch is stored after being
used. up to a limit of 1, .4 patterns (in this case we have
used Mupored = 450). When the storage-space is filled.
incoming advice will replace the oldest advice stored. At
the beginning of a training epoch, if the last advisor is
still the one that has the highest trust-quality product and
the EA-agent still requires advice, the advice is replayed
to the specimen in evaluation prior to the taking of any
actions. If the last advisor has lost the trust of the ad-
visee the stored advice is thrown away. The next time an
advisor is chosen the specimen that receives advice 15 re-
initialized before replaying the advice. Replaying advice
consists in performing backpropagarion using the stored
advice as desired response. This process is repeated un-
til a given number of epochs is reached (usually 100) or
the Backpropagarion error falls below a cerntain thresh-
old. The use of advice-replay, although it allows 1o in-
corporate knowledge gathered by advice-exchange more
rapidly. is still under study because it has the unwanted
side-effect of reducing the diversity of the specimens by
possibly pre-training an entire population with a similar
set of examples. Another disadvantage of this approach is
that online backpropagation 15 a iMe-CONSUMINE Proce-
dure, and traiming time may increase considerably when
using this approach.

5 Experiments

The experiments this work refers to were conducted in the
Pursuit Problem (a.k.a. Predator-Prey Problem).

This problem was first introduced in (Benda et al.,
1985). although the version presented here has been in-
spired on several variations of this environment presented
in {Tan, 1993) and (Haynes et al., 1995).

The problem faced by the predator consists in leaming
to catch a prey in a square arena. A predator is said to have
caught the prey if at the end of a given tum it occupies the
same position as the prey. The arena is toroidal (both in
the horizontal and vertical directions), and contains two
agents (predators) and one prey. At the beginning of cach
turm all agents receive the state of the environment which
consists solely on the relative position of the prey. The
toroidal shape of the gnd 15 taken into account when com-
puting the relative position of the prey as well as when
moving and the predator receives as input the vector with
smallest norm from the several possible vectors between
its position and the prey’s in a torodal world. The accu-
racy of the state received by the predator depends on s
visual range. The predator perceives the correct position
of the prey up to a limit defined by the visual range pa-
rameter (the value of this parameter in these experiments
was 3). If the prey is at a distance greater than the visual
range its relative position 15 disturbed (by Gaussian noise
with null average) proportionally to the distance between
predator and prey. The vision field is toroidal in the same
way movement 1s.

Each predator has to choose between nine possible ac-
nons in each turn, 1e. 1t chooses either to move in one
of the eight possible directions (four orthogonal and four
diagonal), or to remain in its current position. Each preda-
lor moves one step in one direction in each turn. The prey
moves before the predators. To decide in which direc-
tion to move, the prey detects the presence of the closest
predator (closest in the sense of being at the shortest Eu-
clidean distance) and moves in the opposite direction. 1f
there is more than one predator at the same distance one of
the predators is picked randomly and the prey moves away
from it regardless if it is approaching the other preda-
tor(s). The prey moves only nine out of each ten rns.
Any two units can occupy the same cell simultaneously at
any time.

In each turn predators are given a reward that has both
an individual and a global component. The individual
component is based on their distance to the prey (d). This
reward is equal to 1.0, if the predator has captured the
prey or (1.0 — d/dyas)/10.0 otherwise. The constant
maxy represents the maximum distance between any two
positions in the grid world. The global component of the
reward is calculated by multiplying the partner’s reward
by a given number g, with ¢ < 1. In these experiments
we used g = 0.25. After a successful catch the predator
that caught the prey is randomly relocated in the arena.

This version of the pursuit problem does not involve
either explicit cooperation or competition between the
predators, although cooperative behaviour has been de-
tected in some experiments as will be explained below.

5.1 Agents and scenarios

Agents in these experiments use either Q-Leaming (QL)
or Evelutionary Algorithms (EAs) to learn the required
skill. Heuristic agents perform a fixed (hand-coded) pol-
icy that always tries to reduce the distance 1o the prey as
much as possible. These agents do not request advice, but
they always reply to advice requests from other agents.

The scenarios used in these experiments are the follow-
ing:

1. Individual: Four arenas, each with two predators and
one prey. In each arena all predators use the same
learning algorithm and they do not exchange any in-
formation with their peers.

I

Social Heterogeneous: Four arenas, each with two
predators and one prey. In each arena all predators
use the same leaming algorithm and advice may be
requested by a predator to any of its seven peers
in the same or other arenas. Two arenas have EA-
agents, the other two have QL-agents.

3. Social Heuristic: Similar to the Social scenano but
with an extra arena where two Heuristic agents are
performing the same task (hunting one prey) and
may also be chosen as advisors.
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4. Social Homogeneous: Four arenas, each with two
predators and one prey. In all arenas all predators
use the same leamning algorithm (QL or EAs) and
advice may be requested by a predator to any of its
seven peers in the same or other arenas.

For each of the above scenarios 11 trials were made
(x4, or x8, agents of each type) with different random
seeds. Each trial ran for 9000 epochs and each epoch
has 130 tums. For each trial there is a corresponding test
which runs for 1000 epochs without leaming or exchange
of advice. Each agent in the beginning of a test loads
the parameters that the corresponding agent saved during
training when it achieved its best absolute score. Partner-
ships were kept unchanged by this procedure.

Two experiments were made differing only in the di-
mension of the grid. In the first the grid was 10x10, and
in the second 20x20 positions wide.

5.2 Experiment 1

The objective of the first experiment was to examine the
behaviour of advice-exchange in a problem where QL-
agents, when working individually, are clearly superior
to Heuristic and EA-agents. In this experiment the di-
mension of the arena is 10x 10 and advice-exchange is not
allowed until mid trial (epoch 4500).

Each point in the graphics (and value in the tables) is
based on 44 (11 trials x 4 agents) or 88 (11 x 8) different
trials of an agent using a particular algorithm in a partic-
ular scenario. For the training data the average quality
per epoch of the agent’s actions for all experiments was
calculated and these values where averaged for every 200
epochs. for better understandability of the graphics.

Each graphic shows the results of an agent that uses
a given learning algorithm (QL or EA) when not using
advice-exchange (labelled: Individual). in a social het-
erogeneous environment with and without heuristic ex-
perts (Social Heuristic and Social Heterogeneous, respec-
tively) and in a social homogeneous environment com-
posed solely of other agents using the same learning al-
gorithm (Secial Homogeneous). The averaged results of
the heuristic expents are presented in all figures to facili-
tate the comparisons between different graphics.

The agent that produced the best average score in test
for each algorithm-scenario pair was chosen as represen-
tative and its average score during the 1000 epochs of test-
ing is shown on the column labelled “Best test avg™ of ta-
bles 2 and 3. The average score in test per agent-type and
scenano 15 also presented in the last column of the same
tables, and it is labelled “Avg in test™.

One of the most interesting, and important, facts in this
experiment is that QL-agents in individual scenarios learn
to perform better than Heuristic and EA-agents. This per-
formance is achieved by developing joint strategies. No-
tice that there is no explicit attempt to develop cooperative
strategies and the agents have no information conceming

their partners in their description of the state. Coopera-
tion emerges spontancously when one of the agents takes
advantage of the other’s strategy. These observations con-
firm the statements in (Sen et al., 1994; Sen and Sekaran,
1998) where the authors defend that it is possible for QL-
agents 1o learn coordinated strategies without exchanging
information or knowing that there is another agent acting
in the same environment.

Another interesting fact, and also of great imponance
to the following discussion. is that it is common to ob-
serve one of the QL-agents profit more than the other from
these joint strategies. In certain cases this phenomenon
resembles more a form of parasitism than actual cooper-
ation. This also holds if agents do not share the reward
and was observed in experiments documented in (Nunes
and Oliveira, 2002a). In these cases the joint strategy
would often be destroyed because one of the members
was not performing well enough and thus would seek
advice (quite often from its own partner). When get-
ting advice its strategy would change and the “parasite”™
would see its score drop to average/low levels in a few
epochs simply because the dynamics of its environment
had changed due to the change in its partner’s behaviour.
Since agents have no information regarding their partners
they could only attribute the drop in their performance to
changes in the environment and would have to re-evaluate
its strategy based on the new dynamics. This usually
caused the reward values to drop for quite a few epochs
until the agent adapted itself 1o the new strategy of its pan-
ner. In some cases this new strategy was not so easily
exploitable and the “ex-parasite” would never achieve the
same level of performance and would fail in the final tests
because it was trying to use a joint strategy with a peer
that did not cooperate.

One of the reasons for the introduction of a global com-
ponent in the reward function was precisely to maintain
these successful groups. The sharing of rewards was rel-
atively successful in maintaining most of the groups to-
gether even if one agent would get only a small percentage
of its partner’s reward. The break-up of joint strategies
can still be observed in the current experiments, although
in a much smaller scale than in previous ones. It was
also observed, in some cases, that when both agents main-
tain their strategies reasonably stable for long enough the
performance of the “parasited” agent can increase slowly
without destroying the cooperative strategy.

As seenin table 2, QL-agents perform better in this ex-
periment than either Heuristic or EA-agents. Curiously,
although individual performances are better in terms of its
average, the best tests are from QL-agents trained in so-
cial environments with advice-exchange. The difference
is slight but this observation is consistent with previous
tests.

EA-agents perform considerably better in Social Her-
erogeneous and Heuristic environments than in the Indi-
vidual trials, proving that advice-exchange does improve
the scores of low-performance agents to levels that are
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Table 2: Best and average test results in experiment | for
cach scenario-algorithm pair, ordered by best test aver-

aoes.

Scenario Alg. | Besttestavg | Avg in test
[ Social Het. | QL 0.20740 | 0.18471
Social Hom. | QL 0.20605 0.18803
Social Heu. | QL 0.20447 0.17101
Individual | QL 0.20413 0.19434
Social Het. EA 0.20358 0.17627
Social Heu. | EA 0.19468 0.17118
Social Heu. | Hew. | 0.17617 0.17345
Individual | EA 0.16148 0.14368
Social Hom. | EA 0.15850 0.14164

close to those of the advisors. Nevertheless, interferences
caused by trusting heuristic experts too much can be no-
ticed in the difference between the results for EA-Agents
in Social Heterogeneous and Heuristic environments.

The exchange of advice in Social Hererogeneous sce-
narios produces the highest score in the best results col-
umn for EA-agents, although in Homaogeneous scenarios
it seems not to be very profitable, reaching slightly lower
scores than in the Individual scenarios. This slight drop
can be attnbuted to disturbances caused in a few trials
when an agent is switching strategies in middle of the
training,
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Figure 1: Training results for QL agents in experiment 1.

In figure | we can see the average evolution of the re-
sults of QL-agents in different scenarios during training.
It 1s noticeable that at epoch 4500, when advice-exchange
starts, social QL-agents suffer a small destabilization and
in Heuristic scenarios start to take advice from heuristic
expents. which leads them off their track and into a local
maxima from which they do not seem able to escape.

In what concems the performance of EA-agents in
training, depicted in figure 2, we can notice that it s eas-
ier for an EA-agent to follow the performance of Heuris-
tic agents (whose advice is more stable) than that of QL-
agents.
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Figure 2: Training results for EA agents in experiment 1.

The number of advice-exchanged during training is rel-
atively small. The highest value reported for both exper-
iments is an average of 7 requests per epoch (150 tums)
measured over the full trial (9000 epochs). It is impor-
tant to notice however that advice is not allowed during at
least half of these epochs and that the traffic generated is
“bursty”, concentrating in a few epochs, usually between
epochs 4500 and 5000.

5.3 Experiment 2

The objective of this experiment is to examine the be-
haviour of advice-exchange in a problem where EA-
agents (when working individually) are, in average, su-
perior to QL-agents. This experiment is. in all respects,
similar to expenment 1, except in the dimension of the
arenas (in this case 20x20).

Table 3: Best and average test results in experiment 2 for
cach scenario-algorithm pair, ordered by best test aver-

ages.
Scenario Alg. | Best testavg | Avgin test
Social Heu. | QL 0.12291 0.12176
Social Heu. | Heu. 0.12227 0.12165
Social Heu. | EA 0.12201 0.11940
Social Het, | QL 0.11507 0.10721
Social Het. | EA 0.11477 0.10822
Individual | EA 0.11462 0.10661
Social Hom. | EA 0.11290 0.10693
Individual | QL 0.11079 0.08840
Social Hom. | QL 0.10820 0.08990

Contrary to the previous experiment in this QL-agents
have serious difficulties in leaming an appropriate policy
individually. In this experiment heuristic agents behave
considerably better then their peers.

We can see in the best results column that agents in So-
cial Heterogeneous and Heurisric environments have bet-
ter results than their counterpans in /ndividual scenarios,



and that when advised by heuristic experts, both QL and
EA-agents achieve similar performances.

The average results are very similar to the best in terms
of the ordering of agents and scenarios, although the or-
dering of Individwal and Homogeneous trials is reversed
for both types of agents. Also, QL-agents in Hereroge-
nepus scenarios exhibit slightly better best performances
than EA-agents (their teachers for a long period in these
scenarios). The same type of phenomenon can be ob-
served in Social Heuristic scenarios. This is, in a small
measure, the type of effect we were hoping to find, which
consists in the advisee surpassing its advisor and becom-
ing itself the teacher for its peers (including, sometimes,
its previous advisor).
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Figure 3: Training results for EA agents in experiment 2.

In figure 4 we can clearly see the effects of advice-
exchange in the average training behaviour of QL-agents.
The most interesting fact is that, contrary to the previ-
ous experiment, exchanging advice amongst agents of the
same type improves considerably the performance of QL-
agents, which means that by exchanging information they
are able to learn better, in average, than when working in-
dividually. However, this effect is hardly noticeable in the
test results. Fhis difference between train and test results
can be attributed 1o a sharper definition of the best action
for each state when using advice-exchange during train-
ing. This effect (the improvement in the scores in Homo-
geneous trials) is not noticeable in the leaming curves of
EA-agents (figure 3).

In summary, QL-agents benefit from advice-exchange,
being able. not only to copy their teachers, but often 1o
have slightly higher performances than the agents from
which they received advice. This effect in QL-agents can
be attributed to a more stable strategy or to a fine tuning
of the solution proposed by their EA peers. EA-agents do
not seem to benefit so clearly, in average, from advice-
exchange as their QL-peers, although the best results are
similar to those of the advisors. This indicates some in-
stability in the training of social EA-agents. By observing
the learning curves and the test logs we can conclude that
some of this instability can be attributed to the change
from Heuristic to QL advisors.
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Figure 4: Training results for QL agents in experiment 2.

6 Discussion

One of the main reasons for the selection of these two
algonthms (QL and EA) 1o test advice-exchange in the
pursuit domain was that they have quite different internal
structures and exploration strategies. EA usually climbs
faster to a reasonable quality plateau but seems unable 1o
fine-tune the solution. QL-agents often take very long to
find any type of solution to the problem, in some cases
failing to reach any solution within the experiment time-
frame, but after having solved the problem a few times
they quickly leam to perform at an expert level. The in-
tended effect of exchanging advice would be that differ-
ent agents could pull each other out of local maxima, thus
achieving better performances than when trained in Indi-
vidual scenarios.

The following paragraphs report and summarize the
observations made, both in these, as well as in previous
experiments reported in (Nunes and Oliveira, 2002a).

The use of absolute best and current quality measures
in the decision of whether or not to get advice leads to
worse results than the use of their relative counterpars
(cg; and bg;) because a spurious good result can lead an
agent that does not have a solid strategy to give others
“bad advice”.

The use of advice-exchange early in the training, al-
though it improves the initial leaming rate of QL-agents,
may lead them to local maxima, i.e. non-optimal strate-
gies that are similar to the ones obtained by their advisors.

In problems where EA-agents reach a reasonable score
and QL-agents are unable to solve the problem (either
individually or by exchanging advice with other QL-
agents), advice from EA-agents is beneficial and leads to
considerably better average results for social QL-agents.
In the reverse situation (problems where QL-agents per-
form better), most EA-agents benefit from the advice of
their QL-peers near the end of the training, but others are
unable to profit from the teachings and in some cases per-
formance drops because EA-agents fail to switch from
their previous solution to the one they are being taught
and use an in-between strategy which is frequently, very
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poor. Another fact that can cause this drop is that some-
times EA-agents are being taught a strategy that requires
two cooperating partners, and since the other partner may
not be requesting advice. or may be advised by the wrong
advisor. the “teamwork™ that originated the good score of
the advisor is never achieved by the EA-agenls.

As mentioned previously QL-agents seem to develop
joint strategics, and in some cases one of the partners has,
consistently, higher scores than the other. Nevertheless,
the actions of the low-performance agent are necessary
for the common goal of catching a prey and thus to main-
tain the score of the high-performance partner. It was ob-
served that when the lower quality agent is advised by its
own partner (or any other agent) and changes its policy
the average quality of both agents drops, sometimes irre-
versibly. When low-performance agents try to get advice
from others that arc engaged joint strategies it is funda-
mental that both agents in the advisee-group take advice
from the two distinct partners in the advisor-group.

The frequent exchange of advisor during training may
cause severe instability in both types of agents. Being un-
able 1o concentrate on leaming one strategy, and getting
conflicting advice from several advisors frequently leads
agents to long periods of low scores. Also, the sudden
withdrawal of advice can hurt advisees (especially QL-
agents). Its was observed that when a QL-agent did not
have a consolidated policy. as soon as it reached a score
in which advice was no longer requested, its performance
dropped. This happens mainly in experiment 2, which re-
quires a long sequence of similar actions with low reward
to achieve a caplure.

To solve the problems mentioned above several new
concepts were introduced. The measures in which agents
base their decisions are nol instantaneous but calculated
using a window, or an infinite horizon technique, based
on the values that need to be accessed. This contributes
to the improvement of the decision of when to get advice
and in the choice of advisors.

The problem of early convergence to local maxima due
to exchange of advice was mitigated by the introduction
of an initial period where agents are not allowed to ex-
change advice. At this time the period is still a pre-set pa-
rameter but it can easily be defined as a condition based
on the derivative of the performance of an agent, similarly
to many criteria for stopping training. When this deriva-
tive approaches zero for a certain number of epochs we
can conclude that the agent will not be able to improve
its performance any further alone, and proceed in the pro-
cess of getting advice. It is important to mention that this
solution, although it leads to better final scores, does so at
the expense of a slower initial convergence in QL-agents.

Due to the specific nature of the leaming algorithms
we have noticed that QL-agents are much easier to advise
than their EA peers. We have introduced advice-replay
to cope with this disadvantage of EA-agents. Improve-
ments in the time EA-agents take to incorporate advice
and improve their scores were clearly noticeable. We are,
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nevertheless, fully aware that the more efficient the ad-
vice intake procedure is, the easier it is to have all agents
rapidly going to the same area of the search-space with a
consequent loss of diversity.

The problem of leaming joint strategies from another
group was solved by exchanging advisor preferences.
This consists in one agent sending a message (0 ils partner
advising it to trust a given agent. This solution is reason-
able for a problem where the panners are clearly identi-
fied, but refinements must be made for cases when it 1s
unclear which are the cooperating partners.

Another problem was the frequent exchange of advi-
sors. This was dealt with by giving preference to the last
advisor. This simple strategy has clearly diminished the
instabilities in training during advice-exchange.

The most important aspects in exchanging information
are in the selection of when, and from where, to get this
information. The decision of “when” is based on the rel-
ative quality statistics, mentioned above and in the con-
cepts of “self-confidence” and “confused abour a given
stare”. The first has a twofold effect, it prevents spunious
bad results from leading an agent to seek advice (possi-
bly abandoning a good strategy) and provides an advisee-
agent the extra-time necessary to solidify its strategy after
a sequence of advice. The second concept is a first step
to define agents’ leaming stages. At some poinis an agent
does not need continuous advice (because it has a rela-
tively good score) but is sometimes unclear as to which is
the best response for a given state. It is impornant, at this
stage to ask for help only in some situations and be cnti-
cal about the advice that is given. This may be considered
an intermediate learning stage in which the agent makes
the transition from continuous advice 1o auloNOMOUS EX-
ploration. The “confused abowr state” condition makes
this transition easier and less turbulent.

The other important aspect that needs to be solved
when dealing with exchange of information is: “where”
to get if from. It was soon evident that in centain problems
the agent with the best score was not the best advisor for
all or part of its peers. This can happen due to a number of
reasons, most of which were mentioned above: spurnous
good results, advisor is using a joint strategy, dynamics
of the advisor’s environment are not similar enough to the
advisee, etc. To solve the problems that we have faced in
the choice of advisors we used the concept of trust. Trust
is a measure of how useful the advice of other agents was
in the past to a given agent. This has also contributed to
stabilize the advice-exchange process by helping agents
1o choose better advisors.

Table 4 presents a comparison of the average duration
of a trial in several different scenanios. It is important to
notice that in Hewristic scenarios there are 10 agents in
5 arenas, while other scenarios have only 8 agents in 4
arenas. As for all other characteristics all scenarios arc in
equal stand. The most time-consuming event in the trials
is undoubtedly advice-replay, without which the differ-
ence between individual and social scenarios in terms of



computation time would be considerably lower.

Table 4: Average time per trial (in seconds) measured in
11 trials on the 20x20 scenario.

Scenario Avg time (sec)
Individual 263
Social Heu. 970
Social Het. 1696

As mentioned above, there are still some problems that
need to be addressed, namely:

s [mprove procedures for coordinated leaming of joint
strategies.

o Consider options to adaptively balance the choice
between individual exploration and reliance on ad-
vice.

» Automate the choice of values for the majority of the
parameters that in these expenments are pre-set.

¢ Create the means to modify the leaming behaviour
according to the phase of the training (initial, high
climb, stabilization or fine-tuning).

e Study how to combine information from different
SOUrces.

One of the main expectations that drives this research
15 to create teams of agents that through communication
may be able to leamn more and faster than the same num-
ber of agents could when working individually. This was
observed so far only in a minor scale and mositly in the
harder problems with which we have experimented. It is
important to assert if this behaviour does occur in larger
scale, and, if so, under which circumstances.

7 Conclusions and Future Research

The results obtained show that advice-exchange can be
beneficial for the performance of leaming agents even
when the exchanged information is very simple. In both
experiments, the type of agents that has lower perfor-
mances achieves betier scores when being advised. The
use of advice-exchange in situations where the action of
an agent depends on the sirategy of others requires added
capabilities on the part of agents to select and combine
information from several sources, or o make better use
of meta-leaming information, such as the results of other
agents or their effectiveness as advisors. The perfor-
mance of most social agents can achieve levels similar or
sometimes slightly higher than the best of the peers they
have contact with, but clear improvements over the per-
formance of the best of the members of a group were not
observed in these experiments.
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The process of human leaming has several stages of
growing autonomy: imitation; secking advice for a com-
plete solution; seeking advice for a particular step of a
solution, or for how to relate a new problem with previ-
ous ones and, finally, a relatively autonomous stage where
people simply request opinions to some trusted peers (o
increase the confidence in the solutions they have leamed,
or to adapt themselves to new situations. The introduc-
tion of these stages of evolution in the process of advice-
exchange can be an interesting step towards the develop-
ment of a techmque that can autonomously shift the way
in which advice is being used.

The application of similar methods to other type of
learning agents, as well as other problems, is also an im-
portant step in the validation of this approach. The un-
dergoing research in a traffic-control problem, as an ex-
tension of the work presented in (Nunes and Oliveira,
2002b). is of great importance to the validation of this
techmigue in a more complex environment,

A development of the way rrusr is used by agents, asso-
ciating it with agent-situation pairs, may allow the advisee
to differentiate who is the expen on the particular situa-
tion it is facing and improve the effectiveness of advice-
exchange. Another interesting issue 15 that humans usu-
ally offer unsolicited advice for some situations. Either
great new discoveries or actions that may be harmful for
the advisee seem to be of paramount importance in the use
of advice. Rendering unsolicited advice at critical points,
also seems like a promising approach to improve the skills
of a group of leaming agents. The same applies to the
combination of advice from several sources.

Our major aim is to. through a sct of expeniments, de-
nive some principles and laws under which leaming in the
Muluagent Systems framework proves 1o be more effec-
tive than, and inherently different from, just having agents
leaming as individuals.

