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Constructing and executing an agent-based model provides many advantages in comparison to 
traditional simulation approaches. Increased degrees of freedom in model design, possibilities of 
modelling behaviour in restricted, heterogeneous geographical and temporal context, etc. are only 
partial aspects of its great potential. Thus with agent-based simulation, means are available to actually 
test cognitive models of human decision making in an adequately rich, simulated environment. These 
efforts may finally result in detailed cognitive models that are grounded in reproducible, practical 
experience, in addition to abstract hypotheses and theories of cognition.  

On the other side, in the agent-based simulation community the need for well-defined and reliable 
cognitive models is growing as complex human behaviour has to be reproduced in real-world 
applications. Abstract models based on rational optimization, and/or game-theoretic models are not 
sufficient any more, if complex decision making in urban space has to be modelled for enhanced 
pedestrian simulations, or if complex dynamics of team work are to be reproduced.  

The workshop aims at bringing these two communities together, demonstrating the current state of art 
in both research directions and distilling from the discussions and working group results a common 
research agenda. 

 

Workshop organization 

The workshop will be organized as follows: the morning will be dedicated to paper presentations and 
discussions of these. After lunch we will reconvene to discuss questions in smaller groups and come 
up with researchable and fundable topics. These will be presented to the plenum as the highlight of the 
day. We intend to discuss questions such as  

• Why does cognitive science need good engineering practice in agent-based simulation?  
• Why do real-world applications of agent-based models really need complex agent models? 
• How to solve the problem of missing adequate data for empirical validation of such complex 

agent models?  
• How to determine whether a model is cognitively adequate or even "valid"?  
• Can agent-based simulations offer a viable path from single-agent cognitive models to multi-

agent cognitive models? 
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More than Cognitions: Practical Applications

need Psychological Modeling

Harald Schaub

IABG mbH, Human Factors, Ottobrunn, Germany

The analysis of teams and individuals in the role of current personnel, leaders,
as a problem, as a threat, as an executive, a risk factor or as a problem solver
has taken on increasing importance in a world of global networked threats and
challenges. The complex world confronts people with unusual and, until recently,
unthinkable and unexpectedly stressful and critical situations for which there
are no routine solutions. As a result, the demands on reasoning, planning and
decision-making capabilities are increasing rapidly.

The solution to this problem is to represent, in an understandable and us-
able way, the complexity, indeterminacy and connectivity of psycho-socio tech-
nical systems through modelling and simulation in such a way that the hu-
man response can be concretely simulated, but also so that people can inter-
act with these complex psycho-socio technical systems. In order to reach this
goal, methods, theories and results from many different branches of science have
to be used. The field of cognitive science represents the internal psychologi-
cal processes of human information processing (perception, reasoning, planning,
decision-making). Psychology, in addition to cognitive aspects, represents the
human processes of