References

M. Benda. V. Jagannathan, and R. Dodhiawalla. On op-
timal cooperation of knowledge resources. Techni-
cal Report BCS G-2012-28, Boeing Al Center, Boeing
Computer Services, Bellevue, WA, 1985.

J. Clouse and P. Utgoff. A teaching method for reinforce-
ment learning. In Proc. of the Nineth Ini. Conf. on Ma-
chine Learning, pages 92-101, 1992,

1. A. Clouse. On inregrating apprentice learning and re-
inforcement learning. PhD thesis, University of Mas-
sachusetts, Depanment of Computer Science, 1997.

J. A. Clouse and P. E. Utgoff. Two kinds of training in-

formation for evaluation function learning. In Proc. of
AAAT'9I, 1991,

M. Glickman and K. Sycara. Evolution of goal-directed
behavior using limited information in a complex en-




vironment. In Proc. of the Generic and Evolutionary
Compuration Conference, (GECC(0-99), 1999,

T. Haynes, R. Wainwright, 5. Sen, and D. Schoenfeld.
Strongly typed genetic programming in evolving coop-
eration strategies. In Proc. of the Sixth Inr. Conf. on
Genetic Algorithms, pages 271-278, 1995,

J. H. Holland. Adaprarion in Nawral and Artificial Sys-
rems. Umiversity of Michigan Press, 1975,

L. P. Kaelbling, M. L. Littman, and A. W. Moore. Re-
inforcement leaming: A survey. Journal of Artificial
Intelligence Research, 4, 1996,

1. R. Koza. Genetic programming: On the Programming
of Compurers by Means of Namwral Selection. MIT
Press, Cambridge MA, 1992,

L.-1. Lin. Self-improving reactive agents based on rein-
forcement learning, planning and teaching. Machine
Learning, 8:293=-32], 1992,

L. Nunes and E. Oliveira.
erogencous groups of leaming agenis.
cal Report 1 12/02, FEUP/LIACC, 2002a.
http://home.iscte.pt/Ilmmn/www.

Advice-exchange in het-
Techni-
URL

L. Nunes and E. Oliveira. On leamming by exchanging
advice. In Proc. of the First Symposium on Adaptive
Agents and Multi-Agent Systems (AISE'02), 2002b.

L. Nunes and E. Oliveira. Advice exchange between
evolutionary algorithms and reinforcement leaming
agents: Experimental results in the pursuit domain.
Technical Report 2 03/03, FEUP/LIACC, 2003. URL

http://home.iscte.pt/ilmmn/www.

B. Price and C. Boutilier. Implicit imitation in multiagent
reinforcement learning. In Proc. of the Sixieenth I,
Conf. on Machine Learning, pages 325-334, 1999,

B. Pnce and C. Boutilier. Imitation and reinforce-
ment leaming 1n agents with heterogeneous ac-
tions. Severeenth International Conference on Machine
Learning ICM L2000, 2000,

D. E. Rumelhan, G. E. Hinton, and R. J. Williams. Learn-
ing intermal representations by error propagation. Par-
allel Distributed Processing: Exploration in the Mi-
crostructure of Cognition, 1:318-362, 1986.

R. Salustowicz, A Genetic Algorithm for the Topelogical
Oprimizarion of Newral Nerworks. PhD thesis. Tech.
Univ. Berlin, 1995.

S. Sen and P. P. Kar. Sharing a concept. In Working
Nates of the AAAL-02 Spring Svmposium on Collabo-
rative Leaming Agems, 2002,

5. Sen and M. Sekaran. Individual learning of coordina-

tion knowledge. Journal of Experimental. Theoretical
Artificial Imelligence, 10:333-356, 1998,

73

5. Sen, M. Sekaran, and J. Hale. Leming to coordinate
without sharing information. In Proc. of the Narional
Conf. on Al. pages 426431, 1994,

M. Tan. Multi-agent reinforcement leaming: Independent
vi. cooperative agents. In Proc, of the Tenth Ini. Conf.
on Machine Learning, pages 330-337, 1993,

C. J. C H. Waitkins and P. D. Dayan. Technical note: Q-
leamning. Machine Learning, 8(3):279=292_ 1992

5. D. Whitehead. A complexity analisys of cooperative
mechanisms in reinforcement leaming. Proc. of the 9th
Narional Conf. on Al (AAAI-9] ), pages 607-613, 1991,

X. Yao. Evolving arificial neural networks. In Proc. of
[EEE. volume 87, pages 1423-1447, 1999,



*

Evolving Strategies for Agents in the Iterated Prisoner’s Dilemma in
Noisy Environments

Colm O'Riordan,

Dept. of Information Technology,
National University of Ireland,
Galway, Ireland.

Email: colmor(@geminga.nuigalway.ie

Abstract

In this paper, we discuss the evolution of agents in a multi-agent system. Within this system, agents interact
with each other; these interactions are modelled in an abstract manner using ideas from game theory. This
paper focuses on the iterated prisoner’s dilemma. We discuss properties we believe to be of importance with
respect to fitness of strategies in traditional environments and also in environments where noise is present.
Specifically, we discuss notions of forgiveness (where strategies attempt to forgive strategies that defect in
the game) and memaory (where strategies are reactive to immediate events but maintain a memory of past

interactions).

1 Introduction

The motivations for further research in the iterated pris-
oner’s dilemma, given that it has been well-studied in a
variety of domains (Axelrod and D' Ambrosio (1994)) are
two-fold:

e the assumption of cooperative behaviour in many do-
mains (for example, multi-agent systems) is not al-
ways valid, and

& the assumption of a noise-free environment is also
not valid in certain domains. An intended cooper-
ative gesture by one participant may be interpreted
as a non-cooperative gesture by the receiver due to
a number of reasons (for example, ambiguity in the
message; conflicting goals and differences in on-
tologies maintained by the participant). A transmit-
ted gesture may be lost or damaged in transmission
which may result in the receiver mis-interpreting the
message. These potential problems may result in a
cooperative gesture being recognised by the receiver
as a defective gesture and vice versa,

The latter problem has not been widely studied, with
only a handful of researchers considering noise and errors
in games such as the iterated prisoner’s dilemma ( Bendor
etal. (1991), Kahn and Murmighan (1993), Miller (1996),
Mueller ( 1988)).

Subsequent sections outline some recent results
obtained in experiments dealing with the iterated pris-
oner’s dilemma in noisy environments. The approach
taken in this research has been to design strategies
based on heuristics, to validate these strategies in fixed

environments and to search the range of properties of
these strategies using evolutionary computational search
technigues.

Section 2 presents related research in the areas of the
prisoner’s dilemma and noisy environments. Section 3
motivates the need to develop new strategies for noisy
cnvironments.  Section 4 introduces two classes of
strategies that for environments. Experimental results
regarding these strategies are presented in Section 5. The
paper concludes with some observations regarding the
evolved strategies and their properties.

2 Related Work

2.1 Prisoner’s Dilemma

In the prisoner’s dilemma game, two players are both
faced with a decision—to either cooperate(C) or de-
fect(D). The game is often expressed in the canonical
form in terms of pay-offs:

Player 1
| s D
Player 2 | C (A1, A1) (Az, Az)
| D {Az. Ag) (Aa, Aq)

where the pairs of values represent the pay-offs
(rewards) for players Player 1 and Player 2
respectively. (Az3 < Ay < Ay < As. The constraint
2A; > A2 + Az also holds.)



In the iterated version, two plavers will play numerous
games (the exact number not known to either player).
Each player adopts a strategy to determine whether to
cooperate or defect at each of the moves in the iterated

game,

A computer tournament (Axelrod (1984)) was organ-
1sed to pit strategies against each other in a round-robin
manner in an attempt to identify successful strategies and
their propertics. The winning strategy was fif-for-rar;
this strategy involved cooperating on the first move and
then mirroring one’s opponent’s move on all subsequent
MOVES,

The mitial results and analysis suggested that the
following properties are necessary for success—niceness
(cooperate first), retaliatory (be willing to punish strate-
gies that defect), forgiving (be willing to cooperate
following a cooperation) and clear (strategy should be
sufficiently simple to render it possible for an opponent
to ascertain the strategy).

In a second tournament (Axelrod (1984)), of the top
16 strategies. 15 were found to be nice. These results
indicate that cooperative strategies are useful if there is a
high chance that the strategies will meet again.

2.2 Forgiveness in the Prisoner’s Dilemma

In earlier work (Riordan (2000)), we explored the
notion of forgiveness—the ability or readiness to play
cooperatively in the game once mutual defection has
been detected'. The type of forgiveness we report is
of a reactive nature, where cooperative gestures were
played immediately following the detection of a spiral of
defections.

In our experiments (O'Riordan (2001)), using an
cvolutionary computation technigue, we encoded, in each
chromosome, several aspects of a strategy’s behaviour.
These include: behaviour on the first move, behaviour
following a defection by opponent, behaviour following
a cooperation by opponent, number of mutual defections
to allow before entering to forgiving behaviour, number
of successive cooperative gestures to make in order to
Jorgive, whether a strategy will use calculations based
on a longer memory to choose the next move and finally
a threshold (number of previous cooperations less the
number of previous defections) under which strategies
will not cooperate.

"Mate: this differs from Axelrod's notion of contrition which is
played by strategies to recover from the effect of their own defective
behaviour
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In these experiments, the evolved strategies played
in an environment comprising several well known fixed
strategies which were not subjected to evolutionary
pressures.

On all trials the first genes corresponding to the first
three properties converged extremely quickly and con-
firm findings by many others—cooperate on first move,
cooperate following a cooperation and defect following a
defection.

The fifth gene does not converge to zero in any of
the expenments, indicating a forgiving behaviour i1s a
useful propenty for any strategy to maintain. The level of
Jorgiveness and the length of the spiral have varied in the
trials. These experiments allowed us to explore a range
of properties of forgiving strategies,

Further experiments involved co-cvolving a set of
strategies where the initial set of strategies were created
randomly and evolved in the environment of creatures
playing the iterated prisoner’s dilemma.

In these experiments, we see that forgiveness quickly
becomes the norm; strategies choose to forgive strate-
gies with whom they are locked in a mutual spiral of
defection. Furthermore, we see that in not all runs is
cooperation on the first move selected as the norm. We
believe the presence of forgiveness in the population
reduces the evolutionary advantage conferred on those
that initially cooperate: the danger of mutual defection is
not as costly as the strategies are likely to forgive.

2.3 Noisy Environments

The majority of work in the iterated prisoner's dilemma
has focused on the games in a noise-free environment,
1.¢., there is no danger of a signal being misinterpreted by
the opponent or of the signal being damaged in transit.

There are different means that can be chosen to intro-
duce noise to the simulation:

¢ mis-implementation (when the player makes a mis-
take implementing its choice)

e mis-perception (when one player misperceives the
other player’s signal or choice)

Fundunberg and Maskin ( 1990), argue that *if mistakes
are possible, evolution may tend to weed out strategies
that impose drastic penalties for deviations™.

Kahn and Mumighan (1993) find that in experiments
dealing with the iterated prisoner’s dilemma in noisy
environments, cooperation is more likely when players
are sure of each other’s payoffs. Miller's experiments



in genetic algorithms applied to the pnsoner’s dilemma
results in the conclusion that cooperation is at its greatest
when there 15 no noise in the system and that this co-
operation decreases as the noise increases (Miller (1996)).

Hoffman (2000) reports that results are sensitive
to the extent to which players make mistakes (mis-
implementation or mis-perception). In particular,
cooperation 1s vulnerable to noise as it 1s supported by
conditional strategies. For example, in a game between
two ti-for-tars, a single error would trigger a series of
alternating defections.

We argue, and demonstrate with empirical results, that
in both clean and noisy environments, the willingness
to break spirals of mutual defection by incorporating a
level of forgiveness 1s a desirable trait in achieving higher
finess (a function of pay-offs scored in the game) among
agents. Furthermore we suggest that as environments
become noisy a longer memory is beneficial; i.e., one
should base the reaction not on just the previous few
moves but on a longer memory of the game.

3 Noise in the IPD

To further motivate the need to study strategies for
the pnsoner’s dilemma in noisy environments, it 15
worth considering the effect of noise on well-known,
well-researched existing strategies.

If we consider two rit-for-rar strategies interacting in
a noise free environment, we obtain an ongoing mutual
cooperation.

Introducing noise (=p) we get three possible states—
mutual cooperation, mutual defection and repeated
cooperation-defection pairs. This is illustrated in Figure
l.

This gives us the following transition matrix:

(1-p)* 2(1-p)p P’
(1-plp (A-pP+p (1-php
e 2(1 - p)p (1-p)?

Given P, we can calculate P". If o is a row of P,
then o™ will converge. This vector contains values
indicating the probability that the system will be in that
state following n iterations.

(1-=p)* 201-p)p r* o
(1=p)p (A=p)F+p* (1-php an | =
g 21-p)p (1-p)? as
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Figure 1: State transition diagrams for two tir-for-rars in
a noisy environment

We also have oy +az + a3 =1

Solving, we find that for any noise (p > 0), we get
a = (3,3,3)- So given a society of strategies playing
the prisoner’s dilemma with a rir-for-rar strategy, we see
that the society will (given an infinitely long game) arnive

at a reward equal to
A :
{T + —+

We can see that the presence of noise is detrimental to
the overall fitness of a society of tit-for-tat like sirategies.

We can do similar analysis for other simple strategies
and derive the amount of time spent in each state, given
an infinite game.

Empirical analysis of societies of homogeneous agents
(i.e., all playing the same strategy) provides us with more
motivation for studying forms of forgiveness in noisy
environments. In Figure 2, we plot the fitness of societies
of strategies. We include societies of well-known strate-
gies: fir-foi-tar, all-c (where strategies cooperate all the
time) and spireful (where strategies cooperate initially,
cooperate for as long as opponent cooperates, but once
opponent defects, spiteful defects continuously).

We see that all-c is not affected to a large degree by the
introduction of noise; the fitness of the society remains
high. This is as expected as all-c does not retaliate and
punish defections by the opposing strategy. However, we
see that the fitness in the society of fit-for-fats falls dra-
matically with the introduction of any noise. The society
of spireful strategies is seniously affected by the introduc-
tion of even a small amount of noise. As noise increases,
the overall fitness increases as strategies have a higher
chance of obtaining scores other than the score for mu-
tual defection.
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Figure 2: Fitness of societies in noisy environments

4 Forgiveness as a means to deal
with Noise

The basic premise behind forgiving strategies in this
paper is 1o recover to recover from the effects of noise
(spirals of defection) and regain mutual cooperation if
possible. Given a spiral of defection (both strategies
defecting continuously, or less seriously two strategies
alternating between receiving rewards Az, A3), forgiving
strategies attempt to play a cooperative gesture (a number
of cooperations) to break the spiral.

We can define a family of such strategies differing
according to the values of a number of parameters—the
length of a spiral until action is taken, the length of the
cooperative gesture and the amount of times a strategy
forgives an opponent.

These strategies are reactive in that they react im-
mediately to the recent history of moves; an altemative
means to view forgiveness is to consider ‘'memory-based’
strategies (i.e. those that use a longer history of events
in determining their next move). Moves played will be
determined by the game history (or summary of this
history), and not solely on the immediate past. The
motivation behind this approach is that costly spirals
of defection can be avoided if strategies do not react
immediately to defections.

In Figure 3, to illustrate the potential advantages of
these approaches, we plot the fitness of societies com-
prising forgiving strategies and memaory-based strategies
respectively;, we see that both strategies are relatively
robust to the introduction of noise.
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Figure 3: Fitness of societies in noisy environments

5 -Evniving Strategies in a Noisy En-
vironment

In the previous sections, we have discussed two classes
of strategies (forgiving and memory-based) and have
shown their effectiveness in noisy environments. These
represent two classes of strategies that could be used to
combat the potentially detrimental effect of introducing
noise Into an environment.

It is difficult to say, in advance, which type of strategy
15 likely to be selected for, if any. in an evolutionary
setting. Furthermore, it is not clear which values for
the various parameters would be chosen (e.g., length of
spiral, thresholds in the memory-based strategies).

Given the huge range of possible strategies and
emergent behaviours based on interactions, evolutionary
computation provides a powerful mechanism to search
this space of potential strategies.

Three sets of experniments were cammed out:
o co-cvolution of forgiving strategies
e co-evolution of memory-hased strategies

e co-evolution of both forgiving and memory-based
strategies.

5.1 Experimental Setup and Results

In all three sets of experiments, we co-evolve populations
of strategics playing the iterated prisoner’s dilemma
in noisy environments where a genetic algonthm 1s
used to evolve successful strategies. In each genotype,
properties of strategics are represented. To calculate
fitness, each strategy represented is played against all
other represented strategies. NMNoise 1s implemented via
a mis-implementation, i.e., a strategy when playing a
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move, will instead play the opposite move with probabil-
ity equal to the noise in the system.

5.2 Co-evolution of Forgiving Strategies

These experiments involved the creation of a population
of strategies whose behaviour is expressed in a genotype.
These genotypes were initialised randomly. Noise of
1% was introduced. We plot the number of forgiving
strategies, of a population of 50, present per generation.

The genotype used in these experiments encodes a
number of properties of the strategies. These are:

# the first move,

¢ the move following a cooperation,
s the move following a defection,

¢ whether or not to forgive,

e the length of time to wait during a mutual spiral be-
fore evoking cooperative moves to play as a cooper-
ative gesture (forgiving),

¢ how often to forgive.
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Figure 4. Forgiving strategies in an evolutionary setting
In noisy environments

The results, over simulations, with 1% noise are plotted
in Figure 1. We plot whether forgiveness is selected for
or not. We find forgiveness is not being selected consis-
tently and, in some cases, where it does become a domi-
nant property in the population, it is not stable. For higher
levels of noise, this becomes even more pronounced—
forgiving (re-establishing cooperation after a defection)
15 not selected for consistently.

5.3 Co-evolution of Memory-based Strate-
gies

Similarly, in these simulations, we report on strategies in
noisy environments that may ignore some defections by

using a memory-hased strategy. We encoded new proper-
ties in the genotype:

o whether or not to use a memorv-based strategy,

e a threshold, indicating the tolerance the strategy has
to defections (effectively a measure of the ratio of the
number of cooperations to the number of defections
played).

In these simulations, we find that these memory-based
properties are selected in most cases. These results are
summarised in Figure 5, where memoryv-based strategics
are the majority strategy in the society.
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Figure 5. Memory-based strategies in an evolutionary set-
tng in noisy environments

5.4 Co-evolution of both classes of Strate-
oies

In the third set of experiments, we encode properties to
represent both classes of strategies in order to ascertain
which of the two classes will be selected in an evolution-
ary setting. In these expeniments we evolve a population
of 100 strategies playing the iterated prisoner’s dilemma.
In Figures 6 and 7, we plot the number of forgiving and
memory-based strategies present. These show, again, that
forgiving strategies are not stable whereas memory-based
strategies show higher levels of stability.

6 Conclusion

The iterated prisoner’s dilemma is an oft-studied game
in many domains. In multi-agent systems, it serves as a
useful abstraction of many forms of agent interactions.
This paper examined some propertics of strategics
playing the game in a noisy environment.

The introduction of a low level of noise into the system
has an immediate effect on many strategies and we saw
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that their willingness to react to defections causes a
decrcase in the overall fitness of the society.

In the evolutionary experiments we see that for-
giveness, based on attempting to re-establish murtual
cooperation, 1$ not consistently selected. We also see that
the use of a longer memory is selected more readily. ;

These results lead us to conclude, that these approaches
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Abstract

The ability to determine a sequence of actions in order to reach a particular goal 15 of utmost importance
to mobile robots. One major problem with symbelic planning approaches regards assumptions made by the
designer while introducing externally specified world models, preconditions and postconditions. To bypass
this problem, 1t would be desirable to develop mechanisms for action planning that are based on the agent’s
perceptual and behavioural space, rather than on externally supplied symbolic representations. We present
a subsymbolic planning mechanism that uses a non-symbolic representation of sensor-action space, learned
through the agent’s autonomous interaction with the environment,

In this paper, we present experiments with two autonomous mobile robots, which use autonomously learmed
subsymbolic representations of perceptual and behavioural space to determine goal-achieving sequences of
actions. The experimental results we present illustrate that such an approach results in an embodied robot
planner that produces plans which are grounded in the robot’s perception-action space.

1 Introduction

Determining (Sequences of) Actions

Besides the ability to stay operational (e.g. obstacle
avoidance efc.) and to navigate, action selection 15 the
third major competence required for autonomously oper-
ating mobile robots.

One possibility for achieving action selection is to de-
termine a world model manually, to specify permitted op-
erators (actions) applicable to it, and to use standard arti-
ficial intelligence search techniques to find paths through
the action space that will lead from an initial state to the
goal state. STRIPS (Fikes and Nilsson, 1971; Nilsson,
1984) is an carly example of this approach.

More recently hybrid architectures were developed
which employ symbolic planning techniques. They at-
tempt to tackle problems related with symbol grounding
(Harnad, 1990) by incorporating a reactive layer (Arkin,
1998). Well known examples are SOMASS (Malcolm,
2000) and ATLANTIS (Gat, 1992).

However, there are substantial weaknesses to ap-
proaches involving symbolic representations:

o Because of the external identification of operators,
only part of the behavioural space available to the
robot may be exploited.

e Similarly, only part of the perceptual space available
to the robot may be used, due to the difference of per-
ception and experience of the world between robot
and human designer.
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» Finally, actual robot perceptions and actions may
differ from those defined by the human designer (due
to sensor and actuator noise), eventually leading to
brittle and unreliable performance.

An alternative would be to let the robot acquire its own
subsymbolic world representation, and to let it associate
precondinions and postconditions with its behavioural
repertoire autonomously.

Action Selection versus Action Planning

The bulk of research on subsymbolic planning to date has
focused on simulated agents, rather than situated, embod-
ied mobile robots. In Baldassarre (2001a.b), to name a
recent example, simulated robots were able to select one
optimal action {with respect to a fixed performance cri-
terion), given a perceptual state. In contrast to such ‘ac-
tion selection’ mechanisms, we present a mechanism for
‘action planning’ that allows the association of multiple
actions with each perceptual state, and the selection of
actions with respect to variable performance criteria.

Reaction-Diffusion Dynamics

To achieve this, we used the concept of reaction-
diffusion dynamics, introduced by Turing (1952). The
use of reaction-diffusion dynamics to accomplish a search
through a symbolic search space was proposed by Steels
(1988), and has been used frequently in Artificial Intel-
ligence for searching in artificial worlds. Applications



such as Tower-of-Hanoi problem or abstract path plan-
ning are presented, for instance, in Fleuret and Brunet
(2000) and Fomin et al. (1996). In contrast to this work,
we use reaction-diffusion dynamics for searching through
a subsymbolic search space.

Regarding applications in robotics, Zeller et al. (1996)
for instance present a solution to a path planning prob-
lem for a real robot arm. However, heuristics were intro-
duced a priori (in the form of a gradient descent search)
adding tacit knowledge' component to the planner, mak-
ing the planner task specific. A similar approach is taken
by (Fomin et al., 1996) in a simulated path planning task.
In contrast to this approach, we avoid heuristics or other
task specific knowledge altogether in the planner.

Contribution

In this paper we present experiments with a subsym-
bolic action planning mechanism that is based on learned
representations of the robot’s world. The agemt au-
tonomously explores its behavioural repertoire and learns
its own world representation and precondition-action-
postcondition associations. Specific information regard-
ing the technical characteristics of the sensors and actu-
ators is not introduced in the planner. Instead, we leave
the mechanism to acquire its own representation of the
robot’s sensor-motor space, and later explont this knowl-
edge for making plans. Our hypothesis is that such knowl-
edge doesn’t need to be introduced to the planner and as
we illustrate in sections 3.2 and 3.3 taking this approach
we avoid introducing task specific assumptions by the de-
signer and problems of scalability. Any specific sensor
characteristics, or indeed difference between sensors of
the same type, will be incorporated into the robot’s knowl-
edge automatically.

There are similarities here to biological systems, in that
the signals transmmtted through the nervous system do not
convey information about the type of receptor, but merely
the signal produced by the receptors (Kandel et al., 1995).

2 The Action Planning Mechanism

The architecture of the subsymbolic planning mechanism
is depicted in figure 1. There are two layers: a percep-
tual space layer and a behavioural space layer. In the per-
ceptual space layer a self-organising feature map (Koho-
nen, 1984) clusters sensory perception (section 2.1). In
the behavioural space layer the clusters of the first layer
are linked by actions available to the robot (section 2.2).
To determine *paths’ between start and goal perceptions,
reaction-diffusion dynamics are used (section 2.3).

! Tucir knowledge is the kind of knowledge that the system cannot
reason about. A form of tacit knowledge is the procedural code in a

program.
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Figure 1: Architecture of the subsymbaolic action planning
mechanism. A self-organising feature map clusters sen-
sory perception (perceptual space layer). Action links —
between pairs of perceptual clusters — are stored in a
second layer (behavioural space layer). 'Goal' and ‘start’
clusters are denoted with the lefters 'G' and 'S’ respec-
tively. The result of planning is a list of action links that link
the perceptual clusters of start and goal location.

2.1

To establish an internal representation of the robot’s per-
ceptual space through learning, we used a self-organising
feature map (SOFM). There are two reasons for this
choice: 1) clustering is unsupervised, and therefore does
not require clustering teaching signals to be supplied, and
i1) clustering is topological, thus counteracting the effects
of perceptual noise.

Initially, during the robot’s exploration and learning
phase, the robot is left to explore its environment execut-
ing random motor actions from its behavioural repertoire
and collecting perception-action-perception triples. The
acquired sensory perceptions are fed into the SOFM and
orgamised in increasingly clear defined clusters. When
this phase is completed, raw sensory perception 1s ‘en-
coded” in a topological fashion by the SOFM.

The weight vectors of the SOFM are initialised as
pscudo-random vectors of unit length. As similanty mea-
sure we use the Euclidean distance between the input vec-
tor z(t;) and each of the weight vectors m; (£ ).

Representation of Perceptual Space

|z () — m;‘{fj;}“ Vi € Unils
where m; = {51, 152, -, i n } 15 the weight vector of
unit i, = {&,&,---,&s} is the input vector, and n is
the number of input signals. The weight update rule is:
mi(te) + alty)[z(te) — ma(te)] for i €N,
m;(t) otherwise.

m.‘“kﬂ] —
mi(tey1) =

The learning rate a starts with value 1 and progressively
decreases to 0, when training stops. a(tg) is the learning



rate at iteration k. The weights update neighbourhood
radius N, starts from N, = YUnits) £ and decreases
o N, =1.

After each update the weight vectors are normalised
again in order to be unit vectors, using the relationships:

Imdl = \fp2y +pds 4o+ pd, ViEN,
il a2 Hin } -
m = { s, —— » YiEN,.
sl [|m| [lm]| ;

2.2 Representation of Behavioural Space

The robots used in our experiments were given a cer-
tain, defined behavioural repertoire of motor actions, e.g.
‘move forwards’, “turn left’ erc.

After the representation of perceptual space (see sec-
tion 2.1) is completed, the robot uses the perception-
action-perception triples acquired while exploring its en-
vironment — by executing corresponding actions — to
train the behavioural space layer. Obviously, each action
performed took the robot from an initial perceptual state
to a resulting perceptual state.

Motor actions are therefore linked to perceptions en-
coded on the SOFM, and are consequently entered into
the SOFM as directional action links between initial and
final perceptual state labelled with the corresponding ac-
tion (see figure 1).

In this manner, the robot develops a representation
of perception-action-perception triples throughout the ex-
ploratory phase (which is terminated after a preset amount
of exploratory actions has been performed).

2.3 The Action Selection Mechanism

Once the ‘map’ described in sections 2.1 and 2.2 is estab-
lished, it is relatively straightforward to search the map
for complete paths between the current (initial) sensory
perception and an externally specified goal perception.

One major difficulty here is that either or both of the
current physical location and the goal location may never
have been visited before, meaning that no entry for them
is found in the map. The way we tried to overcome this
problem 1s by exploiting the topological nature of the
map: we search for mapped similar (neighbouring) per-
ceptual clusters, and use those for action planning.

The search mechanism used is one of diffusion. Placing
an imaginary “scent’ at the start location and spreading it
along all existing links pointing out of the start location,
the ‘scent” will eventually arrive at the goal location in
perceptual space, indicating which neighbouring node to
the goal (or the goal node itself) network node has a com-
plete path from start to goal.

Once the robot has executed the first motor action of
the plan, the planning algorithm as described above is in-
voked again. This is to avoid errors due to incorrect exe-
cution of a motor action (noise, eic).

3 Experiments

3.1 Experimental Method

Experiments were conducted with autonomous mobile
robots. The robots were capable of moving in 2 dimen-
sional metric space and had a repertoire of four distinct
actions (e.g. ‘move forwards 50cm’, *move backwards
50cm’, “turn left 40°°, and “turn right 40°*). During the
experiments the robot’s task was to stop at a specified po-
sition and orientation in its environment.

The experiments were divided into two distinct phases.
During the initial exploration phase, the robot explored
its environment performing predefined number of ran-
domly selected actions out of its behavioural repertoire,
and acquired (i) a subsymbolic representation of percep-
tual space, using the self-organising feature map (SOFM),
and (ii) a representation of perception-action-perception
associations. The self-organising feature map that we
used was a two dimensional toroid with different size for
cach experiment, as described in the particular sections.
The precondition-action-postcondition associations were
stored as a list of labelled links (action links) between
pairs of perceptual clusters of the SOFM.

In a subsequent application phase, the robot was -
tially placed at a “goal’ location (to obtain the sensory
perception of the goal), then lifted to an arbitrary “start’
location and left to determine a sequence of motor ac-
tions that would take it to the goal. The robot achieved
this through a mechanism of reaction-diffusion dynam-
ics, as described in section 2.3, After finding a path to
the goal the first of the actions of the plan was performed.
Subsequently the planning process was repeated, until the
current sensor perception activated the same perceptual
cluster as the goal perception.

3.2 Experiments with Essex’ Marvin Robot
Experimental Setup

In a first series of expeniments we used an Essex” Mar-
vin robot, which has eight ultrasonic range finders which
were used as sensor inputs to the mechanism (figure 2).

Ultrasonic sonars

b &

Figure 2: Top view and side view of the Essex’ Marvin
robot. The robot has eight ultrasonic sensors, as indi-
cated.




The robot was placed in the experimental arena de-
picted in figure 3 and has a repertoire of four actions
(*move forwards 50 cm’, *move backwards 50 cm’, “turn
left 40°°, and “turn right 40%°).
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Figure 3: The experimental arena used during the experi-
ments with the Essex’ Marvin robot.

During the exploration phase, the robot explored its
environment performing 294 randomly selected actions
out of its behavioural repertoire. The self-organising
feature map that we used was a two dimensional toroid
with 7x7 units. During training each training example
was presented to the SOFM 5000 times. The learming
rate a starts from value 1 and decreases to 0 in steps of
Tmim.nlg Tt — 0.0002 after each training iteration.
Therefore, after completing 5000 training cycles becomes
0 and the training stops. The weights update neighbour-
hood radius N. starts from N, = 3 and decreases to
N. = 1. The precondition-action-postcondition associa-
tions were stored afferwards as a list of action links (links
labelled with the action taken) between pairs of percep-
tual clusters of the SOFM.

In the subsequent application phase, the robot was ini-
tially placed at a “goal” location (to obtain the sensory per-
ception of the goal), then lifted to an arbitrary *start’ loca-
tion and left to determine a sequence of motor actions that
would take it to the goal. The robot achieved this through
a mechanism of reaction-diffusion dynamics, by which
a marker propagated from the goal perceptual cluster ar
even pace in all directions until it reached the robot’s cur-
rent perceptual cluster. The sequence of actions that leads
from the network node that is maximum activated when
the robot is at the *start’ position to the node that corre-
sponds to the *goal” position will indicate the shortest path
to the goal in terms of amount of actions — however, this
does not mean that it will also indicate the shortest phys-
ical path to the goal. Nevertheless, as far as we are inter-
ested in any existing path to the goal, this shortcoming is
not serious. As we will see in section 3.4 by introducing
cost related to actions we can influence the planning to
favour particular plans.

After finding a path to the goal the first of the actions of
the plan was performed. Afterwards the planning process
was repeated, until the current sensor perception activated
the same perceptual cluster as the goal perception.
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Experimental Results

An example of a typical experimental run 1s presented in
figure 4.
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Figure 4: Typical task in 2 dimensional experiment. the
robot is placed at the goal location first (b), then lifted to
an arbitrary start location (a) and instructed to determine
a sequence of action that will take it to the goal.

Start and goal location shown in figure 4 differ both by
angle (0° and 58° resp.) and distance to the nearest wall
(90 cm and 70 cm resp.). Figure 5 shows the sequence of
actions performed by the robot in order to move from start
to goal.
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Figure 5: Sequence of actions (shown in the perceptual
space of the SOFM) performed to solve the task depicted
in figure 4. Mote that the circles represent units of the
SOFM and that the SOFM we use is toroid.

Looking at figure 5, it might appear that the action
sequence forwards-right-lefi-backwards partially cancels
the effect of individual motor actions, returning the robot
to the original position. On closer inspection one finds
that this is not true. In fact, this simple experimental
run clearly illustrates that the robot leamed its own be-
havioural idiosyncracies, in this case the asymmetry be-
tween supposedly symmetric actions such as ‘left’ and
‘right’,

This realisation illustrates that the subsymbolic plan-
ning mechanism avoiding use of symbolic representations
produces grounded plans { Harnad, 1990).



3.3 Experiments with a Magellan Pro

In a second set of experiments we transfered the subsym-
bolic action planning mechanism to a Magellan Pro robot

(see figure 6), which has a larger and different sensor ap- -

paratus than the Marvin robot.

Figure 6: The Magellan Pro robot has sixteen ultrasonic
sonar sensors, sixteen bumper switches, and sixteen in-
frared proximity sensors placed around the body of the
robot.

The sensors used in this setup were the 16 ultrasonic
sonars employed as range sensors evenly placed around
the robot. The 16 sonar input signals, each giving values
in a range 0 — 4, were used as an 16 dimensional input
vector to the subsymbolic planning mechanism.

The different number of sensors, their different tech-
nical characteristics (different range and output values)
and the different behaviour of actuators did not necessi-
tate any changes to the planning mechanism, apart from a
re-definition of the size of the input vector (sensor input
signals) and output commands (motor actions). The rea-
son for this (desirable) feature is the fact that we did not
have to make assumptions about the nature and expected
behaviour of the sensors and the actuators.

Experimental Setup

For the experiments presented here the experimental
arena depicted in figure 7 was employed. It is a square
area with side 2.80m and 4 cylindrical obstacles placed
in order to give a variety of sensor perception through the
field. During the training phase the robot selects random
actions from its repertoire and performs them. Doing so
it collects 400 training samples for training the subsym-
bolic planning mechanism. The SOFM we used was 9x9
units and toroid. During training each training example
was presented to the SOFM 50 times. The learning rate
a starts again from value | and decreases to 0 in steps
of hm:nmlg cyeres — U.02 after each training iteration.
The weights update neighbourhood radius N, starts from
N. = 4 and decreases to N. = 1.
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Experimental Results

After training has been completed the application phase
follows. In figures 7 and 8 one can see two different ex-
perimental runs of the application phase. The first one
(figure 7) depicts the successful finding of the goal both
in perceptual space and in Cartesian space. The second
figure depicts another run. Here (figure 8), due to aliasing
problem, the robot found the goal in perceptual space, but
not in Cartesian space.

Figure 7: The positions and orientations of the Magellan
Pro robot in the arena during one of the experiments. The
environment is a square arena with side length 2.80m and
4 cylindrical obstacles placed inside it. On the left the
robot is placed on the start position. In the middle the
robot is placed on the goal position. On the right the robot
is on the goal it finally found.

Figure 8: The positions and orientations of the Magellan
Pro robot in the arena during another experiment. On the
left the robot is placed on the start position. In the middle
the robot is placed on the goal position. On the right the
robot is on the goal it finally found. Specified and found
goals are perceptually identical, which is the reason for
the outcome of this experiment.

This second set of experiments confirms that the sub-
symbolic planning mechanism is able to learn the be-
havioural idiosyncracies of the particular robot. Of course
we should take into account that the specific hardware
characteristics of a robot define and limit 1ts abihities and
suitability for a given task. This ability of the subsym-
bolic action planning mechanism to adapt to the idiosyn-
crasies of the particular robot makes it robust in real world
applications, where sensors and motors do not have iden-
tical, predictable characteristics.

Furthermore, the experimental results presented in the
two last sections vividly illustrate that the subsymbolic
planning mechanism is embodied and the plans it creates
are grounded (Harnad, 1990; Sun, 2000).



3.4 Introducing °‘Cost’ Functions on the
Planning Mechanism

Being able to determine any sequence of actions to take
the robot to the goal is a useful property. However, in
practical applications it is desirable to favour certain so-
lutions over others.

We achieved this by introducing the notion of “cost’ to
the planning process, assigning a ‘cost’ to cach action link
of the behavioural space layer (see figure 1). Specifically,
we used two different cost functions, one that favoured
translational movement, and one that favoured rotational
movement of the robot.

The robot aims to execute the path with the minimum
cost every time.

Experimental Setup

The Magellan robot was used for this experiments, it is
again capable of performing four actions: ‘move for-
wards 50em’, ‘move backwards 50 cm’, “turn left 40°°,
and “turn right 40°°.

The robot is placed in front of a wall and the task 1s
to obtain a specified distance and orientation. This en-
vironment was selected because it minimises the aliasing
problem.

Initially, the robot performs random actions, from the
four actions in its repertoire, moving in the arena and
collecting 400 precondition-action-postcondition training
data triples. This data was used for training the action
planning mechanism. Drawings of the field we used for
the experiments can be seen in figure 9.
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Figure 9: The positions and orientations of the robot in
the field during the experiments with the two cost func-
tions. On the top left and top right the robot is placed on
the start and goal positions respectively. The bottom left
shows the goal found using cost favouring translation, the
bottom right depicts the goal found using cost favouring
turning. In both cases the goal was reached successfully,
albeit using different plans (see figure 10).

The sensors used in this setup are 16 ultrasonic sonars
employed as range sensors evenly placed around the
robot. The task for the robot was again to move to a spec-
ified position and orientation in the environment, using a
repertoire of the four actions. A two dimensional toroid
self-organising feature map of size 13x13 units was used
for perception clustering. By using smaller SOFM the
aliasing problem increases because there is not enough

resolution to the perception clustering. The learning rate
a starts again from value | and decreases to () in steps
of Tmi"m’g Tyl = 0.02 after each training iteration.
The weights update neighbourhood radius NV, starts from
N. = 6 and decreases to N. = 1. During training we
presented the training examples 50 times to the SOFM,
subsequently storing a list of action links. In contrast to
the earlier experiments, “cost” was associated with each
action link.

The reaction-diffusion dynamics now incorporated the
cost, in that the marker travelled more slowly along links
with higher cost. During diffusion dynamics search the
cost of an action link is translated to propagation time,
and therefore the “scent”™ arrives first at the goal along the
“cheapest” path. This shortest path is then a plan towards
the goal and the first action of this plan 15 executed.

Once a link between goal and current perceptual cluster
was found, the first action of the sequence was executed,
and the entire planning process repeated until current and
goal perceptual cluster were identical.

Costs are assigned to action links after training has
been completed and thus cost functions can vary as de-
sired.

Experimental Results

Figure 10 shows the results of 30 independent experi-
ments, 15 of which favoured translational moves of the
robot? (part a of the figure), and 15 which favoured rota-
tional moves® (part b of the figure).

For all 2x15 runs, the cost of the path followed (dark
bars) in each run and the cost if the other measure had
been used (light bars) are depicted in pairs of bars. Also
the average of the costs of all runs are displayed as a
measure of comparison, it shows clearly that the action
planning mechanism plans and executes a minimal cost
path. Applying t-tests on the data presented on each of the
graphs illustrates that there is a significant difference be-
tween the path costs using the optimisation function and
an alternative function (p=0.0021 and p<0.0001 respec-
tively).

The experiments demonstrated that the robot, starting
from the same location and having the same goal, 1s able
to pursue the task with different plans each time. This is
of great advantage because in real world where we should
not assume a specific perceptual postcondition following
the execution of an action. Planning now is more flexible
and tolerant to environmental, sensor, and motor noise”.
Therefore we have a robust system tolerant to noisy data
during training and application, and designed to plan in
the real world.

2Here the cost was *1° for translational moves and 20" for rotational
ones,

Here the same cost values were used, but with the allocation re-
versed.

AWith the term moise here we mean all the unpredictability involved
with operation in real world.
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Figure 10: Comparison of optimised (dark bars) and alternative (light bars) path cost functions of 2 x 15 experimental runs.
Figure (a) shows the optimisation favouring translational moves, figure (b) that for optimisation favouring rotational moves.
Average costs for the optimised (solid line) and the alternative cost function (dashed line) are also displayed.

4 Discussion

The subsymbolic planning mechanism presented in sec-
tion 2 was able to determine task-achieving sequences
of actions, without using symbolic representations, but
instead applying previously acquired knowledge in new
ways, essentially “assembling’ novel plans from smaller
components which had previously been learned (section
2.3).

Transferring the mechanism to another robot demon-
strated that the subsymbolic planning mechanism does
not depend on specific assumptions about the technical
characteristics of the robot (section 3.3). Furthermore,
subsymbolic planning proved to be capable to employ
cost functions and plan optimum paths (section 3.4) with
respect to different performance criteria (cost functions).

These experimental results illustrate that such a sub-
symbolic planning approach lead to an embodied robot
planner that produces grounded plans.

One weakness of the proposed mechanism 1s that only
plan components that have explicitly been encountered
previously can become part of a plan. In other words,
the mechanism as proposed here is unable to generalise
regarding the behavioural space.

Ongoing work at Essex addresses this weakness, aim-
ing to enable the robot to make plans towards and from
areas of the perceptual space that the robot has not ex-
plored before.
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Abstract

In this paper, we propose a model for dynamic task selection based on an evolving threshold mechanism. The
threshold evolves based on statistical reinforcement with experience the agent gets from positive and negative
feedback. This gives a model where the task selection is tightly coupled with the real success of the tasks
and with the perceptions of the agent in the form of stimuli. An example and experiment in the context of ant
simulation shows that the agent adapts itself in a flexible way, and at the same time uses experience to achieve

a simple kind of specialisation.

1 Introduction

In this paper we consider behaviour-based situated agents
(Wooldridge and Jennings, 1995), (Wooldridge, 2002),
(Ferber, 1999). An agent is an autonomous entity situated
in an environment. An agent perceives the environment
to a limited extent without maintaining an internal model
of the environment. An agent is reactive to changes in
this environment by adapting its behaviour to the current
needs.

The behaviour of an agent is determined by the tasks
the agent executes. A task is composed of actions the
agent executes in a certain order, such as moving one
step ahead or picking up an object. To make the be-
haviour of an agent adaptive we need dvnamic 1ask se-
lection. Dynamic task selection allows agents to adapt
their behaviour at run-time by selecting a new task. A
task can not be too coarse-grained because of flexibility.
For example when simulating ants, “forage’ is too coarse-
grained where ‘follow pheromone trail” and ‘return food
to nest’ can provide the required flexibility.

In this paper we proposc a model for dyvnamic task
selection combining work from (Bonabeau et al., 1999)
and (Maes and Brooks, 1990). Bonabeau et al. (1999)
describe a evolving stimulus-threshold mechanism. In-
stead of just increasing and decreasing the threshold as
in (Bonabeau et al., 1999), our model uses a measure for
relevance of a task based on positive and negative feed-
back from (Maes and Brooks, 1990). Due to feedback the
threshold evolves. Therefore our model is sironger related
to the success of the behaviour of an agent. This model
allows the agent to adapt itself in a flexible way based on
its perceptions, and at the same time uses experience 1o
achieve a simple kind of specialisation. The evolution of
the threshold is related to sub-symbolic leaming.

First we describe stimuli as the information that agents
use for the dynamic task selection. Then the selection
mechanism itself is explained. After that some experni-
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ments are deseribed and we end with a conclusion.

2  Stimuli

An agent selects a task based on information from the en-
vironment and based on experience. We call both forms
of information stimuli . A stimulus has a certain type and
an intensity to indicate how strong the stimulus is. Note
that for cach type of stimulus there can be multiple in-
stances (e.g. multiple food items).

The first form of information are external stimuli.
There are three kinds of external stimuli {Schelfthout and
Holvoet, 2002): (1) environmental stimuli that are not
put in the environment by agents (e.g. a food source),
(2) direct stimulus by interaction with another agent (e.g.
touching each other), (3) stigmergic (Grassé, 1959) stim-
uli, i.e. communication from other agents through the en-
vironment. An example of the latter in the context of ants
are the pheromones that are laid down by one individual.
The other ants may respond to these at a later time. In
gencral we can see stigmergic stimuli as marks that agents
leave behind for other agents.

The second form of information are internal stimuli
that serve as an internal feedback mechanism, generated
by the agent itself. While executing a task, the agent de-
termines the type of stimulus (positive or negative feed-
back) and the intensity of these internal stimuli. The type
and intensity of the feedback can vary at cach step in a
task. For example, when an agent is following a trail of
pheromones a smaller intensity is set for the positive feed-
back when approaching the trail than when the agent is
already on the trail. A positive feedback reflects a par-
nally or fully successfully executed task and it is useful to
choose this task again. A negative feedback can be gener-
ated to indicate that the task was not appropriate or failed
to execute. These stimuli are taken into account the next
time the agent must select a task to execute,



We use the notion of refevant stimuli for a rask to de-
scribe which stimuli influence which tasks. The more rel-
evant stimuli present at a certain moment in time for a
task and the higher their intensity, the higher the proba-
bility that the task will get active.

3 The Selection Mechanism

An agent uses the selection mechanism each time the
agent has finished executing one primitive action of a task.
This way the agent can adapt afier every primitive action.
As input the mechanism gets the current stimuli' and as
output the mechanism gives the task that is most appropri-
ate at this moment. If this is the same task as the previous
one the agent remembers how much of the task was exe-
cuted already and continues to complete the task with an
extra step, the next primitive action. If it is another task,
this task is executed from the beginning,

We use a response threshold model to decide which
task 1s most appropriate for the agent. As shown in
(Bonabeau et al., 1999; Schelfthout and Holvoet, 2002),
threshold models are very adaptive and give good results.
On the one hand, a threshold value is associated with ev-
ery task. On the other hand, a stimulus value is com-
puted for cach task, based on the current relevant stim-
uli. Thresholds refer to likelihood of reacting to relevant
stimuli for that task. Low-threshold tasks are performed
at a lower level of the stimulus value than high-threshold
tasks. The specialisation in a certain task stems from the
evolution of thresholds according to received feedback
stimuli from previous experience.

Defining the mechanism requires an answer to the fol-
lowing questions: (a) How do we compute the thresholds.,
and how do the thresholds evolve? (b) How do we com-
pute the stimulus value? (¢) How do we choose the most
appropriate task based on those values? We elaborate on
each question in the following paragraphs.

3.1 Evolution of Thresholds

The evolution of thresholds generates differentiation in
task performance in a multi agent system composed of
nitially identical entities. Task allocation in this case
is emergent and more robust with respect to perturba-
tions of the system than when the thresholds are fixed.
In Bonabeau et al. (1999) a threshold is increased when
the task is not active and decreased when active. The au-
thors do not consider feedback. This way a threshold can
get saturated and a task that is active but fails still gets a
positive effect in the form of a decreasing threshold.

Our approach introduces the concept of a sratistical re-
mforcement to compute the threshold values. The method
is based on positive and negative feedback stimuli in rela-
tion to the fact if a task is active or not. Maes and Brooks
(1990) propose a method to calculate the refevance of a

' perceptions, internal feedback, ... that are present at this moment

92

task at a certain moment. A relevant task is defined as 'a
task that is positively comrelated to positive feedback and
not positively correlated to negative feedback”.

Table 1: Statistics for one task

Active Not Active
Positive Feedback ] K
Mo Positive Feedback | m
Negative Feedback jn kn
No Negative Feedback In mn

Table | shows the statistics that are maintained for each
task. For example, j is the number of times positive feed-
back occurred when the task was active. All the values
are initialised at a certain value X (for example X=10).
Each time the statistics are updated all numbers are mul-
tiplied with X /(X + 1). This multiplication ensures that
the impact of past experiences on the statistics is less than
the impact of more recent experiences and the form of
the factor has a smooth evolution as result. For exam-
ple, if a positive feedback occurred when the task was
active j is increased with | after the multiplication, so
J = (Jota * X/(X + 1)) + 1. A value like k that is not
increased gets the value k= X/(X + 1). X acts as a
parameter to control how adaptive the behaviour of the
agent is. The agent adapts more quickly for a small value
of X, and slower when it is large, Also. this multiplication
avoids saturation of the thresholds.

The relevance of the task at a certain moment in time is
computed as follows:

(corr(P. A) — corr(N, A)) (1)

relevance =

Here, N stands for negative feedback and corr(FP. A) is
the correlation between occurrence of positive feedback
and the fact that the task is active. This correlation is com-
puted as shown in equation (2).

jerm—1Ixk
corr{P. A) = ————e
(m+l)x(m+k)=(7+k)=(7+1)

(2)
This is a statistical measure (the Pearson product-moment
correlation coefficient) for the degree to which the sta-
tus of the task (active or not active) is correlated with the
positive feedback and ranges from -1 to 1. Similarly for
corr{N,A). The relevance in (1) then ranges from -2 to
2 meaning that the task 1s very relevant at that moment
when it is close to 2 and not relevant at all when close to
-2,

In our mechanism the relevance is reflected in the
threshold. The threshold is low when the relevance is
high. The threshold is expressed in units of stimulus in-
tensity to allow a comparison with the stimulus value.
Because we express the stimulus value (see below) or
the intensity of the relevant stimuli as a percentage, we
also want the thresholds to range from 0% to 100%. The



computations are shown in equation (3). Now we have a
threshold that evolves based on the experience the agent
gets, i.e. the statistics in Table 1 are updated based on
feedback stimuli.

threshold = |(relevance + 2) 25 — 100] ~ (3)

3.2 Computation of Stimulus Values

The other value we use in our approach is the stimulus
valwe. This value is a measure for the amount of rele-
vant stimuli for a task at a certain moment in time. Mul-
tiple relevant stimulus intensitics must be combined into
one value. We assume that all relevant stimulus types are
equally important for a task. The strength of the stimu-
lus value must reflect the presence of all relevant stimulus
types and the intensity of each of them. An approach to do
this is to use a percentage value. To calculate this percent-
age, we use a heuristic that only considers the strongest
instance of a stimulus type and that heuristic ignores the
numnber of instances (other approaches are possible):

We can compare the stimulus value with a large bottle
that has to be filled. A full bottle then corresponds to a
stimulus value of 100%. As said before, cach task has a
number of relevant stimulus types. Now let us divide the
bottle in as much equal parts as there are relevant stimu-
lus types. For each relevant stimulus type we search for
the instance with the strongest intensity in the currently
perceived stimuli. This intensity also ranges from 0% to
100%. We then take the part of the bottle that corresponds
with this stimulus and fill it for as much percent as in-
dicated by the intensity of the strongest stimulus of that
type. This way the bottle gets filled until a certain level
and the value that corresponds to that level is the stimulus
value for that task.

3.3 Making an optimal decision

A final issue that needs explanation is how the threshold
is compared with the stimulus value, yielding, for each
task, a probability of becoming active. For each task a
probability 15 computed as in equation (4), where s 1s the
stimulus value and th is the threshold.

P

probability = — (4)

5% 4 the
This probability ranges from 0 to 1. When the stimulus
valuc exceeds the threshold value the probability will be
high and close to 1. When the stimulus value does not
exceed the threshold, the formula makes sure that when
there are stimuli for the task, this task still has a probabil-
ity to become active but it is much smaller and close 1o 0.
When the stimulus value equals the threshold the proba-
bility is 1/2. Therefore, individuals with a lower threshold
are likely to respond to a lower stimulus value. A task is
chosen to execute with respeet to these probabilitics. We
can choose the task with the highest probability or we can
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choose one of the tasks probabilistically where equation
(4) gives the probability of being chosen. The latter is
done in Bonabeau et al. (1999) and adds some random-
ness to the mechanism. In the experiments that follow,
we take the task with the highest value for equation (4).
This way we can analyse the behaviour of an agent in
more detail because we then know what should happen.

4 Experimental results

In this section we first describe the experiment set-up and
then the results are given and discussed.

4.1 Experiment Set-Up

The goal of this experiment is to show that the pro-
posed dynamic task selection approach gives very adap-
tive agents. We have made an ant-simulation and in this
experiment we consider a single agent or ant in terms of
the stimulus value, the evolving threshold and the result-
ing probability. The ant starts from the nest and at an
equal distance there are four piles of food, 10 food items
each. The initial situation is shown in Figure 1(a). We
used 4 piles to make sure that the agent will find one of
them in a relatively short time. The results that are de-
scribed later limit themselves to getting one of those piles
completely back to the nest. This way we can see the
agent finding the food. retumning it to the nest while lay-
ing a pheromone trail and following the trail back to the
food to get another food item. Figure 1(b) shows a trail
from the nest to the food pile.

Figure 1: The Experiment Set-Up

Fogd Forod Food Fesd

i ] i
IS

B

{b) Trail of phcromones

J

(2} Stan ofthe experiment

The role of the ant in this experiment is to *Forage’ and
the way we have split this role up into flexible tasks is
shown in Table 2. Each task does one action each execu-
tion eycle. For example, for Search cach cycle the agent
moves one step in a random direction. Table 2 also shows
the relevant stimuli for each task that are used to calculate
the stimulus value. In the description column the task is
roughly described and you can see that it depends on the



Task Relevant Stimuli Description
Search | PositiveFeedbackStimulus, | The agent walks around randomly, searching for food. Always returns neg-
ForceDefault TaskStimulus ative feedback because it is better to do other things when possible.
Rewrn | PositiveFeedbackStimulus, When there is food, the agent approaches the food (=positive feedback
FoodStimulus 30%) and then picks it up and returns to the nest while laying a trail (=pos-
itive feedback 100%). A negative feedback is given at the end. when the
nest has been reached to indicate that it is now better to do other tasks.
" Follow | PositiveFeedbackStimulus, When there 1s FoodPheromone it approaches the strongest pheromone and
FoodPheromoneStimulus follows the trail of that pheromone towards the food (= positive feedback
100%). A negative feedback is given at the end of the trail to indicate that
the trail has been followed completely and thus other tasks may be more
appropriate,

Table 2: The tasks for the Forage role and their relevant stimuli

stage of the task what feedback is given to the agent for
adjusting 1ts thresholds.

The results shown here arc also valid in the case of mul-
tiple agents because interactions are considered as stimuli
and the experiment shows that the task selection mecha-
nism reacts very well on stimuli, and thus also on interac-
tions. In the case of a conflict, e.g. picking up the same
object, one of the two agents will be first and the other
agent sees that a stimulus is not there anymore,

4.2 Results

Figures 2,3 and 4 show the evolution of the stimulus
value, the threshold and the resulting probability in that
order. On the horizontal axis you can find the iteration
number. In the following detailed description of the ex-
periment we refer to these numbers,

Iteration 1-272.  The first 272 iterations the agent is ex-
ccuting Secarch every two iterations. The first iteration the
agent tries to choose a task and because there are no rel-
evant stimuli present no choice is made and a ForceDe-
faultTaskStimulus is generated. The next iteration this
ForceDefaultTaskStimulus is one of the two relevant stim-
uli for Search. This results in an increase in the stimulus
value of Search (figure 2). Because the Search task gives
negative feedback each iteration it is active the threshold
of Search will increase and the thresholds of Follow and
Return will decrease the next iteration. This repeats itself
every two iterations until the agent can choose another
task. The result is an oscillation of the stimulus amount
of Search (figure 2), the thresholds (figure 3) and the prob-
ability of Search (figurc 4).

Iteration 273-285. At iteration 273 the food pile is in
the limited vision of the agent. This means that there are
10} instances of FoodStimulus and these are relevant for
Return. The next iteration Return is executed by mov-
ing one step towards the food and this gives a positive
feedback of 50% intensity. These two iterations (273-
274) result in an increasing stimReturn line in Figure 2

until 62.5% and the positive feedback also has an influ-
ence on the thresholds (figure 3): thSearch and thFollow
increase because they are less relevant and thReturn de-
creases. This is also reflected in a higher probability for
Return (figure 4).

The agent continues to approach the food and reaches
it at iteration 285. At that iteration it picks up one Food
item and increases the intensity of the retumed positive
feedback to 100%. This results in a increase of the stim-
ulus value for Return at iteration 283 in Figure 2, a little
increase in probability in Figure 4 and the threshold is not
influenced by the intensity of the feedback and gets the
normal increase as a result of the presence of the positive
feedback.

Iteration 286-298. Afier picking up the food the next
step in Return is to return to the nest and lay a trail of
pheromones while returning. The agent starts with laying
pheromones at iteration 286 as shown in the increase of
the stimulus value for Follow in figure 2 (FoodPheromon-
eStimulus is relevant for this task). Because the thresh-
old of Follow has increased due to the positive feedbacks
while it was not active this stimulus value is not strong
enough to exceed its threshold and the probability in-
creases but stays close to 0. This way the agent continues
to lay its trail to the nest.

At iteration 297 the agent loses sight of the food and so
the stimulus value of Return decreases. At iteration 298
the agent reaches the nest, puts down the food in the nest
and generates a negative feedback to indicate that Return
is completed and probably not useful anymore. The stim-
ulus value for Return decreases, the threshold for Return
increases and the thresholds for Follow and Search de-
crease. This gives a higher probability to Follow (figure
4) and the agent starts following the trail that is preserit.

Iteration 299-311. At iteration 299 Follow generates
positive feedback for itself because the ant is following
the pheromones successfully. This gives an increase in the
stimulus value (figure 2), an extra decrease in the thresh-



old (figure 3) and an extra increase in the probability (fig-
urc 4) for Follow. This also gives an increase in the thresh-
olds of the other two tasks. At iteration 300 the ants can
see the food pile again so there is an increase in stimulus
valuc and in probability for Return as shown in figures 2
and 4.

Until iteration 310 the agent continues to follow the
trail. In the mean ume, figure 2 shows that the stimu-
lus value for Follow decreases gradually anyway and this
is a result of the evaporation of the pheromones. The
pheromones disappear gradually so old information dis-
appears, eventually old paths to food will disappear. At it-
eration 310 the end of the trail is reached and results in no
more positive feedback (decrease in stimulus value) and
in negative feedback for Follow (increasing threshold and
decreasing probability). Because of this the thresholds of
the other two tasks decrease and because there are rele-
vant stimuli for Retum (FoodStimulus) the present prob-
ability increases even more. This results in the execution
of Return starting from iteration 31 1.

Iteration 312-End. From this point on the whole story
starts again and repeats itself 10 times, one for each food
item, until 1iteration 350. At that point the last food item
has been returned to the nest and because the nest is
reached a negative feedback is generated for Return. Then
the only stimuli present are FoodPheromoneStimuli from
the remaining trail and thus Follow is executed. Atthe end
of the trail (iteration 558) a negative feedback is generated
s0 the stimulus amounts decrease, the threshold increases
and the probability decreases. Again the only stimuli
are FoodPheromoneStimuli and Follow 15 executed again.
The agent repeats this until the trail has disappeared com-
pletely and this results in an oscillation of the stimulus
value for Follow, the thresholds and the probability for
Follow. At iteration 556 the trail is completely gone and
no stmuli are left. A ForceDefauliTaskStimulus is gen-
erated and again the agent stans executing Search every
two iterations.

S Conclusion

In this paper, we propose a model for dynamic task se-
lection based on a threshold mechanism. Statistical rein-
forcement makes the threshold evolve. This approach 1s
based on (Bonabeau et al., 1999) but the threshold evo-
lution is based on positive and negative feedback, as de-
scribed in (Maes and Brooks, 1990). The added value
with respect to (Bonabeau et al., 1999) is that the thresh-
old is more tightly coupled with the real success of the
current task. The added value with respect to (Maes and
Brooks, 1990) 1s that we compare the relevance/threshold
with a stimulus value based on the agents perceptions.
Some issues are left open in this paper. A first issue
to consider is how to specify what tasks are for a certain
problem. In this paper some guidelines where given but

we have no intention to state that this is the best granu-
larty. A second issue 1s related to the calculation of the
stimulus value. Future work must be done on how to in-
corporate the number of instances of a stimulus type into
the value.

Mevertheless, as expeniments show. i1t works very well.
De Wolf et al. (2002); De Wolf and Jaco (2001-2002)
show that we can even use this approach in an hierarchical
setting where we first choose the wanted higher level task
(Forage, Nurse, ...) and then choose within that higher
level task the wanted lower level task (Search, Follow, ...).
The advantages of this model are that the agent can adapt
itself in a flexible way. and at the same time use experi-
ence to achieve a simple kind of specialisation.
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Abstract

Recently we proposed a new exploration technique for individual reinforcement learners, which helps them to
coordinate on the Pareto Optimal Nash equilibrium of a game. This technique in which agents may exclude
one or more of the actions from their action space, can be seen as a discrete version of the traditional e-greedy
exploration technique. In this paper we refine this exploration technique further, with a standard technique
from general search problems, i.e. random restarts. Due to this refinement, we are able to prove convergence to
the Pareto Optimal Nash equilibrium in general stochastic common interest games. Moreover communication
becomes unnecessary. Experiments show this technique on 2 challenging test problems and examine it's use

in larger joint action spaces.

1 Introduction

Common Interest Games are a special case of multi-agent
systems (MAS), in the sense that the individual utility of
the agents coincides with the joint utility of the group
and that the system has only one state. As this reduces
some of the difficulties individual reinforcement learn-
ing agents experience in a multi-agent environment, such
as not knowing the others payoff and having delaved re-
wards, convergence to the optimal Nash equilibrium is
still not guaranteed in the general stochastic case, see
Claus and Boutilier (1998); M.Lauer and M.Riedmiller
(2000); S.Kapetanakis and Kudenko (2002).

The main problem is that in games and MAS in general,
agents influence each other. Values or rewards are sensed
for combinations of actions of different agents, and there-
fore agents have to leam in a product or joint action space.
One way to handle this is to model explicitly the presence
of other agents. However as long as the agents are not
fully informed this challenges some important principles
of multi-agent systems, like distributed control, commu-
nication costs etc. Since most of the time agents are not
fully informed: they only have limited information about
each other and the overall system. They have to base their
decisions on partial information regarding the state of the
system and/or on some private local knowledge. This may
lead the system to local optimality instead of global opti-
mality or even to oscillations.

Recently we formulated a new exploration technique
tor uninformed agents to overcome some of the problems
with leamning in the joint action space. The general idea
15 that agenis explore by excluding some of their actions
now and then, to give the team of agents the opportu-
nity to look for better solutions in a reduced joint action

* Author 15 a Ph.d. student, funded by a doctoral grant of the institute
for advancement of scientific technological research in Flanders{IWT)

space. Some variants of the exploration technique men-
tioned. were reported in Nowé et al. (2001); K. Verbeeck
et al. (2002).

In this work, we focus on coordinated exploration that
allows independent, uninformed agents to reach an op-
timal solution in repeated common interest games. In
common interest games individual rationality agrees with
group rationality and a Pareto optimal solution exists'. In
K.Verbeeck et al. (2002) convergence for the exploration
technique was only shown for special common interest
games, 1.c. diagonal games. Here we extend the ex-
ploration technique with an idea from traditional random
search techniques, i.e. random multi-starts. Due to this
refinement we are able to prove convergence for general,
stochastic common interest pames. Moreover communi-
cation, which was already limited in K_Verbeeck et al.
(2002). 1s now no longer needed.

This paper 1s organized as follows. In the next sec-
tion the exploration technique of K. Verbeeck et al. (2002)
15 explained for stochastic common interest games. The
refinement is given, together with its convergence result.
In the third section some benchmark coordination prob-
lems, i.e. the climbing and penalty game are solved (the
stochastic versions). Furthermore an analysis and com-
parison is given on the use of the different exclusion tech-
niques in larger joint action spaces. Finally the last sec-
tion discusses related and future work.

2  Exploring by Excluding
Our new exploration technique, of which variants can be

found in Nowé et al. (2001 ); K.Verbeeck et al. (2002), is
used by the agents in periods of play. At the beginning of

' An outcome of a game is said 10 be Hrrete optintal if there exists no
other outcome, for which all plavers simultaneously do betier.
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learning, agents behave selfish or naive; i.e. they ignore
the other agents in the environment and use reinforcement
learming to maximize their individual pavoff. The first
period of play ends® when the agents have found a Nash
equilibrium. This will happen because it is assured by
results from leaming automata theory, see Narendra and
Thathachar (1989). Which Nash equilibrium the agents
find is not known in advance, it depends on the initial con-
ditions and the basin of attraction of the different equilib-
ria.

At the end of a period agenis decide whether or not
to shrink their action space, by excluding the last action
which they converged to. We see this exclusion-decision
as some form of exploration decision. After exclusions
took place, individual values are initialized and selfish
or naive learning restarts in possible smaller joint action
space. A new Nash equilibrium is converged to and again
exploration may take place. The more Nash equilibria are
found at the end of the simulation, the better the agents
can select the best one.

As the leaming automata result, mentioned above, also
holds for stochastic games, the techniques described here
will also extend to stochastic games. In a stochastic game
the payoffs for the agents are probability functions of suc-
cess or failure.

Compared to classical exploration techniques, such as
€ — greedy techniques, this exploration technique can be
seen as a discrete version of it. Instead of gradually giving
an action less chance of being chosen, here actions are
completely excluded. Afterward, they may become again
available for selection.

A first exclusion technique for common interest games,
which was reported in K. Verbeeck et al. (2002) is given
in the next subsection. Some refinements are added in the
second subsection, which allows us to say more about the
convergence results of the technigue.

2.1 One Exclusion and Communication

The general solution given in K. Verbeeck et al. (2002) for
the exploration decision the agents have to make after ev-
ery period of play, is given in Figure 1. The agents decide
independently whether they have the need to explore any
further. Their decision is based on how good the last ac-
tion they converged to is, opposed to the best result the
agent ever received during play. The parameter ¢ is the
probability that an agent will exclude the current played
action. This parameter depends on how good the current
played Nash equilibrium is compared to the best outcome
the agent ever received. [t also depends on the experi-
ence the agent already has. When this action was already
plaved often, more belief is attached to the leamed value.

After decisions are made, the agents communicate it to
each other. When more than two agents® are willing to

fF-:r ihe timve being. period lengths are well chosen constanis.
*Because of the definition of a Mash equilibrium. minimal two agents
are needed 1o leave a Mash equilibrium,

## EXPLORATION PHASE
if (ime_to_synchronize) {
communicate to_all ( explore_decision);
decisions.all := receive_from_all (explore_decision);
if more-than-two (decisions.all ) {
if (my_explore_decision = explore)
my.actionSet ;=
my ornginal_actionSet - last_action;
uniform.initialization of_prob_not_excl_actions;

}
I —Y
## DECISION PHASE
{
visits ;= nr-of-visits {last_action);
alpha := (1 - (1 : (1 + visits));
epsilon := (* alpha ( average(last.action) :
best_payoff_so_far));
my -explore_decision := generate_decision (epsilon);

}

Figure 1: Pseudo code of the exploration and decision
phase for the one-exclusion technique with communica-
tion.

explore, the agents who wanted to exclude the last action
played, actually do it and independent learning can restart
in a new subspace of the joint action space.

Important to note is that in this algorithm, an agent
never excludes more than one action. The reason for this
is to make sure that no Nash cquilibria is cut off forever®.
Therefore initialization takes places after every new ex-
ploration phase.

Although experimental results prove the usefulness of
the method, see K_Verbeeck et al. (2002), no convergence
results are available.

2.2 Many Exclusions and Multi-starts

As it would shrink the action space considerable more
when multiple exclusions are allowed, the new idea is to
use multi-starts to assure that every Nash equilibrium can
be reached. Therefore the new exploration phase we pro-
posc is found in Figure 2.

After every period of selfish play, all the agents will ex-
clude the action belonging to the Nash equilibrium they
converged to, without any communication. In only a
few periods of play the joint action space will have been
shrunk considerably. Off course a lot of Nash equilib-
ria may be cut out of the joint actions space. When the
agents have only 2 actions left in their action space, they
repair their onginal action space and put themselves at a
random place in the joint action space. Exclusions can

*In case of 2-player games. Nash equilibria are not co-locared on the
same hyperplane and by excluding the actions of a Mash equilibrium
no other equilibria disappear. This type of games was called diagonal
pames in K. Verbeeck et al. (2002)
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#i#t EXPLORATION PHASE
if (time_to_synchronize) {
ifi last_payoffi last_action) more_than
best_payoff so_far(last_action)) {
best_payoff_so_far(last_action) :
last_payoffilast_action) ;
ifimore_than_2_actions{my_actionSet ) {
my_actionSet ;=
my _actionSet - last_action;
}
clse
my _actionSet ;=
my -original actionSet ;
random_initialize_prob_of_not_excl_actions;

}

Figure 2: Pscudo code of the exploration phase for the
many-exclusion technique with restarts.

start all over again, and a different path through the joint
action space is followed. For every action converged too,
the maximal payoff ever received is sampled and remem-
bered. After convergence took place, the agents still have
time until the end of the period, to learn the reward as-
sociated with the Nash equilibrium they converged to. In
our settings, they have to learn the probability on success,
i.e. on average how many times a reward of 1 is received.
By taking many restarts, different paths through the joint
action space will be followed and a lot of information on
the actions belonging to Nash equilibria will be gathered
and the best one can be selected.

2.3 Convergence

With this technique we will be assured that if every Nash
equilibria in the joint action space is visited infinitely of-
ten, in the same sense as every state-action pair is vis-
ited infinitely often in Q-learning, see Watkins and Dayan
(1992), eventually the agents will convergence to the
Pareto Optimal Nash equilibrium .

Theorem 1 Under the assumprion that the period lengths
of selfish play are sufficiently long to give the agents the
apportunity to converge fo a Nash eguilibrium and ro lef
them approximate the pavoff information of that Nash
equilibrium accurately, and under the assumption that
runtime is sufficiently long for the agents to visit enough
Nash equilibria, agents using the many-exclusions, multi-
start exploration technigue as described in section 2.2
will converge to the Pareto optimal Nash equilibrium in
common inferest games.

Proof: After playing period t agent j updates its value-
information best_payof f_so_far, (noted g for short) for

the action uﬁ"-] it converged to as follows:

gt (a) = a3 (a) a# o
- mﬂ{ﬁ‘:”{ﬂ],ﬂﬂﬂfﬂgﬂuﬂ} otherwise

Where 1, is the Nash equilibrium to which the agents

converged to in period ¢, and from which action -:LE*’]' is a
part of. average(u;) is the sampled average payoft for
equilibrium wu; . After sufficient periods are played and
enough equilibria are found, the q{j ){a) values reflect the
average payoff of the best Nash equilibria, to which ac-
tion a belongs. The agents will then be able to pick the
best performing Nash equilibria as long as the average
values approximate the real payoff values of these equi-
libria close enough. This will be the case when the period
lengths are sufficiently large. q.e.d.

The key solution is that the updates happen only when
the agents know they are playing a Nash joint action, af-
ter a period of play is finished. Instead of updating at the
level of every play, updates happen at the level of periods
of play. So what actually happens is a kind of optimistic
()-learning but only on the actions which belong to Nash
joint actions. In M.Lauer and M.Riedmiller (2000) op-
timistic Q-leaming happens for every action selection or
joint action. This works fine on deterministic reward or
payoffs, however fails for stochastic payoffs. Here the
period lengths must be set so that the average values can
be accurately estimated.

3 Experiments

In this section we demonstrate the use of the exclusion-
exploration technique. We first show how it behaves on
two challenging games for the study of learmng coordi-
nation in multi-agent systems. Then we analyze and com-
pare the many-exclusion with multi-starts technique from
section 2.2 in games of different joint action space-size
with the one-exclusion technique from section 2.1. We
also tested the technique of using only random restarts
after every period of play. Using nor exclusions, nor ran-
dom restarts, would result in independent agents using or-
dinary reinforcement learning of which 1s known that they
will converge to a Nash equilibrium, however not neces-
sarily the optimal one, Claus and Boutilier (1998); Jafari
et al. (2001). Therefore we did not include independent
reinforcement learners in our analysis.

3.1 Testbed coordination problems

The climbing game and penalty game, see Figure 3 and
Figure 4 were introduced by Claus and Boutilier (1998)
and are two difficult problems from the viewpoint of co-
ordination. In the first game the punishment for mis-
coordination in the neighborhood of the the optimal joint
action (ay,a;) is extremely high, and therefore conver-
gence to it 18 very difficult for the agents. In the penalty
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game 2 different optimal joint actions co-exist, however
when the agents each choose to play the other optimal ac-
tion, this mis-coordination is punished by a penalty term
k. In both games the agents may be tempted to play the
safe, non-optimal actions, which is (ag, ag) for the climb-
ing game and (s, a2) for the penalty game

| a a; ag
i (11,11) (—30,—-30) (0,0)
as | (—30,-30) (7,7) (6, 6)
3 {‘L D} {Dr [':l {EI, '5}

Figure 3: The climbing game from Boutilier (1999)

| iy a3 g
ay | (10,10) (0,0) (K, k)
az | (0,00 (2,2) (0,0)
€3 {k:k} E{]Jﬂ} [lﬂ,lﬂ}

Figure 4: The penalty game from Boutilier (1999)

In Figure 5 you find the results for the stochastic ver-
sions of the climbing and penalty game. In the stochas-
tic version, the rewards are normalized between 0 and 1.
These reward are not used deterministically, but they give
a probability on having success, i.e. reward 1 or not, 1.¢.
reward 0°. But even if these games are played stochas-
tically, both the one-exclusion technique with commu-
nication and the many exclusion technique with multi-
starts work fine on these benchmark problems. Even us-
ing just multi-starts without exclusions gives good results.
In general all 2-players games are casily handled by ex-
clusion techniques, because exclusions do not cut away
other Nash equilibria, see K.Verbeeck et al. (2002), ex-
cept when multiple optimal joint actions exist. However
the restarts assure us that all equilibria are visited.

For the climbing game, the high negative reward is
avoided due to excluding the second action ag, or even
by initializing the action probabilities so that the first ac-
tion a; gets a high probability. The latter is what the
restart may do. For the penalty game, there is no mis-
coordination between different optimal joint actions, as
for all 3 techniques used the agents will play the first best
action they see. This was also suggested in M.Lauer and
M.Riedmiller (2000).

The differences between the techniques will become
more clear in larger joint action spaces, however we can
already see that using both exclusions and restarts is ben-
eficial for finding more different Nash equilibria of the
game.

*For now the implementation works with binary output leaming au-
tomata, which is called the P-model. Generalization to continuous-
values outputs is possible.

3.2 Results in larger joint action spaces

Most work on learning in games, is limited on 2-player
games. We also want to evaluate the exclusion techmques
on more agent games, which may have more than 2 or
3 actions. Although convergence is proved, the practical
implementation may need some attention. Therefore we
developed a generator for matrix games, in which the pay-
offs for the different joint actions are uncorrelated random
numbers between 0 and 1. The following Figures give re-
sults for the 3 techniques averaged over 100 iterations of
play. For every iteration a new game of the same size was
generated so that results are not dependent on the degree
of difficulty of the first game generated.

In figure 6 average results are given for the many-
exclusion-restart technique. Using both exclusions as
multi-starts, assures that a good proportion of the Nash
equilibria are visited. Almost 100% in small joint action
spaces an still about 94% in the larger ones. It may seem
strange that although the optimal Nash equilibria is vis-
ited, the players sometimes do not recognize it. This 1s
a consequence of the fact that rewards are stochastic and
when payoffs are very close to each other” , the sampling
technique used here by the agents is not able to seper-
ate them. So actually when convergence is not reached,
agents still find extremely good solutions which are al-
most inseparable from the optimal one. We tested this by
redefining convergence in the last experiment of Figure 6.
We agreed the agents had converged when the difference
in payoff of the joint action they recognized as the best
and the true optimal one was no more than 0.0001. This
increases performance considerable as can be seen in Fig-
ure 6. In general by letting the agents do more sampling
during period of play by enlarging the period length will
reduce this effect. Of course when the joint action space
becomes larger, the percentage of Nash equilibria visited
decreases and the optimal joint action may not be visited
yet. This may be solved by letting the agents play more
periods.

We reran the same experiments with the same settings
for the technigue where only restarts and no exclusions
are done after every period of play, to see if exclusions are
really necessary. These results can be found in Figure 7.
Both percentages of convergence and percentages of Nash
equilibria visited are worse than those of Figure 6, which
confirms the idea that exclusions are useful for guiding
the coordinated search in the joint action space.

We also compared the many-exclusion- multi-start
results with those of the one-exclusion-communication
technique. The results of the latter can be found in Fig-
ure 8. It can be seen that convergence results are worse,
mainly because less Nash equilibria are found.

Syery close means here, they only differ in the third or founth deci-
ial.
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game method

climbing game excl + restarts
climbing game
climbing game
penalty game(k = 0)
penalty game(k = 0)
penalty game(k = 0)
penalty game(k = —100)

only restarts
excl + restarts

only restarts
excl + restarts

penalty game(k = —100) | excl + commun.

penalty game(k = —100) |

only restarts

excl + commun.

excl + commun.

% of convergence | % of Nash equilibria found
100 98
100 93.5
a7 90
100 77.23
100 67
100 67
100 08.35
100 67
100 79

Figure 5: Average results for the penalty and climbing game over 100 iterations.

#agents | #actions | #joint actions | % of convergence | % of nash equilibria found

2 3 9 a7 99.67
2 5 25 95 100

3 3 27 96 08.38
3 3 125 87 03.67
5 3 243 78 94.51
3 3 3125 36 94.39
5 5 3125 68 94.39

Figure 6: Average results for the exclusion-restart technique over 100 iterations in different sized joint action spaces.
Convergence is redefined in the last run. It suffices that the difference between the payoff of the optimal joint action and

that of the one converged to is not greater than 0.0001.

4 Related Work

The issue of learning in games as a start for learning in
MAS in general, has recently attained a lot of interest.

In common-interest or cooperative games, which was
the subject of this paper, the idea of careful exploration
is also used by others. In Claus and Boutilier (1998) in-
dependent Q-learners try to compute an equilibrium point
by gradually reducing the exploration frequency. How-
ever convergence is not necessarily to the optimal equihb-
rium point. In S.Kapetanakis and Kudenko (2002), the Q-
value of an action in the Boltzmann exploration strategy,
1s changed by an heuristic value, taking into account how
frequently an action produces its maximum correspond-
ing reward. This heuristic, which is called FMQ performs
well in deterministic and partial stochastic games, how-
cver in fully stochastic games the heuristic may perform
poorly. In M.Lauer and M.Riedmiller (2000) a conver-
gence proof for independent optimistic Q-learners in co-
ordination games is given, however the algorithm 1s not
suited for stochastic games. In this paper, we viewed
agents excluding actions from their action space as a dis-
crete form of exploration. Our technique was able to solve
challenging testbed coordination problems, even for the
stochastic versions of it. Even more, convergence to the
Pareto optimal joint action is proved. As is usual not done,
we also experimented our technique 1n larger joint action
spaces. Practical issues such as sampling effects may be-

come a problem there, so we need to further experiment
on this.

Moreover the general idea of exploring by excluding is
also promising in the sense that it is not only limited for
use in common interest games. In Nowé et al. (2001);
Verbeeck et al. (2002) independent leamers are proved
to be able to converge to equilibria in conflicting interest
games, thanks to the idea of careful exploration with ex-
clusions. Only now and then limited information is com-
municated. In the future we will further extend the idea
of exploring by excluding to general-sum games.

In Hu and Wellman ( 1998), the work of Litmann ( 1994)
was extended for general sum games. However, both
approaches are designed for learning in the joint action
space directly and are therefore not suited for situations
where the communication cost is not neglect-able.
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Abstract

In this paper, we present an approach for the design of complex adaptive systems, based on adaptive multi-agent systems and emergence.
For this, we first introduce the Amas technology { Adaptive Multi-Agent Systems). This technology gives local agent design criteria so as to
enable the emergence of an organization within the system and thus, of the global function of the system. Then, we describe an application
in e-education by explaining its technical working and some experiments, which are thereafier discussed. Finally, we explain the
phenomenon of emergence via some definitions extracted from literature and our own computer science oriented definition, and we discuss
its use in our application. The originality of our approach lies in the very generic manner our re-organization rules work and that they are
completely independent from the function the system has to compute,

I. Introduction

Software is produced for applications which are getting more
and more complex, distributed, with a strong internal dynamic
(example: a data mining system on the Internet) or dynamic in
its interactions with the environment in which it evolves
(example: a network management system). The classic computer
techniques are not suitable because of the ever-growing design
task for the developer. That is the reason for the existence of so
many software development techniques, which nevertheless only
manage to slow down - without stopping - the increase of
human energy needed for this development.

Making machines more autonomous is a way to simplify the
task of the designer. Formal theories can help us to represent and
reason about time, space and dynamics of an evolving world.
But we can also consider that such specifications are useless or
eveén impossible in some situations:

*  The system's environment is dynamic, making it ineffective
to enumerate exhaustively all the situations the system may
encounter { Hewitt, 1991).

*  The system is open and therefore dynamic because it is
constituted of a shifting number of components (Costa,
1996).

*  The task the system has to achieve is so complex that we
cannot guarantee a perfect design.

»  The way by which the system may achieve the task it has
been assigned is difficult or even impossible to apprehend
globally by the designer.

The ability for artificial systems to confront really unexpected
situations (like the ones resulting from a lack of spatial or
temporal knowledge) implies a research mainline that leads 1o a
different system design method than the traditional global top-
down approach based on the modelling of the world (Weil,
1996).

This paper is about the use of emergence of arganisation as a
design basis. An organisation between the agents enables them
to produce a collective function, that is why, by way of the
emergence of organisations, we think that the important point is
the global function that emerges. The originality of the Amas
technology (Adaptive Multi-Agent Systems), described in this
article, is that it gives the basis for the design of the agents by
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giving criteria that are local to the agents and that guide their
behaviour so as to make their organisation emerge. Thus, the
global system adapts without any adaptation of the agents® skills
themselves,

2. The adaptive multi-agent system (Amas)

technology
By specifying a priori a model for a system that will have to
deal with unexpected events, you constrain {mayhe

inopportunely) the space of possibilities. Since Bertalanffy,
many authors have studied "systems of different order that can
be apprehended only by studying their parts taken separately”
(Bertalanffy, 1968).

Each part Pi of a system S achieves a partial function fpi of the
global function fs. fs is the result of the combination of the
partial functions fpi, noted by the composition operator "O".
The combination being determined by the current organisation
of the pans, we can deduce fs = fp, O fp; O ... O fp.. As
generally fp,Ofp; = fp,Ofp,_by transforming the organisation,
you change the combination of the partial functions and
therefore you modify the global function f5. So this is a way to
adapt the system to the environment.

For a multi-agent system, implementing this adaptation
implies that the designer only has to take care of the agent by
giving it the means to decide autonomously to change its links
with the other agents, without no global control of the system
{Horling, 2001).

Emargegt function

Fig. 1 : Interacting agents constitute the system.



In itself, the emergent organisation is an observable
organisation which has not been given first by the designer of

the system. But what we are most interested in is the emergence

of the system's function that is produced by the organisation
between the agents at a given time (cf. figure 1). Each agent
computes a partial function fpi. The combination of all the
partial functions produces the global emergent function f5.
Depending on the interactions between themselves and with the
environment, the agents change their interactions i.e. their links.
This is what we call self~organisation.

To achieve this, we provide a local criterion for the agents.
This criterion allows an agent to detect and to remove the non
cooperative situations from its own point of view, in using ils
own knowledge and beliefs (belief is the representation of the
others). This criterion will guide the behaviour of the agents and
thus their interactions, so as to make the global function emerge.
According to this theory (Camps, 1998):
¢ the system is evolving in an environment with which it

s the system is constituted by parts : the agents,
# ¢ach agent has its own function to compute,

¢ the global function of the system is not implemented in the
agents and there is no global control,

s  the conception is a bottom-up conception : you first define
the agents.

The interactions between the agents will enable them to obiain
the appropriate behaviour from the global system. We start from
the principle that, to have a good behaviour, the agents that
constitute a system have to be "at the right place, at the right
time" in the organisation. To achieve this, each agent is
programmed to be in a cooperative situation with the other
agents of the system (Gleizes, 1999). Only in this case, an agent
always receives relevant information for it to compute its
function, and it always transmits relevant information to others.
The designer provides the agents with local criteria to discern
between cooperative and non-cooperative situations. The

interacts, , o ; R
detection and then elimination of non-cooperative situations
cc P f* o is a subset of percepts =/
ac i /% a s an acetian *f
88 C SkillRules /* SR im the subset of applicable bBehaviors from the skill rules =f
BE ¢ BelisfRules J* BR fa the subset of applicable Bebaviors fros che belisf rules on cther ageats */f
HOSE £ HonCooperativeSicuaticaRules /* NCSR is the sec of applicable behaviors in cthe curreat non cofperative situation =/
R = 58 v BR v HOSR C Behavier Rules /* R is Ehe eotal set of applicable behaviora =/
[o.8a) fec Pand a € A fu [o,a) isa a behawior *f
[el.al) < {c2,.a2) f* express a prioricy relation of the behavier lel.al) om (cZ, a2} #/f

Function action (p:P) 1 A
var fire :[(5R]

var fireCooperativaehction : f*(BR) Fo fireltooperativefceion
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begin
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for each (c.a} & fireCoopesracivehction do
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andfor
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fireMCs := {{c,ad / [e,&) &€ HCSR amd pe o)

the non cooperative sbate =/
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andd £
e far
amdi f

return mull
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war firedCE o £~ (HCSRE) b fo FireMcs iz che ast of bshaviors deleting the current son cooperative sitvations obtained
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if fiveCooperativefceion < O than f* If fireCooperativehction i® mot empty, chen che agent is in cooperative situation =/
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alsa f* Non cooperacive saituations are dectected *f
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Fig. 2. The algorithm describing the Cooperative Behaviour of an agent.




between agents constitute the engine of self-organization,

You can see in figure 2 an algorithm which details the basic
behaviour of a cooperative agent according to the Amas
technology.

3. Application in e-education

The goal of the Forsic software is to enhance the skills and
know-how of trainers in the information searching domain
(Link-Pezet, 2000). It concerns the search for relevant
information sources using a textual description of these sources.
The trainers must modify regularly their teaching’s content and
their teaching resources (Gleizes, 2000). To adapt in real time to
this dynamic of the domain (technical as well as terminological),
we designed the Forsic kemnel to manage dynamically the
description of the trainers® skills, of the pedagogical resources
and of the students’ training needs during functioning and
without asking too much involvement from the human user.

This kernel should be empty at the beginning and should
constitute itself while processing the different searches.

The developed system must enable the set of the words used in
the textual descriptions to organise themselves in the most
optimal manner, so as to provide relevant answers to the
requests concerning this knowledge. So, our achievement is
about the modelling of a semantic using an emergent
organisation, called semantic organisation. For this, we designed
an adaptive multi-agent system. In input, the system receives
knowledge it will learn, or requests to which it will answer. In
output, the system orders and presents the entities that are the
most relevant for the request.

To summarise, the objective of this multi-agent system is to
store and organise the knowledge that we give to it and to
answer to requests concerning this knowledge.

J.1 The semantic organisation in Forsic

In order to conceive the multi-agent system that produced the

desired results we used the Amas technology. There are 2 types

of agents in the system (Carré, 1999):

s  Agents of type Trainers represent the users who own
information. So, their number is variable and their role is to
aggregate the descriptions of the knowledge of these users,
which they transmit to the agent Interface when they are
active (for example: trainers).

e The agents of type Term wrap all the terms of the
descriptions learned by the system.

According to the basic parts of an agent, the beliefs are the
pondered links that link the agent to other terms by a father-son
relationship. There is no value zero on the links because the

3 "Tall [ B Tk R S, TR ._.=.._:.__-_-_._.-.:_:..-_,._-- o A il e S
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Fig. 3. The semantic organisation

value zero means that an agent has no beliefs on the other. When
it is created, the agent is at least in relation with the agents
appearing in the same description as itself. If the agent already
exists in the system, it keeps the links it already had and adds the
links to the agents present in the new description. The
interactions between the agents consist of message forwarding,
following existing links.

Each agent of the type Trainer or Term possesses an activation
function with two thresholds: a wake-up threshold and an
activating threshold. So the agent can have three states:

#  The passive state occurs when neither of its sons is active.

* The awaked state corresponds to an undetermined state:
he's got active sons but the sum of the weights of their
beliefs is insufficient.

s  The active state means that the sum of the weights of the
beliefs associated to its active sons is greater than the
activating threshold.

3.2 The self-organisation rules

The AMAS technology imposes to study exhaustively and
locally to each agent, every case of non-cooperative situation
which could possibly arise. But this is done in a generic manner
as we will see it here.

A direct activation of an agent Term occurs when the term that
this agent represents is present in the textual description sent to
the organisation. In order to propagate the activation of an agent,
the agents that receive the corresponding message have to be
able to become active too.

Afier the activation stage, only the awaked (and not active)
agents correspond to the case of non-cooperation, because an
awaked agent received some signals but it could not process its
function. These agents become the generators of non-
cooperative situations toward their sons so as to wam them that
they may have made an error concerning their state. If an agent
receives a majority of non-cooperative messages, 1t will
propagate them to its sons. Afier the detection of the non-
cooperative situation, each agent tries autonomously to eliminate
it. This is done by adjusting the weights of the fathers or sons so
as to make the agent become, either completely passive or
completely active, and no more in contradiction with its
acquaintances, This adjusting can lead to some reorganisation:

*  Rising when the weight on the link with its father is greater
than the absolute value of the activation threshold: the
agent goes up in the local hierarchical organisation.

s Descent when the weight on the link with its father reached
zero: the agent goes down in the organisation, if it is not on
the lowest level.

» Disappearance when the weight on the link with its father
reached zero and it is on the lowest level.

4. Experimental results

The application presented in this paper is constituted by thirteen
trainers. These people describe their competencies using free
text. The amount of knowledge described is approximately
constituted by 300 sentences written with a terminology more or
less specific to the domain; for example “Realise a teaching
program about the methodology of the information retrieval and
use, for studenis of the first cycle. This program musi be
relevant wirth the studemt’s subject”. When the terms are very



specific, the corresponding competency elements are wvery
specific too and concern a restricted number of trainers that are
consequently indexed by these terms. On the contrary, a very
generic and little decisive term leads to a very important number
of less generic sub-sectors.

4.1 Self-organization

The result of the self-organisation process is the easiest to
observe in the system. All new term is considered as specific
because it was never previously encountered. So, it is directly
linked to the trainer whose competence is described. But, if this
term is common, its tendency will be to go down the
organisation. Inversely, a term very often employed at a given
time could later become specific and go up in the organisation.

M Specificity

Imtramnct
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Science
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Focumentarsy
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Table 1. The semantic organisation after the description of four
trainers (columns C1), and then thirteen trainers (columns C2).

In the semantic organisation, we have selected a representative
specimen of eight terms employed in the textual descriptions of
the trainer's competencies. For each of them, we analysed their
position in the organisation that emerges from the leaming.
These results are written in the table below: each line
corresponds to a term and the values of each column correspond
to the cumulated influence at a given level of the organisation.
Each agent which represents a term (the French term ST means
technologic and scientific information) has parent links with
others agents (normally these agenis are more specific). The
strength of these links is the influence (an integer). A cumulated
influence at level 1 shows that the term is specific because it is
directly associated to one or more (ramners.

Table 1 gives the place of 8 agents Term in the semantic
organisation afier the learning of the descriptions of four trainers
{among 13). These terms are all directly linked to the trainers: it
is evident that the system has at this moment a non-hierarchical
organisation (all weight is in column C1 of Level | only). The
amount of deseriptions is not sufficient to differentiate the terms
that are more relevant than the others.

After that, we integrate the descriptions of the nine others
trainers. This corresponds to the creation of 531 agents Term.
The position of the 8 agents Term we are looking at in the
system has considerably evolved and a differentiation of their
role has been realised (as seen by comparing C1 and C2). We
could observe that the number of levels is comparatively
reduced (four at the maximum), but this offers a very important
combinatorial space. This is due to the fact that the average
connectivity of the agents is around eight.

With the results of table 1, the terms could be ranged on a
genericity-specificity scale in comparing the influence of terms
two by two. We obtain the gradation (see on the figure 3) which

is relatively relevant for the studied domain. The words *No™
and “How™ belong to the common language, they went down in
the levels of the organisation. On the opposite, the words
“Internet” and “Intranet™ are relevant for the information
retrieval, but only some trainers have the right competency and
are indexed by them.

4.2 Functional adequacy

To know if the system is functionally adequate in ils
environment, we need to decide if the self-organisation process
between its agents leads itself to interpret correctly the requests
and to give right answers. Only an external observer of the
system could judge the relevance of the answers.

To study this evaluation, we used a set of requests given both
to the system and to three expents of the domain. The graphic in
figure 4 compares the answers in terms of distance between the
answers of the system and the three experts’ answers. For
example, the first request is the sentence: "I'm looking for a
Sformation in documentary methodology for the first cvele in
Economy or Law " (request number one).

A null distance means that the experts’ answers and the
answers of the system are the same. A distance of five means
that the system has given answers which are not agreed by the
expert. It is the case in the request number nine which consisis
of the simple sentence: “documentary searching”. This is a
request considered as too vague by the system and so it does not
manage to activate the particular representations it has of the
trainers. The human experts are not blocked by this not very
significant request. Nevertheless, the system gives an average
answer rate that is not so far from the experis’ one (about 7
among 10), without taking into account that there are also some
disagreements between the experts. We could conclude that the
system is successful in allowing the emergence of a function
which seems satisfying. And this without the coding in the
system of a linguistic and contextual knowledge of the domain.
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Srthe answers
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Fig.4. Comparison of answers between experts and the system.

4.3 Equilibrium

To study the perturbations that could be brought to the system
by enhancing its content, we centred on the analysis of the
answer given 1o one request. This allows the measuring of the
functional adequacy. For example, for request number one and
after providing it with all the descriptions, the system gives four
relevant trainer names.

Then we interrogate the system with the same request (number
one) but after having given to the system only the descriptions of
these four trainers. The system gives only three relevant trainer
names. This result clearly indicates that the following leaming




allow it to modify the representation of the domain it has in
order to allow this fourth trainer’s name to emerge.

As it arranges the answers in order of relevance, it shows that
this fourth name is the worst answer. We note also that this
trainer is given only by one of the three experts who participate
to the system evaluation. We can say that, even if the
descriptions of the nine trainers which are in the same
competency domain have modified the behaviour, they don’t
affect the relevance of the previous answers.

A second experiment on the equilibrium was done by
integrating in the semantic organisation an important number of
new domains. This corresponds to 100 content providers and to
3000 new terms. It is the description of a catalogue for the
electronic commerce with one thousand of various products such
as: computers, paintings, medicine or mechanical pieces. The
previous domain, the documentary searching represents now
only a small part in the semantic organisation. However, there is
a clear partition because the competencies of the new domains
are 50 far from the old one (the term employed are new).

After we have given all the descriptions, i.e. after the leaming,
we s¢e that there is no effect on the existing system, because the
previous requests give the same answer as before the leaing of
this new information. The equilibrium of the sub-part related to
the documentary domain can be understood because the non-
cooperative situations generated by the new learning interfere
only a little with the initial system.

4.4 Analysis

The results obtained on several cases show that the system is
able to provide average relevant answers. Nevertheless, in some
cases the system is not able to achieve associations that people
do automatically. In the example: “documentary searching” the
system is not able to answer because there is no semantic of the
word, which has to be made, in general, by a leaming on a long
period. At the initial step the system is empty, and the self-
organisation process makes these associations. However, the
leamning is very fast, and each description enriched the
representation previously acquired.
The evident interests of this approach are multiple:
* |t is an open system. It permanently accepts every new
terminology and new Trainers.

=  Consequently, the environment can also be dynamic.

¢  The self-organisation process is totally independent of the
domain.

5. Discussion on emergence in artificial
systems

5.1 Definition

So what allows us to judge of the emergent character of a
phenomenon? Instead of pretending to give an exact and
exhaustive definition of emergence, we will rather give, using
definitions extracted from literature, the particularities that seem
fundamental to us to be able to comprehend in a precise way the
notion of emergence. The common inter-related proprieties that
let us identify a phenomenon as emergent are:
¢  The observation of an ostensive phenomenon (it imposes
itself to the observer) at the global or macroscopic level.
Emergence is defined in terms of the imeducibility of
properties associated with a higher level theory to
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properties associated with components in a lower level
theory® (Kim, 1999),

¢  The radical novelty of the phenomena (it is not visible at
the microscopic level and it is impossible to predict it). "On
one hand, emergence presupposes appearance of novelty -
property, structure, form or function -, and on the other
hand, it implies that it is impossible to describe, explain or
predict these new phenomena in physical terms from the
basic conditions defined on the lower levels” (Van de
Vijver, 1997).

¢  The coherence and correlation of the phenomena (it has an

own identity but it is strongly linked to the parts that

. produce it). "Emergence refers to the arising of novel and

coherent structures, patterns, and properties during the

process of self-organisation in complex systems”
(Goldstein, 1999).

During the last fifteen years, a whole research field slowly
appeared around the concept of emergence 5o as to exploit its so
particular characteristics in computational systems (Holland,
1997). "Emergent Computation” (Forrest, 1990) (Gilbert, 1995)
(Santa Fee institute, Intemnet), is the term used in general to refer
to the research main line on which our work stands.

Our works in this domain during the last decade lead us to
give a “technical”™ definition of emergence, and therefore with a
strong computer science coloration. It is based on three points:

1. The subject. The goal of a computational system is to
realise an adequate function, judged by a relevant user. It is
this function, which may evolve during time, that has to
emerge.

2.  The condition. This function is emergent if the coding of
the system does not depend in any way of the knowledge of
this function. This coding has to contain the mechanisms
allowing the adaptation of the system during its coupling
with the environment, so as to tend anytime towards the
adequate function.

3. The method. To change the function, in the Amas
technology, the system only has to change the organisation
of its components. The mechanisms which allow the
changes are specified by self-organisation rules providing
autonomous guidance of the components behaviour without
any knowledge on the collective function.

So when we design an agent for a MAS, the code of the agent
doesn’t contain any knowledge of the collective function we
want the MAS to compute.

5.2 Emergence of the semantic organisation
The semantic organisation, meaning the linking of the terms
known by the system, is emergent. The emergent phenomenon
consists of the fact that the outputs of the system are really
relevant answers to requests. The system gives a sense to these
outputs by self-organising.

In the studied application, the observer is the user of the
system and he has access only to the results i.e. to the answers of
the system. He is placed at the global or macro level and is able
only to judge the relevance of the obtained answers, as it is
shown by the results in section 4. Consequently, we observe an
ostensible phenomenon at the macro level.



The answers which are the function of the system, are
emergent because they are not coded in the agents term. In fact,
an agent term contains only one word and it is not an answer in
itself. This confers to the phenomenon the nature of radical
novelty. Moreover, an agent executes its function at its local
level without knowing the consequences at the global level, and
this does not allow the prediction of the global behaviour of the
system.

Mevertheless, the term agent’s objective is to aggregate itself
to other agents. This is the way to create an organisation or a
coherent structure with a kind of equilibrium (showed in the
section 4). These measures show the self-keeping of the function
when the system modifies itself after new interactions with the
user. ot only does the adding of contradictory descriptions
with the existing ones imply the modification of the answers
given at the macro level, but also, a bad answer at the macro
level forces the agents of the system to reorganise themselves.

The properties expressed above such as the ostensible
character, the novelty, the equilibrium, the dynamic, the
interdependency between the macro level and the micro level
confer 1o the semantic organisation and to its function (the
relevant answers) the emergent characterisation.

The emergence described above shows well that it is the
organisation that provides the function of the system. It is
necessary, by consequence, for designing a multi-agent system,
to construct the most relevant organisation between the agents.
For multi-agent systems plunged in evolving environments, the
organisation must evolve to allow the system to adapt itself.
Frequently in multi-agent applications, the organisation cannot
be completely specified at the design stage because of the
complexity, the distribution and the dynamic of the domain. The
Amas theory allows the organisation to emerge.

In comparison to most works on the design of multi-agent
systems, for which the organisation is described at the beginning
of the design (Ferber, 2000), the originality of the Amas theory
consists of the fact that we do not have to give an imital
organisation. In fact, the organisation self-constructs and self-
maintains itself during the functioning of the system and can
only be observed.

The Amas theory allows the manipulation of the organisation
as an emergent entity, because it creates it. and also like a
dynamic entity because it causes its evolution depending on the
interactions between the system and 115 environment.

6. Conclusion

In the field of the manipulation of organization, we chose the
path of emergence. Therefore, in this paper, we presented, on the
experimental level, the resulis and the functioning of an adaptive
multi-agent system, and on the theoretical level, the concept of
emergence and the Amas technology referring to it. Throughout
the paper, we explained why we think that this original approach
for the manipulation of dynamic multi-agent organisations is
especially relevant for many applications (see
hittp:/www.irit. fr/ SMACY).

Between others, this approach allows us to make abstraction of
constraints like theoretical models, complex protocols, planning
wools, and nevertheless be appropriate for the design of open and
heterogeneous systems, needing complex interactions,
coordination and learning.

Our goal in the near future is 1o spread this way of designing
MAS. For this, we are actually working on a design
methodology called Adelfe (laboratory for the design of
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emergent functionality software) for the engineering of open and
evolutionary systems. Adelfe is a national project that aims to
lead a programmer step-by-step through the designing of an
adaptive system using our MAS technology.
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Abstract

Flood forecast implies to face to a complex and dynamic environment. The STAFF real-time simulator uses an adaptive
model for flood forecast, which is composed of two levels of self-organizing multi-agent systems. The goal of each upper
level agent is to compute the water level variation during a unitary period (typically an hour) and uses for that a weighted
sum of agents in the lower level. The model’'s adaptive nature is obtained by adjustment of these weights, decided from the
co-operation between the agents. It makes the model generic and improves its performances. The first part of the paper
introduces the complexity of the flood forecast simulation and shows the need for an adaptive system. We then present the
benefits of the AMAS theory in such complex and ill-defined problems. In the third part of the paper, we describe the
system architecture derived from the application of the AMAS theory. Then we analyze many use cases (noisy and missing
data, totally upstream stations, real-time learning,...) in which usual hydrological models are inadequate. Finally we study
the properties of this learning approach in regard with classical criteria (space search, convergence speed) and related works.
STAFF is operational since 2001 in the Midi-Pyrenees region of France. It will be installed in all the country during this

yoar,

1. Introduction

Periodically and particularly these last years in several french
regions, exceptional precipitations have brought about ruining
unforeseeable floods which caused real human and material
disasters, sometimes locally, sometimes on most extensive
superficies. Some, as in the Somme region, during most than a
month, have generated the necessity to evacuate and put up
precariously thousands of people. Those recent historical events
show again with evidence the great challenge of flood forecast
studies (Bras, 2001). The complexity of the flood forecast
simulation is issued of the incapacity to exactly forecast the
quantity and the location of rains. As long as this domain will
remain approximated, and because this environment is almost
unpredictable, the design of STAFF uses a totally different
approach from the existing models. Principles of autonomy,
cooperation and self-organization have been outlined to overcome
several environment perturbations using the AMAS theory
(Adaptive Multi-Agent System). We show how the theory has been
applied setting out in detail the architecture and the working
principle of an adaptive multi-agent system. The main
characteristic of this model is to adapt itself antomatically to its
environment. This adaptation allows to use this model
independently of its implantation location to have forecasts
everywhere and also to take into account the evolutions of the
environment and the specific character of each event in order to
keep its forecast capacities at the average and long time. To be
really adaptive, the system does not make use of any information
peculiar to a basin (i.e. which do not come from sensors). There are
two types of data coming from sensors:
- measures of level given as water level vanation,
- measures of rain i.e. quantity of precipitation.

From these measures, STAFF which is installed on a station has
to make a forecast of water level variation over a couple of hours
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(for example a six hour forecast at Toulouse). An algorithm for
cooperative self-organization is in fact automatically built when the
system is designed according to the AMAS theory. In the flood
forecast domain, although the general problem of a six hours
forecast remains always the same, its representation is evolving
over time (entry data evolution, sensors out of order,...) which
implies a real time adjustment of the algorithm.

2. The AMAS theory
2.1 The question of functional adequacy

A gystem is functionally adequate when it has this "right” behavior
-judged by an external observer who knows the environment, On
the opposite, when the system is functionally inadequate, at least
one unexpected response occurs for the environment viewpoint. If
the environment cannot accept this behavior from the system, it
will later have a behavior that will disturb the system. Thus, system
and environment are all the time in an interacting process where
the resulting activity of one influences the other.

These interactions can be classified into three categories:
cooperative activity, antinomic activity, indifferent activity. From
evidence, a functionally adequate system cannot have antinomic
interactions with its environment. A system is self-adaptive when it
tries all the time to be functionally adequate, even if the
environment is dynamic. An adaptation process can only occur if
the system, which has to adapt itself, is plunged into an
environment. The system behavior modifies the state of the
environment that in tum reacts in exerting a pressure on the
system. Thus, the adaptation is processed by coupling. In our work,
we consider the system as a multi-agent software and the
environment as both a human and a geographical region perceived
by the way of disseminated sensors.



2.2 Adaptive multi-agent systems

We define an adaptive multi-agent system as a multi-agent system
which is able to change its behavior to adjust itself in its dynamical
environment, either to realize the task it is intended to complete or
to improve its functionality or performance. This system is
characterized by the following points:

s The system is plunged in a dynamical environment.

= The system realizes a function.

» The system is composed of interacting autonomous agents.

« Each agent of the system realizes a partial function. The global
function is the result of the composition of the partial functions of
the agents and of their interactions.

» The organization of the system determines the result of the
system. The composition of partial functions is determined by
relations which link agents i.e. the organization.

Thus, without changing the agents, modifying the organization
between them provides a new global function: it is a mean to self-
adapt. The remaining question is; when and how does an agent
decide to modify its relations with others agents?

2.3 The AMAS theory for cooperative self-
organization

The AMAS theory (Gleizes, Georgé, Glize, 2000) (Gleizes,
Camps, Glize, 1999) allows to guarantee the convergence to a
desired global function. This is obtained by the following theorem:
For any functionally adegquate system in a given environment there
is a system having a co-operative internal medium which realizes
an egquivalent function,

The consequence of this theorem is that the agents composing a
system must try to achieve their individual goals and must be co-
operative with each others to allow the global system to be
functionally adequate. That is to say the system cooperates better
with its environment and improves its functional adequacy without
requiring the knowledge about the global function it must realize.
Designing a cooperative multi-agent system with the AMAS theory
consists in defining for each agent, all possible non cooperative
situations from their local point of view and the actions associated
to these states in order to eliminate them. When the system is
running in a dynamic environment, an internal process is observed
in which the relations between agents are modified. Thus, the
reorganization of the partial functions achieved by each agent leads
to a modification of the global function of the system, and non co-
operative states due to unexpected events are progressively
eliminated (see also http://www.irit. fi'SMAC).

In the agent's viewpoint, a non cooperative situation is like an
exception in a classical program. The designer has not only to
describe what an agent has to do to achieve its local goal but also
which local situations this agent must avoid and if these situations
are detected how to remove them. Three kinds of non cooperative
situations can be detected by an agent:

» when a signal perceived from its environment is not understood
and not read without ambiguity;

» when the information perceived does not induce the agent to an
activity process;

e when concluding results lead to act in a useless way in the
environment (such as conflict and concurréncy).
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3. The multi-agent systems of STAFF

STAFF is an adaptive model of flood forecast (Sontheimer,
Cornuau, Vidal and Glize, 2001) because it is based on a set of
multi-agent systems themselves using the AMAS theory, as
showed in the figure 1. The aim of STAFF is to be able to compute
the flood forecast at any point of the basin without any
programmed information (physical and hydrological). It has only
all the data gauges on the basin and the real current river level at
the desired point in which STAFF must give a flood forecast value
in real time.

3.1 The STAFF architecture

The upper level is a MAS having the goal of computing the water
level variation during many hours. Each agent of this MAS is an
hourly agent having the goal to give the level variation during an
hour (for example between t+3 and t+4).

Each hourly agent is a MAS of the lower level. An agent of this
MAS is associated to a sensor measure and his goal is to find the
real influence of this entry during the time period of the hourly

4:&&1; infomaation s rn-:r'l-rlrﬁ>

Figure 1: The STAFF architecture composed of two levels MASs

In practice, STAFF allows to approach in real time a forecast
curve by a succession of straight line segments displayed by
discontinuous lines, like a linear function. The experiment will
allow to validate that the self-organizing cooperative algorithm
which is used in our adaptive system leads effectively to the two
following results:

o the selection of pertinent parameters to produce the nearest
straight line to the curve at current time (it consists in searching for
the linear function).

» to adjust these parameters in real-time to find a new straight line
approaching the new curve form.

In order to indicate the self-organization steps, we will use the
following notations:

» 5, is the value of a sensor agent associated to the sensor i (which
could correspond indifferently to a rain gauge or a river gauge
without any additional information on its location).

e g is the weight applied to the entry value i. This is an integer
varying between 0 and 2000. A value less than zero means that this
sensor is currently irrelevant to explain the output (the hourly
forecast).



« At is the minimal value of the increment applied to the weight
;. This value is always predefined to 1.

* The hourly forecast Fy (from time t+k-1 to time t+k) is the
weighted sum of all the entries greater than zero. F, = I (0y*5;),
Vifoy=0

» Forecast is the result given by the MAS station. Forecast=X Fy

« Feedback is the real variation of the river level between time t-1
and €.

3.2 Self-organization in an hourly MAS

To approximate the measure curve by a linear function, the specific
influence of each sensor information has to be determined.
Depending on the flood dynamic character, this influence is totally
unknown at the design phase of the system. This is the reason why
we encapsulate each sensor measure by an agent which is in charge
of determining this influence as a weight.

Each entry (several hundred at all) is a measure coming from
sensors of the Garonne's hydrological basin. On a station, all the
sensors intervene as a pondered sum of their weights in order to
compute the water level variation during an unitary period of one
hour. Thanks to this systematic adjustment, the modeling is
adaptive and the relation non linear in spite of using a simple
balanced sum.

The aim of a sensor agent is to determine in what part the
measure it is associated to intervenes in a hourly forecast. The
typical non cooperative situation for a sensor agent consists in bad
evaluating its influence. This case appears every time the forecast
agent, it is working for, has to readjust its own forecast. Non
cooperative situations depend on the correlation and influence
notions, Correlation indicates if a measure has to be used to
compute the forecast and if so influence determines in what part.

There are three types of non cooperative situations to which a
sensor agent may be faced:

1. The entry value of an agent is not correlated with the feedback
(the station evolution). This is a non cooperative situation of
uselessness, because the agent cannot at this moment explain the
output. The weight value must be diminished: @y = o - Aw,

2. The entry value of an agent is correlated with the feedback, but
i is currently negative (this entry was mainly in the past not
correlated). This agent could be useful and the weight value must
be increased: oy = oy + A,

3. The entry is correlated but the forecast given previously for the
current time t (for which we know now the feedback value) is
erroneous. The influence of the agent must be modified in
order to decrease the forecast error. Because at the same time many
agents can act in the same way we are in the concurrency situation.
oy = ay + Sign{Feedback - Forecast) * Am,

3.3 Self-organization in the MAS station

In order to take into account the very last sensors information, the
forecast delay for a forecast agent has to be the shortest as possible.
The inferior limit for the forecast delay is equal to the range period
of the sensors which is of one hour on the basin of the river. Thus
we have built a multi-agent system made of several forecast agents,
cach having a forecast range of one hour. The number of the
forecast agents in the multi-agent system of a station depends on
the number of hours in the forecast delay. Each forecast agent
computes its forecast for its own period of one hour. The sum of
the hourly agents gives the multi-agent system forecast associated
to the station.

The presence of several hourly agents in the same station multi-
agent system may lead to conflicts situations between their
respective results. STAFF is coded to take into consideration only
the most critic of them leading to the following treatment :

1. The first forecast agent (named F,) compares its previous
forecast with the last station measure (Feedback) as indicated in
figure 2. A difference is a conflict with the real value which
implies and adjustment inside the corresponding hourly MAS (see
3.2).

2. The others forecast agents compare their previous forecast with
the last one of the previous agent (for example Fy,, with F,). The
difference is also a conflict which implies an adjustment inside the
corresponding hourly MAS, Nevertheless an agent forecast (here
Fy) presents an error in comparison to the corresponding measure.,
Experiments have shown that the error induced by the adjustment
delay is most important than the one induced by the adjustment
compared to a slightly erroneous forecast.

4. Experimental results and analysis

Since 2001, STAFF is working under the software platform called
Sophie, and used by the experts' DIREN (Direction Régionale de
I'Environnement) which are responsible of flood management in
Midi-Pyrénées region of France. Sophie is used by all the
organisms responsible of flood announce in metropolitan France.
This explains why the results presented here concern only sites of
the Midi-Pyrénées region and are obtained from real graphical
results presented by the Sophie platform.

4.1 Flood forecast for an intermediary station

The X-axis represents time over 10 days of measures (240 hours).
The Y-axis is the evolution of a river level (in meters).The dark-
blue curve is the real evolution of the river, whereas the red curve
is the forecast of this river given by STAFF. The light blue and
light green curves are the results of classical hydrological models
(see in Fig. 2).
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Figure 2 : Typical result for an intermediary station

From evidence we can say that the predictive STAFF model is very
closed to the real evolution of the river. Generally speaking, on a



dozen locations where classical models exist in Midi-Pyrénées, the
STAFF software gives at least better results than the previous
models.

4.2 Flood forecast with unavailable data

The caption associated to the figure 3 is identical as the previous
one, there is only one classical model (the light green curve). But
this model is unavailable during approximately 36 hours because
of the main data used for computing its mathematical function is
missing due to the breakdown of associated sensors. This crash is a
very awkward situation because the river level increases more one
than meter and the expert can not have critical information to his
disposal. During the same period, the Staff model is always
available because it computes a linear function where unavailable
data is forced to zero. From evidence this leads to an erroneous
prediction, increased by the absence of the most significant entry
data.

But, the STAFF adaptation process is always running and this
allows to adjust in real-time the influence of inputs. Thus
unavailable data are compensated by other entries which are not
exactly so relevant, nevertheless able to predict correctly the
starting flood. We must quote the few number of examples (less
than thirty) allowing a relevant and important self-organizing
process. When the missing inputs reappear later (the light green
curve appears again), a second adaptation process allows to find
the previous organization between inputs.
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Figure 3 : Flood forecast with unavailable data
4.3 Flood forecast with noisy data

In figure 4, the X-axis, Y-axis, the blue and red curves have the
same meaning as in the previous figures. Here, the light blue and
light green curves indicates the evolution levels of the two
important upstream rivers. We can observe two distinct phenomena
on these stations :

The light blue station has three important periods of missing
data (when the flood starts, at the middle and on the
maximum).The light red station is very noisy due to non natural
evolution. In fact, its location on the river is near a dam constructed
to produce electricity.
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The STAFF model gives not very precise results, reflecting the noisy
and absent data observed on the upstream stations. Nevertheless
STAFF gives some idea about the river fluctuation useful for the
expert decision. During the past years some hydrological models
were tested and given up on this station because they give no relevant
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Figure 4 : Flood forecast with noisy data
4.4 Flood forecast for an upstream station

In a hydrological network there are many upstream stations, mainly
located in the middle mountain Pyrénées for our application. In
these twenty stations no hydrological models cannot be of use
because the essential information about the river evolution on the
upstream are missing by principle. We tried to apply the STAFF
software in these cases, and surprisingly it works sufficiently well.

Figure 5: Flmdfmuutfmmupﬂrmmmum

To succeed in giving such a precise forecast on a station for
which the traditional models do not work, STAFF principally uses




the measures obtained from sensors situated on neighbouring
slopes. In distributing its entries this way, STAFF does no more
model the flow propagation, rather the precipitations muvmg from
a basin slope to another.

5. Properties of the system

The previous part was mainly developed to show without
ambiguity the real efficiency of the STAFF software, in order to
say that it is "functionally adequate’ according to the terminology
of the AMAS theory. In fact, the theory claims that when
components of a system are in co-operative situation, the system
has a suitable behavior in the environment. It is only by reducing
conflicts between forecast agents that STAFF reduces highly the
forecast error. In order to know the efficiency of a leaming theory
we must have an idea about the space search and the amount of
examples required to obtain a good function.

5.1 A huge space search

We have experimentally observed that the part each data entry
takes in a forecast is bounded by the upper limit 2000. Usually
STAFF takes into account the data coming from the ten past hours,
and the network of sensors (raining information and river level) is
about B0. In this usual configuration, the global space search is
equal to 2000%°%'°, corresponding approximately to 107947
which is hugely bigger than the space dimension acceptable for
classical algorithm.

In order to obtain a suitable model of the flood variation in a
given location, we have used information from historical flood
stored in files containing 10 days periods of data (240 hours). A
learning phase generally consists in 5 to 10 flood periods, in which
the system has typically 100 examples to leam (a nsing water level
has not a 10 days duration). Thus, the 107%°? space search is well
explored in 500 to 1000 examples! This is not an isolated result
because learning was done for fifty stations (fifty separate
functions), but very surprising in regard to the results obtained
from classical leaming methods. At this stage of the AMAS theory
we can not give a formal demonstration, but only a technical
explanation composed of two parts;

5.2 A highly distributed adaptation

The AMAS theory imposes to search all the uncooperative situations
a given agent could be faced to during its lifetime; considered during
its perception, reasoning and action phases. Usual leaming methods
are focused only on some of those situations; for example, genetic
approaches are mainly interested in competition between individuals
for obtaining a behavior closed to the evaluation function. During the
presentation part of the STAFF architecture we have seen three
uncooperative cases: unproductiveness, conflict and concurrency.
Conflict and concurrency are often studied, but we can reasonably
think that unproductiveness (here when input data are missing) is
always considered as an exception treatment by leaming algorithms,
and not another useful case for the system self-adaptation. The non-
isolated cases showed in sections 4.2 and 4.3 are practical examples
of this usefulness. Thus, taking into account all the encountered
uncooperative situations for leaming is another good way to improve
the convergence speed.

113

5.3 The convergence speed

When an AMAS agent detects any uncooperative situation from its
local point of view, it tries to suppress it locally by adjusting its
behavior or even modifying its own function. This is not generally
enough, and thus leads the concemed agent to call for help others
agents. These called agents try to adapt their own behavior and
even to create secondary helps, and so on... Thus, many agents
could be requested to overcome only one initial unexpected event;
a solution which could appear to be time consuming. On the
opposite it is very flexible because the set of involved agents
depends on the difficulty to solve the problem, and they intervene
appropriately. When we have systems composed of agents acting
in a highly intricate manner, this is certainly better than a rigid
adjustment algorithm. Moreover, we see experimentally that the
STAFF self-organizing process is no more than five seconds for a
typical set of one thousand agents inside the system.

6. Related works

Classical physic-hydrological forecast models (Loumagne and
Vidal, 1995) consist in generic formula the parameters of which
are determined from measures on ground and from historical
account of flood. Some of them are linear models which compute
the forecast at t+At for a station according to the flow growing
between t and t-At at the same station, others follow the principle
of the “rain-flow™ model which is function of a flood coefficient
and the action delay of rain. Non linear models are also used to
simulate the attenuation of the flood wave between upstream and
downstream stations.

The building and adjustment of these formula are time
expensive (several months) and do not always give good results at
every point of the basin (upstream stations, new station) nor for
every kind of flood (slow, with constant evolution phase, ...) or
when the sensors break down.

Neural networks have been used to model flood forecast. An
original approach (Vergnes, 1995) is based on a neural network to
compute an hourly forecast which is then taken as an entry of the
same network as many times as necessary to reach the forecast
delay. The main advantage of this method compared to the
classical ones is that it does not use hydrological knowledge about
the basin excepted a notion of propagation delay. However this
model is not operational because the number of neurons in the
hidden layer is determined experimentally, which implies several
tests for a station model.

7. Conclusion and perspectives

STAFF’s results indicate its real adaptation capacity based on a
process of self-organization based on two agents levels. We have
shown that each level is necessary to tend at best towards the
functional adequacy. The global function is really emergent
compared with the agents activity which realize very simple
treatments and compared with their self-organization process
conducted by adjustment rules which do not depend on the
searched global function.

A flood forecast system must be able to take into account time
and space information determined by the topography of the basin.
This is one of the reasons why we must spend many time to adjust
clﬂ.a-smal ph}mn-h}rdmlng]:a.'l models. In the STAFF approach this

ion emerges from the leaming process based on the
AMAS theory. This can really be observed by the weight



associated to each entry of each hourly agent. And this is really an
emergent behavior because the self-organizing process is only
based on uncooperative analysis (uselessness, conflict, and
CONCUITEnCY).

Keith Sawyer (2000) says “In many computational models of
emergence, the end state of the system is of primary interest. In
collaborative emergence, the most interesting aspects of the
simulation will be the incremental processes of emergence and
downward causation”. STAFF and the otheérs applications using the
AMAS theory are example of collaborative emergence, in which
the goal is not to obtain a given end state but a never ending
adaptation process because the systems are plunged in a dynamic
environment. We think that it is an important class of MAS
simulating hard problems and having specific characteristics
{dynamic environment, non termination, huge space search).
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Abstract: This paper presents an optimization of intelligent agent systems that base their knowledge on
evolutionarily-generated artificial experts built on a set of defined rules. Problems of delays in real-time
financial data analysis systems are discussed and bottlenecks of real-time intelligent agents, especially the
need to update or regenerate these agents, are analyzed. The proposed optimization concemns
improvement of the agent regeneration genetic process, which reduces computing time without harming
results. The idea consists of discovering recurrent patterns in a sequence of generated chromosomes and
using these patterns to create new agents, thereby accelerating the process of rules selection. Results of a
few experiments on real-life data from the Paris Stock Exchange are described. Moreover, some future
directions are pointed out at the end of the article.

1. Introduction

Real-time data analysis remains a grand challenge. Methods aspiring to be applied in real time should not only be
efficient, but also quick to compute. Real-time intelligent agents should learn as quickly as possible, otherwise the
efficiency of the methods may lose significance because the results will become delayed.

This paper refers to a class of intelligent agents that base their knowledge on artificial experts built on a set of defined
rules. These experts are generated on the basis of available past data and applied to new data until they are efficient.
Since properties of analyzed data change with time, the efficiency of experts falls, after which they should be
regenerated or updated. The process of expert generation is time-consuming, prompting many ideas for its
improvement. Certainly, updating an expert takes less time than regenerating one, but efficiency of an updated expert is
often lower than that of a newly-generated one. Dependency of expert updating and regeneration procedures, along with
their efficiency and computing time, is an interesting area of study.

In this paper, an intelligent agent from a real-time financial data analysis system 15 considered as an example of the
agent class mentioned above. The regeneration procedure is based on the additional knowledge extracted from a list of
previously generated experts. Extraction of the knowledge is performed using discovering sequential patterns algorithm

[1].

This paper is structured in the following manner. The next section defines the problem. describes the data structure and
mentions several constraints. The financial knowledge base containing trading rules is described in Section 3. In Section
4 the rule selection process is briefly presented with a proposed improvement. Section 5 validaies the approach by
discussing a few experiments. Finally, Section 6 concludes the paper and points out some directions for further
research.

2. Problem definition

Assume that an event occurs on the financial market at time t, The information about the event reaches the trader at
time t; due to technical reasons such as a transmission delay. As soon as the trader receives the information, he or she
starts analyze it, resulting in making a decision and consequently taking an action at time 1,. This decision is transmitted
and reaches the market at time t,.
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Although the data analysis methods and the decision support system may work well, the trader’s decisions may be
inappropriate if they reach the market too late. The trader makes a decision on the basis of the market state at time t,,
but the decision is executed on the market at time t,. The situation on the market changes every second, so the market
state at time t; may be completely different from that at time t, if the delay t; — 1, 15 too great,

The delays t, - t, and t; — t, are often independent of the trader, as they mainly depend on technical causes such as data
transmission speed or constraints of available financial services. However, the delay t; - t; depends only on the trader -
to be precise, on the trader’s data analysis and decision-making procedures. Thus, in order to speed up the trading
process and increase trading efficiency, one should focus on minimizing the delay t; —1,.

Methods of minimizing the delay will be presented later. Now, the problem will be revisited taking into consideration
the nature of financial data.

Generally, there is an enormous amount of data available on the stock market. However, not all of them are necessary
for the purpose of analysis. It is usually sufficient to use aggregated data of a given time period, meaning that the trader
will not receive all data from the market as a continuous data stream, but at the end of a given period. For instance —
every hour, he or she may receive a brief report containing aggregated data summarizing the situation on the market in
the last period.

Let T be a given time period. At time t,, data referring to the interval (ty — T, tg] become available on the market. These
data are being pre-processed and aggregated. The aggregated data are transmitted to the trader, who receives them at
time t;. Hence, at time t,. the trader possesses summarized information about the market state in the period (1, — T, |
and begins to analyze it. In consequence, the trader makes a decision which will be sent to the market at the time 1; and
will reach it at the time ;. As mentioned before, the delay t; — 1y is of great importance for trading quality and
efficiency.

In practice, the aggregated financial time series consists of opening, maximum, minimum and closing prices, the
transaction volume, and the market index value aggregated within the period of one minute. The process of aggregation
proceeds as follows: The stock price of the first transaction in the given period constitutes the opening price. The
maximum and minimum prices are computed as the highest and lowest prices in the period. The price of the last
transaction makes up the closing price. The transaction volume represents the number of traded stocks, usually in
thousands of items. Finally, the market index is equal to the last market index value in the period. It may happen that
there was no transaction during the considered period, in which case the prices are equal to the closing price from the
previous period and the transaction volume is set for 0.

Besides the aggregated data that describe the market state, taking into consideration realized transaction and current
rates, other information may be useful such as book order data, described in the following sections, or non-numerical
data such as press dispatches.

The gathered data are processed using a financial knowledge base that stores a number of trading rules based on
technical analysis.

3. Financial knowledge base

Technical analysis assumes that the future market behavior may be predicted on the basis of previous observations of
stock quotations and a few other financial indicators such as the value of the market index [6]. [16]., [17]. Rules based
on technical analysis use a large amount of past data, aggregated over a given period. Several rules are simple, requiring
only a few recent quotations, and are thus easy to formulate and less time-consuming to compute. However, most rules
work on longer periods and require more data, so computing them is more complex and more time-consuming,

In practice, one of the most important properties is the time of rule execution. Some of the above-mentioned rules
require more time to be calculated and executed while the application of others is less time-consuming. The rule
execution time affects also the rule efficiency, because the market situation may change during the calculation. Thus, in
practice, sometimes simpler rules turn out to be more efficient than complicated rules, even if the latter seem to have a
better theoretical background.

4. Overview of the rule selection process
The rule selection process constitutes the soul of the system. It is responsible for the selection of a proper set of rules

taken from all the rules in the knowledge base, in order to eliminate those rules inefficient in the current market state
and choose those suitable in the current situation. The selected set of rules is referred to as an expert. The selection must
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be done every time the market state changes. In practice, this is performed every minute unless the market state is
unusually stable.

The rule selection process is based on a genetic algorithm [12]. The detailed description of genetic algorithms is not an
object of this paper and may be found in papers such as [2], [3], [4], [7], [10]. [14]. Only a brief overview of the
algorithm is presented here, emphasizing time consumption aspects.

The genetic algorithm deals with a population of chromosomes. Each chromosome is a binary string representing a set
of rules, an expert. The presence of a given rule in the expert chromosome is indicated by | and the absence by 0. For
instance, 00110110 represents a set composed of the rules numbered 2, 3, 5 and 6. The algorithm begins with a
randomly generated population that evolves through genetic operators. It searches for a suitable set of rules maximizing
an objective function. The function is founded mainly on the profit generated by the set of rules and some risk
indicators. Details of the objective function construction were presented in [12].

The goal of the modification is to improve the throughput of the expert discovery process by shortening the time of the
computing process. The idea is to reuse the previously-generated experts - more precisely, it is to discover patterns that
represent the most frequently used trading rules on the basis of codes of recent experts. A trading expert pattern is an
abstraction from a sequence of the best experts that keeps rules that recur in specific market situations. Using this
approach, the newly created experts inherit “the building blocks™ from the pattem that is already a subset of a successful
family of proven trading rules.

The expert patterns are dynamic and generative. They are dynamic because they are recursively computed from the
previously generated experts. Therefore, a large part of the new expert chromosome is already defined by the most
recent pattern. They are also generative patterns because they indicate how to create new experts. Note that only the part
of the chromosome that is not covered by the pattemn is varied during the process of expert discovery. Of course, the
process will be quicker if the number of instantiated positions in the chromosome is higher.

5. Experiments

Experiments have been carried out online over the space of a few days on the Paris Stock Exchange. Trading experts
were generated every minute based on quotations and bid-and-ask offers deferred by one minute. Typically, to create an
expert, the genetic algorithm uses 250 trading rules executed during the preceding four hours of trading. The population
of 30 experts is evolved during 400 generations. These parameters resulted from experiments carried out on various
financial series. The overall time of expert discovery for one security using the typical genetic algorithm was
approximately 20 seconds on the Pentium IV 2 GHz processor. The goal was to shorten the time to compute an expert
in order to maximize the expent generation throughput,

Table 1. An extraction of the last 15-minute pattern of trading rules

o A R fio £ S (F e T e [T (1 TP I T R (T ke
1 | 1 0 0 0 1 0 0
i | | 0 0 0 1 0 0
l | 0 0 0 0 0 0 0
0 1 0 1 0 0 1 0 0
0 i 0 | 0 0 1 0 0
0 i 0 | 0 0 1 0 0
0 I 0 | 0 0 | 0 0
0 I 0 | 0 0 | 0 0
0 | 0 | 0 0 | 1] (0
I | 0 0 | | 1 0
| | 0 0 1 1 1 0
l | 0 0 | 1 1 0
| | 0 §] | | 1 0
| | 0 0 | 1 | 0
| | 1 | 0 0 0 0
: 9 3 1 8 5 13 5§ 0
(N)

In the experiments, only 10% to 15% of rules have been either constantly used, or not used at all, during the last 360
minutes. Therefore, to find a trading pattern, shorter intervals have been analyzed. Table | shows an extraction of the
last 15-minute pattern of trading rules. The 15-minute pattern covers approximately 40% of the rules in expert
chromosomes. The frequency of the usage of these rules over a period of 15 minutes is presented in Table 2. The 10-
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minute pattern and the 5-minute pattern cover 60% and 85%, respectively. Based on the observations, the two last
intervals were considered to be too short to produce an expert pattern. In addition, in these last two cases the search
space is too restricted, inhibiting the exploration by genetic operators. The 15-minute pattern seems to be a compromise
among the quality of trading, the computing time, and the space exploration facility. In this case, according to numerous
trials, the time of expert generation has been shortened by approximately 50%.

In the experiment, the 15-minute pattern was computed each minute and then used to generate a new trading expert. The
search space was reduced. Nevertheless, a large number of variant experts were evolved using only the part of the
chromosome not covered by the pattern. To avoid premature convergence and local solutions, afier every 10 minutes for
a period of 5 minutes the experts were generated according to the classical algorithm. The process of pattern discovery
was then run again. This solution makes the expert design extensible, reusable and adaptable to specific market
situations.

Table 2. The frequency of the usage of 250 trading rules over a period of 15 minutes

10 6 10 4 6 12 | 10 9 13 f L 7 10 i 71

The results of these experiments are encouraging. Many tests show that the pattern captures a subset of an already
successful group of rules applied to a recurring trading problem that arises within a certain context. On average,
decreasing the time of expert generation has considerably improved the overall throughput of the system. Two aspects
of this improvement should be underlined. First, the system is now able to generate a trading expert in approximately 12
seconds after the latest market observation. Consequently, the interval for quote aggregation may be reduced from one
minute to less than 15 seconds. Second, using the one-minute deferred quotations, a trading agent may obtain advice for
more securities traded on the market. Of course, the results might be more impressive if one used more powerful
computers.

Figure 1. Dependency of efficiency and computing time on size of discovered sequential patterns.
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Figure 1 illustrates the dependency of efficiency and computing time on the size of the building blocks of discovered
sequential patterns. In the case where the patterns are not taken into account, i.e. the size is equal to 0, the system
achieves the maximum efficiency because the expert is searched through the whole space without any constraints.
However, in this case, the required computing time is high because the calculation is complex. If a small pattern is
introduced, the system efficiency becomes slightly lower but still sufficient. The computing time becomes a bit shorter.
On the other hand, when the pattern covers a large part of chromosomes, the efficiency is rather low because the

118



process of expert discovery is highly constrained and thus the result cannot be optimal. However. since the size of
search space becomes small, the process 1s completed in short time. Certainly, the exact shape of curves presented
depends on the particular case.

6. Conclusion and future directions

This paper addresses the problem of delay in decision support systems for stock trading. Even if the methods of data
analysis used are suitable and efficient. decisions made on the basis of their results may turn out to be inappropriate
because they reach the market too late.

In this paper. an improvement of the system based on a genetic algorithm has been proposed. The idea. consisting of
searching for recurrent pattemns in trading experts and using them to create new experts, permits to accelerate the
process of selecting trading rules. However, more experiments are needed to further investigate the efficiency of the
approach on longer test periods and various time series.

At the moment, patterns are looked for based on a set of genetic experts that come from the last 15 minutes of trading. It
is tempting to shorten this period. This would, however, cause the pattern to become larger, but this may provoke
premature convergence of the genetic algorithm, and hence the mutation operators would have to be modified in order
to avoid focusing on a small part of the search space.

On the other hand, one can analyze patterns occurring over longer periods in order to promote or eliminate rules that are
permanently chosen or rejected. In this case, it would appear to be necessary to develop a strategy which would allow a
rule to come back to the previous status after a certain time. Otherwise, a rule might be eliminated forever, even if it
would turn out to be efficient in the future.

Reduction of the computing time enables the further development of the trading system. Currently, the data aggregation
peniod 15 equal to one minute, which implies that the system generates advice every minute. Since the decision making
process has been accelerated, 1t 1s tempting to lessen the aggregation period so that the system will react faster to the
market state, for instance, every 30 seconds.

Finally, further research would be needed to estimate precisely the reduction rate which could be obtained due to the
modification. Further experiments are necessary to make a deeper analysis, but the preliminary results are extremely
promising.
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Abstract

In the field of intelligent distributed computing in dynamic computer networks, we focus on mobile agents
and mobile agent systems, especially on the itinerary problem and the adaptivity of mobile agents. This paper
outlines our current research activities which are based on the Tracy mobile agent system, developed at FSU
during the last few years. For our purposes we expand this system by adding intelligent and adaptable system

components, as well as a basic information infrastructure.

1 Introduction

Mobile agents are autonomous and proactive software en-
nties which act on behalf of an owner, communicate and
cooperate with each other, and have the ability to migrate
through a heterogeneous network of computers [White
(1996); Bradshaw (1996)]. We at FSU look at (mobile)
agents mostly from the viewpoint of distributed comput-
ing systems, i. . as a new paradigm for open peer-to-peer
computing.

In a typical scenario, a mobile agent visits more than
one host in a network of so-called agencies (dedicated ser-
vice platforms) to fulfill its task. Thus, it needs a “travel
plan”™ when it starts its journey, a usually fixed plan that is
provided by its programmer/owner. However, due to the
size and possibly dynamical behavior of modern (ad-hoc)
networks that change much faster than the agent-owner's
perception of the net, mobile agents must by now develop
the ability to construct and pro-actively adapt their own
travel plans, which we call an itinerary.

We at FSU, in the TRACY project [Tracy Project], fo-
cus as one hot-spot on the itinerary problem of mobile
agents by improving the basic technical efficiency of their
migration and by increasing their autonomy and adaptiv-
ity in the planning and travel phase. This paper outlines
our current research and first results in the area of itinerary
planning.

2 A Sample Scenario

Before we start to outline our framework we want to in-
troduce the scenario for a typical application. It should
help to describe our idea and our goals.

A user (the owner) hands over a task to an agent. Such
a task should not contain information on HOW 1o fulfill
its demands. Hence, the agent has to organize the jour-
ney through the network by itself. Therefore, the agent
searches for suitable services on a map provided by the
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local agency. This map contains information on services
within the local net domain (set of neighboring agencies)
and some network characteristics. The search result is a
set of agencies within the network that should be visited.
MNow the agent may trigger a Route Planner to use the
available map’s information on connection topology and
qualities to identify a possible (fast) trip through the net-
work. The result is a first local travel plan - the itinerary.
Before the agent begins the trip, it might use a Migration
Flanner to optimize the trip from an efficiency perspec-
tive. Now the agent “executes the itinerary” and starts the
migration. During the trip the agent visits service points at
remote agencies and communicates and cooperates with
other agents.

Al any point in time, but at least when migrating to fur-
ther away agencies in another net domain, the agent may
fine-tunc and re-adapt its itinerary. This is achieved by
taking advantage of the new maps now available locally.
This “re-planning process” can be repeated as many times
as it scams necessary for the agent to fulfill its task. Fi-
nally, after finishing its trip, the agent hands over the re-
sults to its principal. This might include a description of
the visited agencies, a kind of travel report. During the
migration, there is no communication necessary between
agent and owner.

As indicated, we want to provide an infrastructure that
enables agents to be more autonomous. A user should
concentrate on WHAT the agent has to do and not on
HOW. We also want an itinerary, and thus the traveling
agent, to be highly adaptive to changes in the environ-
ment and to be scalable for execution in very large net-
works. To achieve these goals, a general framework and
the related infrastructure have been designed and tested,
using the scenario we just described as a reference model
and the TRACY mobile agent system as implementation
technology.



3 Framework Overview

As indicated in the last section, there are a set of modules
which support agents to fulfill their tasks. The framework
consists of three modules: The Map Module, the Route
Planner Module, and the Migration Planner Module (see
fig. 1).
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Figure 1: Major Infrastructure Components

3.1 Map Module

The Map Module [Schreiber (2002)] is responsible for
collecting data to create a local information base which
we call map. Every agency manages its local map. Be-
cause of the given quantity, it 1s not possible to store com-
plete information of the network of all agencies. Hence,
the map 1s split into a local area map (current, exact data)
and a map of remote areas (summarized, potentially in-
consistent data). This technique is like a fish-eye view
known from photography - the further away from the cen-
ter the more blurred.

Remark: A local area of an agency corresponds with
the (sub-)network the agency belongs to. So the number
of agencies within a local area is in direct relation to the
number of nodes within the network. We use the Tracy
Domain Concept [Braun et al. (2001a)] to network the
agencies within the local area (a domain) and to network
domains {via a Domain Master). For each domain, there
exists a Domain Manager which manages and represents
a domain (see fig. 2).

The Map Module contains nel monitoring sensors
which collect map data. There are two kinds of data:
Agency properties like a service list, supported protocols,
etc., and line characteristics like bandwidth, latency, ete.
Furthermore, the map is split into a local and a remote
map, each structured in a node information part (a list)
and a line information part (a matrix) (see fig. 3). The up-
date frequency for local area data is higher than that for
remote arcas (represented by the Domain Masters).
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Figure 3: Map Data Structure

At regular time intervals the sensors do star-shaped
measurements within a local area to collect line data. The
measurement results and the agency properties then are
exchanged between agencies to complete/update the map
data. A Domain Manager runs also measurements with
other domains (remote Domain Manager). Thereby, sum-
marized domain maps are exchanged (information reduc-
tion — fish-eye technique).

As a consequence, cach agency has a map with nearly
complete and up-to-date information on the local area and



with a rough knowledge on remote areas (also possibly
out-dated). An agent which uses this information base
must be aware that a remote domain’s services might have
changed in the meanwhile and could be different than ex-
pected.

3.2 Route Planner Module

The Route Planner Module is able to calculate a shortest
path through a network. This module uses the map data,
especially the data on connection topologies and qualities.
Thereby, a line gets a weight calculated on the basis of
measured line characternistics.

The complete calculation for the whole trip can be done
only, if the agent travels within a known area, like the lo-
cal domain and between known remote domains. If the
agent visits other remote domains, information is incom-
plete, i. e. the exact targets within the remote domains are
not known yet and the line qualities within the remote do-
mains are not available in detail. Hence, the agent must
use the Route Planner again when leaving the local area to
re-calculate the details of the chosen path. In spite of that,
generating a general path may still make sense to outline
a generic first route that can be used as basis for all further
iterations. Such a generalized path will have to be based
partially on the summarized (blurred) information for the
included remote areas.

Thus iterative approach reduces the amount of informa-
tion that has to be processed when planning an itinerary,
a fact that turns out to be crucial in very large networks.
First of all, an iterative approach supports adaptability and
the handling of the “unknown”. Second, it provides for
scalability, as even the largest network is conceived as a
federation of local domains that can be managed one by
one. Each of the domains in itself is limited in size and,
thus, opens the possibility to reuse well established but
not scalable algorithms.

The route planning process itself is basically the Trav-
eling Salesman Problem which is an NP complete type of
problem. As a consequence, getting a direct optimal so-
lution in a large network is ruled out. However, there are
some heuristic algorithms (such as local search algorithm,
genetic algorithm, simulated annealing, neural networks
etc.) that have been applied extensively for solving such
problems [Jonhson and McGeoch (1997)] in a more lim-
ited environment. The comparative performance of the
algorithms depends on the problem and the given detailed
circumstances,

To be able to test different algorithms, the Route Plan-
ming Module has an interchangeable calculation compo-
nent (see fig. 1). Our current results indicate that clas-
sical local optimization algorithms (2-Opt, 3-Opt, Lin-
kemighan are quite simple and very fast algorithms
which deliver nearly optimal results) seem to be the best
fit for our application {Jonhson and McGeoch (2002)
compares various algorithms). In this type of algorithms,
in order to improve a feasible tour, it is modified by delet-
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ing some edges, thus breaking the tour into paths and then
reconnection those paths in another possible way [Lin
(1965)]. Basically the algorithms in this family differ in
the number of edges which will be exchanged: 2-Opt uses
2 edges, 3-Opt uses 3 edges, and Lin-Kemighan uses a
variable number of edges.

These algorithms are designed to handic symmetri-
cal distance/weight matrices. There are also algorithms
for asymmetrical distance/weight matrices [Johnson et al,
(2002)], which we test in more detail in ongoing experi-
ments.

In general, a shortest path calculation is applicable
only, if the weights of the edges differ clearly. Thus, if
there is a homogeneous network there is no sense to trig-
ger the Route Planner. We aim to establish an efficient
decision process within this module to avoid unnecessary
path calculation. The decision depends on factors like an
agent’s size, bandwidth, and latency.

3.3 Migration Planner Module

The Migration Planner Module is designed to re-calculate
the itinerary to achieve an efficient journey. This module
1s more Tracy-specific and based on the Tracy Migration
Component (supports fine-grained migration, see Braun
et al. (2001b)). To resume execution of a migrated agent
on a remote agency, the agent’s code with all referenced
code parts (transitive hull) is needed as well as the agents
execution state and its current data. The state and the data
have to be transmitted in any case. But a code part (in
Java normally a class file) is needed only, if the execution
needs code contained in it. Our goal 15 to transmit only
those code parts which are needed at the remote agency
for execution (see fig. 4). Thus, the network load caused
by the agent is reduced and transmission times are short-
ened. Under some circumstances, it is even possible to
split a single class into smaller classes or reduce a class
using byte-code analyzing techniques [Fensch (2001)).
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Of course, while executing the agent, necessary code
fragments may also be downloaded from elsewhere dy-
namically. The task of the Migration Module is to de-
cide what is more efficient: Transmit all code parts
not available at the target agency along with the agent
state and data, transmit only (possibly) necessary code
parts/fragments, or even no code parts at all (dynamical
download).

To decide this, the module has to do a kind of cost es-
timation. We say that it has to decide on a “migration
strategy”. On the one hand, a migration strategy focuses
on WHAT has to be transmitted (fragments). On the other
hand, the module has also to determine HOW the nec-
essary fragments are transmitted. Net qualities are, for
example, a factor for such a strategy decision. Just con-
sider the following simplified case: The reliability of a
connection to a mobile device is usually low and the de-
vice may not be reachable at all times. As a consequence,
the necessary fragments of the mobile agent migrating to
such a device should be transmitted at once, instead of be-
ing fetched on demand. Such a strategy is called “push-
all” in Tracy, while a fetching strategy is called a “pull”
strategy. In general, the exact relation between all factors
15 quite complex and has to be determined using mathe-
matical models and experimental validation. For further
details, we refer to Braun et al. (2001b).

In our framework, the Migration Module is an op-
timization module that complements the Route Planner
and the Map Module, but is not a mandatory part of the
itinerary planning algorithm. As its execution is fairly
expensive in terms of used resources, and it might even
happen that in the end the Route Planner and the Migra-
tion Planner contradict each other (!), the Migration Mod-
ule is invoked only under specific circumstances, i.e. in
the case that the network topology is fairly stable and the
agent itself has a long life with fixed or very similar ser-
vice requirements. In this case the optimization module
runs once and the agent may use the proposed strategy
repeatedly, if it fits its needs.

4 Trial Runs

This section describes first tests with the system’s mod-
ules. First results are indicated within the subsections.

4.1 Creation of Maps

We did some measurements regarding the performance
and behavior of the Map Module. Our interest concen-
trates on network load which is caused by the module
while collecting data and on the type of dynamic behavior
in the network that we are able to map with this module,

The normal way the module’s sensors work at an
agency can be described as follows:

FOR every known agency s DO
do measurement with s;
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WAIT duration;
LOOE.

An agency is able to perform one measurement exper-
iment within a measurement interval (duration plus
time for measurement). If the duration setting is the same
for all agencies, every agency has performed one mea-
surement experiment within an interval. The shorter the
duration the more the measurements will conflict and the
network will be overloaded, too. If duration is set to
0 seconds the sensor continuously does measurement ex-
periments which will run as fast as the network (and the
system itself) is. We would like to determine a useful
threshold for the duration which of course depends on the
number of known agencies, the network capabilities, and
the kind of measurement experiment.

For our tests, we chose the bandwidth measurement
experiment (causes most network load) which transmits
64 KByte packets to measure transmission time and cal-
culates transfer rate. Thereby, the duration between ex-
periments was decreased from 32 sec to nearly 0 sec to
determine the point of highest map-able dynamic behav-
ior. We did measurements with 2, 3 and 5 agencies within
a homogeneous network environment to get a first impres-
sion of system behavior. The general behavior is similar
in all experiments. In figure 5, measurement results are
shown for 5 agencies. There are two graphs: The sum of
the network load which is caused by all 5 agencies and the
amount of transmitted packets (data volume) within one
measurement interval.
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Figure 5: Network load caused by bandwidth experiments

Normally, all agencies should finish one experiment
within one interval. Thus, the data volume should be
about 320 KByte (5 agencies, each transmit one packet of
size 64 KBytes) as long as the defined duration is nearly
equal to the complete measurement interval. The graph
“Data volume per interval™ in figure 5 shows a distinet
behavior: At about 0.5 sec the data volume per interval
decreases and finally crashes. The experiment’s time be-
comes significant greater than the defined duration. The



network load increases until a certain saturation at about
0.1 sec (graph “Network load” in figure 5) is achieved and
decreases with shorter duration values (experiments influ-
ence each other). As expected, the transfer rate crashes,
if the defined duration is too short and experiments influ-
ence each other too much. Looking at figure 6, the mea-
sured transfer rate crashes at a duration of about 1 sec.
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Figure 6: Measured transfer rate at an agency

The theoretical network load, i.e. the whole network
traffic caused by the bandwidth experiments, can be cal-
culated by:

Packet Size = #Agencies

Netload = :
Experiment Interval Length

(1)

Thus, the interval length can be calculated, if the network
load 15 limited to a certain value:

Packet Size = # Agencies
Netload Limit

I'nterval Length = (2)

Example #1: If we limit the network load to
160 KByte/s and set the packet size to 64 KByte in a net-
work of five agencies, the interval length should be set to
2 seconds. The map refresh rate results from the interval
length: 25 * 5 Server = 10s.

Example #2: There are 100 agencies. The network load
limit is set to 1000 KByte/s (distributed over the net) and
the packet size is 64 KByte. Than, the interval length can
be set to 6.4 seconds. The refresh rate on the map is about
10 minutes for this case.

The refresh rate we can achieve limits the type of dy-
namic behavior we are able to manage. If changes happen
faster than we are able to refresh map data, they might go
unnoticed. As our two examples indicate, we look at an
upper limit of about ten minutes (100 agencies are a pretty
well loaded local area) and get down to seconds with a
smaller number of agencies. This is not hard real-time
behavior, but opens a wide number of possible applica-
tions for this type of autonomous route planning.
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4.2 Planning a Shortest Path

We also ran first tests with the Route Planner module. In
networks with real wraffic we faced some difficulties due
to heavy oscillations of transfer rates. In spite of that,
our first results indicate that it makes no sense to do ex-
tensive optimizations with the route planner within a ho-
mogeneous network environment. In fact, this is not a
surprising result. Our future tests will focus on determin-
ing how heterogeneous a network has to be so that formal
route planning is efficient and cost effective.

4.3 Optimize Network Load

The implementation of the Migration Planner is not fin-
1shed yet. Thus, we made only a few tests which indi-
cate that an optimization is at least useful if it can be used
again and again for a certain mobile agent or for a set of
agents (run once, use repeatedly) and the environment’s
dynamic behavior is not too high. Furthermore, an opti-
mization 1s only feasible for known parts of an itinerary.
Thereby, the level of knowledge on these parts effects the
quality of an optimization. Nevertheless, it should be pos-
sible to provide always a “next-hop-optimization™ espe-
cially for highly dynamic itineraries.

Future tests will be designed to show in which cases an
optimization run is efficient and what quality of knowl-
edge 1s essential.

S Summary and Outlook

In this paper we provided a look at our framework to im-
prove the pro-activity of mobile agents. Thereby, we have
identified three modules: The Map Module, the Route
Planner, and the Migration Planner. With the help of
these modules, an agent is able to adapt to a changing net-
work and service environment autonomously. Thereby,
the locally available maps in all domain nodes are the dis-
tributed information base. Changes are first detected by
and then reflected in those maps. Hence, we are able to
map an environment which changes not too fast and in-
herits a certain stability, as network sensors must be able
to keep track of changes. Currently, we run measurement
experiments to determine the threshold for the dynamic
network behavior we can master. Especially the Migra-
tion Planner Module is, therefore, also still under steady
construction. First results indicate that we are able to han-
dle changes in a network that stabilizes at least for a few
minutes. In our future work we will characterize those
types of environments further. Furthermore, we will finish
soon our implementation and optimization efforts ( Route
and Migration Planner), and characterize the application
of our framework in more detail by determining bounds
and rules for necessary decisions.
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Abstract

In this paper, we present a multi-agent system which models a set of firms in competition with each other
within a shared market. The firms are represented by agents: each firm is represented by a reactive or
adaptive agent. We show the advantages of adaptive agents to represent firms. Moreover, we underline the
limits of the economic models which represent only the firms without considering the organizational
forms. We then propose to integrate the organizational forms. We introduce a model of organizational

forms and define the various interactions between the firms and the organizational forms.

1 Introduction

Several models of firm dynamics and economic evolution
have been developed recently based on empirical studies
of industries. Works by Baum and Rao (1999), Lewin and
al. (1999) and others investigate on historical data to
explain how institutional, ecological, and strategic factors
influence firm performances and survival.

Complementing the empirical analysis of historical
data, other works intend to simulate the economic
evolution -see for example (Mizuta and Yamagat, 2001),
(Lomi and Larsen, 1996). (Levinthal, 1997), (Bruederer
and Singh, 1996), etc. They often study a set of firms in
competition. They model the intemnal structure of firms,
their decision process and the various interactions and
relations which exist between them. However, no work, as
far as we know, studies economic models which represent
explicitly firms and organizational forms and relationships
between them.

Multi-agent systems provide a good paradigm to
model these populations of evolutionary firms which are
charactenized by a collection of entities, which interact in
a dynamic environment. This paper aims to present a more
complete economic model and a multi-agent simulation of
this model. We thus propose an economic model which
integrates firms and organizational forms, and represents
the various relations between them: firm-firm, firm-form
and form-firm. So, the model defines the relation between
1) the micro level which 1s represented by the firms, and
2) the macro level which is represented by the
organizational forms. It is then used to show:
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= how do vanations of the firm’s parameters affect the
organizational forms?

= how do variations of organizational forms influence
the firms?

= how do firms interpret these influences?

It is therefore necessary to first model the firms and
then the organizational forms.

This paper is organized in four sections. In the second
and third sections, the model of the firms and their
representation by a multi-agent system are presented. The
fourth section defines and models organizational forms. It
also describes and models the interactions between the
firms and the forms.

2 Firms

The proposed model defines a set of firms in competition.
They interact indirectly via the market. It 15 the result of
an extensive research which was conducted on a
representative  sample of manufacturing firms. The
database 1s collected by the French MNational Bank
(Bangue de France). Each firm aims to improve its
performances. It observes the performances of the others
in order to deduce their strategies. It chooses a suitable
strategy according to its local context and the global one
(its perception of other firms in the same market). In this
model, a firm is mainly characterized by:

» X is a set of resources which are represented by an
array of variables. They represent a firm's bundle of
resources and competencies.



» Y is a set of performances which are represented by an
array of variables. They depend on X.

= K is the amount of the available capital.

* B is the R&D budget. It corresponds to the flow of
investment a firm disposes for improving its stock of
resources and competencies (X variables).

A firm is also characterized by a set of strategies. A
strategy defines the priorities of the resources.

The budget is thus allocated to the resources according
to their prioritics and a method of assignment. For
instance, a strategy may affect the maximum of the budget
to the resource with most priority over the others or only
part of the budget (one unit of the resource).

3 Firms as Agents

In our multi-agent model, each firm is represented by an
agent. This agent has two main behaviors: perception and
deliberation.

3.1 The Firm Perception Behavior

The perception manages the interaction between the firm
and its environment (the market and the other firms). It
allows the firm to observe the evolution of the market and
then to build a representation of the competition.

The observable data are the ones shown n the market
such as the performances of the various firms. An
clementary competition model can be therefore defined by
the following data: the best, the average and the worst
performances of the population of firms.

3.2 The Firm Deliberation Behavior

The deliberation behavior follows the following steps:
* Determination of relative performances.
= Calculation of the new capital and budget.

= The choice and application of a strategy i.c.
modification of X.

* Calculation of the new performances.

After the update of the competition representation
which is provided by the perception behavior, the
deliberation process calculates the performance indicator
V. The latter corresponds to a relative performance
evaluation of a firm in relation to both its past and the
market. It takes into account several factors: 1) the firm’s
profitability in comparison with the average value in the
market; 2) the evolution of the firm's profitability from t-1
to t; 3) an index that gives a premium for the best market
performer at time t; and 4) the evolution of the firm’s
market performance from t-1 to t.

V is used to update the internal parameters such as
the capital and the budget of R&D.

K. =Mk VL)
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where r is the unspent budget of R&D resulting from
the precedent period.

A decision process chooses then a strategy to update
the resources (see following section). After their variation
by the strategy, the resources X are transformed according
to the Lisrel model to obtain performances Y. The Lisrel
model corresponds to a statistical test on 50 French
industries of the relationships between the resource
variables and finm performances. For more detail of the
Lisrel model, see (Durand and Guessoum, 1999).

Another characteristic of the firm activity is the exit
rule. If a firm's capital decreases too much due to
successive poor results, the firm may stop its activity. In
our experiments, we set the following exit rule:

If (K; < 1/3 K, then exit.
Where K is the initial capital of the firm.

3.3 The Firm Decision Process

The selection of a strategy is the result of the decision
process. Several mechanisms can be used to represent this
decision process: inference engine, case based-reasoning,
classifiers, etc. We distinguish two kinds of mechanisms:
reactive mechanisms and adaptive mechanisms.

Reactive mechanisms are based on a fixed set of rules
which are provided by the designer before run time.

Example of rule:

if (V,=V.,;) <0 then strategy_|

Adaptive mechanisms deal with the dynamic
variations of the firm environment (market and other
firmg). Each firm builds a symbolic internal representation
of its environment. This representation and the internal
state are then used to determine the strategy. To build
dynamically the decision rules, we used a classifier
system. A classifier is defined by :

[context] [strategy] reward

The context integrates internal data (K, X, V,...) and

data of the competition (Y_min, Y_average, Y_max).

Example:

Classifier 1:

[K = 500, V = 0.4

X ={(2,1,5.3.4,8,6,2,1,1,3}

¥ Min {33,12, 45.11, 70.90)
¥ Max {35.2, 52.2, 76.1}

¥ average {34.1, 49.6, 75.7}]
[Strategy= strategy 1]

s= 0.5

The initial classifier list is empty. The basic execution
cycle of our classifier system is (see Holland , 2000).



- Perception of the market and definition of the
current context C.

- € is compared with the context parts of all
classifiers of the current classifier list. The
matching classifiers form a match set. If no rule
matches C, create a new classifier with the context
C. The choice of this classifier strategy is random.

-  Select the best classifier Cl out of the matching
set,

- Execute Cl's strategy.

- Reinforce CI.

The matching function of two classifiers (with
contexts Ci and Cj) may be defined as follows:

(w,[K,- K |4 zikl- [Xa- X, | +w[Y_min- ¥_min |
=1
+w,|Y_max - Y_max | + w,[Y_average - Y_average |) <s

L]
with Zwr =1, n=Nbresowrces, s =0.1is g threshold.
=1
The reward is incremented (decremented) if the
application of the strategy improves (decreases) the firm
performances.

3.4 Experiments

To implement the proposed model, we used the platform
DIMA (Z. Guessoum and J.-P. Briot, 1999). The latter
provides a library of JAVA classes which have been
reused easily to build the various agents.

For the wvalidation of the implemented multi-agent
system, we carried out several experiments with reactive
and/or adaptive agents. We considered a population of 600
firms of which the half is adaptive and the other reactive.
The two subpopulations have the same parameters at the
beginning. Their difference resides only at the level of
their decision-making processes.
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Figure 1. Companson of reactive and adaptive

Figure 1 shows that adaptive firms are more powerful
long (middle)-term than reactive firms. This is explained
by the fact that they define their strategies according to
MOre Various criteria.

All the adaptive firms have a first difficult phase
however. The initial classifier list is empty, strategies are
chosen randomly. Their difficulties can be therefore
explained by this random choice of strategies.
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3.5 Discussion

During our experiments, we noticed that the death rate of
the affected firms increases in an environment where the
competition is strong. A firm leaves the market if it
presents behaviors of overexploitation and surexploration.
A firms can survive if 1) it consolidates its niches
(resources and constraints), 2) it changes towards a new
line of business, and 3) it is able to make competition in a
turbulent environment and establish a balance between the
capacities of exploration (research of new strategies) and
of exploitation (reproduction of existing strategies) -see
for more detail (Baum and Rao, 1999),

So, firms have to deal with the other firms but they
have also to deal with the organizational forms. Thus, our
initial model (see Sections 2) can be complemented in
order to take into account the relation of the firms with the
organizational forms.

4 Organizational Forms

Baum and Rao (1999) define organizational forms in term
of their fundamental characteristics: goals, relation of
authority, technology and strategy. A form gathers a set of
firms which have these same fundamental characteristics
and differ by secondary characteristics (a number and
size). Hannan and Freeman (1989) consider that
competition occurs between organizational forms rather
than between firms.

An organizational form is an abstract entity that
gathers a set of similar firms. Similar firms have similar
behaviors and similar structures.

A pood illustrative example of organizational forms is
in the book market. The district bookstores, the FNAC or
Virgin channels, and the completely online book delivery
services as AMAZONE are three  examples  of
organizational forms. At the beginning, there were only
some district bookstores and with the arrival of the
FNAC, for example, this kind of stores (little stores,
specific themes books) which didn't have the same
structures nor strategies as the FNAC (big stores,
different kinds of products: books, media products...) is
disappearing. The last type of organmizations is also
different, they offer the same services but on the net.

4.1 Form Model

The proposed firm model (see Section 2) is based on the
concept of strategy. Each strategy gives the variations of
the firm resources. The variations define the differences
and the similarities (in term of performances) of firms.
Firms may indeed be gathered according to these
variations of resources that are the results of the applied
strategies. A form is thus defined by:

® the resource variations,



» and the performances of the associated firms.

The resource variations are described as a granulation
of the global variation interval [0, 1]. 0 corresponds to no
resource variation and 1 corresponds to the allocation of
the whole budget to the resource.

Different techniques can be therefore used to
determine a granulation. We distinguish two main
categories: crisp granulation and fuzzy granulation. Zadeh
(2001) underlined that the fuzzy granulation is inspired by
the human capability to operate on, and reason with,
perception based-information. It provides thus a best
representation of the various variation classes and a very
good decision process.

Each variation of a resource can be thus described by
the following symbolic values: small, medium or big. In
our experiments, we use the same fuzzy granulation for
the various resources (cach element of X). This
granulation is defined and updated by an expert. He/she
can, for example, choose smaller fuzzy wvalues (for
example four instead of three values, see Figure 2).

Fach form is then associated to a vector of fuzzy
values. For example, if we consider three resources, the
fuzzy values (small, medium and big) may correspond to a
form that gives priority to the third resource.
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Figure 2: Example of granulation

Let's consider a set of K fuzzy values:
FZ= (fv,, fv, ..., fv,) and N resources. Each form fo
may be therefore associated to a set of N fuzzy values:

(fwj1, Bvja, ..., V) where fvg. | s FZ

This set of fuzzy values allows to determine the set of
firms which belong to a form (see Section 4.3).

The performances of a form are then defined as an
aggregation of the performances of the associated firms.

fo, _v=aggreg(Y1, Y2, Ym)

Where Y, _ are the performances of the M finms that
belong to this form and aggreg is an aggregation operator.
Different operators can be used (arithmetic mean, median,

minimum and maximum, ¢tc.).

4.2 Integrations of Firms and organizational
Forms

The relation between the two levels (micro and macro) is
expressed in our model by the fact that the organization of
firms produces indications (variations of resources) which
express their internal strategy. On the other hand, the firm
decision process relies on a representation of the
population of the organizational forms and their evolution.
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We thus introduce a new component which plays the
role of a glue between the firms and the organizational
forms. The architecture of our multi-agent system has
therefore three components (see Figure 3):

Figure 3. Firms and organizational forms.

- Micro component (Firms): an organization of firms
which have the capacity to perceive their environment
(market, organizational forms) and act continuously
according to their goals and the environment evolution.

- Macro component (Organizational forms): a
population of entities which represent the organizational
forms. This macro level provides the system (mainly the
population of firms) with a capacity of adaptation and a
capacity of self-organization.

- Micro-Macro component {Monitors): is represented
by a set of agents (called monitors). The latter realize the
coupling between the firms and the organizational forms.
They observe the firms continuously, establish a set of
varation and provide this information to the
organizational forms on one hand. On the other hand, they
perceive the population of organizational forms. The
perceived data is then interpreted by the firms and
exploited by their decision process. The monitors also
control the organization of the firms and the population of
organizational forms by adding new firms and new
organizational forms, and removing organizational forms
when needed.

The Micro-Macro interactions are described in more
detail in the next section.

4.3 Interactions of Firms and Organizational
forms

The interactions between firms and organizational forms
are realized by an organization of monitors. The
organization of menitors maintains the resource variations
and the organizational forms with their fuzzy values and
performances. Any modification of the firms is perceived
by the monitors, this modification is then used to
determine the associated organizational forms which adapt
consequently. For instance, the evolution of the firm
performances is used to update the performances of the



associated organizational form. On the other hand, any
modification of an organizational form is perceived by the
monitors and then propagated to the firm which may adapt
consequently. '

Moreover, monitors control the organizational forms.
So, they have two main roles: Interaction Manager and
Controller.

Interaction Manager. It manages the interaction between
a firm and the associated organizational form. It observes
the resource variations of the firm and determines the
closest form by using the fuzzy values. It computes the
respective grades of membership of the firm f to the
various forms fo

NS, fo,) =3 (FV, iAW N

where:
Fv, is the fuzzy value representing the resource k for
the form fo,
a,, is the variation of the resource k for the firm /|
] if A,<a ord, >=d
Bl
- if a<=4,<b
[(FV, (A )= e
‘. A 'F L I f:|r 'hl &= -I!:'I-LJ ‘:{:!
lﬂ.j_ Ffr ':Ir cll ‘:=&r_] -I::d.l
dn’ _fn'

a, b, c et d are the characteristics of the fuzzy value

Fv, (see Figure 4).
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Figure 4: Characteristic of a Fuzzy Value

The firm /belongs then to the form fo, such as:
M f, fo,)=max .. [105, fe,)
arnd
T S, fa, ) = thGm

where thGm is a threshold provided by the expert and
m is the number of organizational forms.

Some firms can be therefore attached to no form.
These firms are called orphans.

Controller. It controls the organizational forms. It adds
new forms and removes existing ones when needed. It
allows to create new forms when the performances of
orphan firms are high. The best firm f is therefore used to
create a new form. The fuzzy values of this new form are
determined as follows:
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For each resource k of the firm f and its variation A, , and

for each fuzzy value FV, e FZ, it computes the grade of
membership A, to FV as follows:

0 if A,<aord, >=d
b —-A
—= i a,<=A,<bh
v ia)=4. " "
=4
gkt if b <=mA, <e
A6
Tf:—_r_-J if ¢ <=4,<d

where a, b, ¢,and d, are the characteristics of the fuzzy
value FV,
The fuzzy value corresponding to 4, is FV, such as:

[(FV /A, ) =max , (TIFV /A, )

The set of FV,, is used to define a new form. The
controller computes the grades of membership of the
other orphan firms to this new form and updates
consequently the set of orphan firms and the new form.

Mew organizational forms can appear and existing
ones can disappear. Organizational forms are constrained
by their performances. So, when the performances of an
organizational form decrease too much the Controller

removes it.

4.4 Experiments

To deal with organizational forms, we extend the model of

adaptive firms proposed in Section 3. We enriched the

classifier context by data on the organizational forms.
Example:

Clasgifier f:
[K = 500, V= 0.4
¥ ={2,1,5,3,4,8,6,2,1,1,3}
Y={35.25, 52.33, 75.12}
¥ Min (33,12, 45.11, 70.90)
Y Max (36.2, 52.2, 76.1)
Y average(34.l, 49.6, 75.7)}
Form = Form 2, BestForm = Form 4
WorstForm = Form_6]
[Strategy= strategy 1]
8= 0.7

For the validation of the adaptation of firms, we
realized experiments with two kinds of adaptive firms (see
Sections 3.3 and 4.3) named respectively Adaptive and
AdapToForms. We considered a population of 900 firms:
300 reactive, 300 adaptive and 300 AdaptToForms. Figure
5 shows that adaptive firms are more powerful when they
deal with the whole context (Local context, competition
and organizational forms). The difference between the two
kinds of adaptive firms is significant (see series Adaptive
and AdapToForms in Figure 3).
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Figure 5: Comparison of reactive and adaptive firms

5 Conclusion

In this paper, an example of application of multi-agent
systems to the simulation of economic models was
presented. The proposed model of firms is very simple,
but it reflects significant characteristics of the firms.

The paper illustrated first the interest of adaptive
agents by comparing the performances of two populations
of firms: reactive and adaptive. Then, it showed the limits
of the economic models which represent a set of firms in
indirect interaction via the market without taking into
account the organizational forms. The economic model
was then enriched by introducing organizational forms.

Experiments with models integrating firms and
organizational forms have been presented and discussed.
They show that the organizational forms are useful to have
a complete model which provides novel insights on firm
dynamics and industry demography.

The obtained results are interesting and promising.
However, more experiments are needed to validate the
proposed models and architecture.
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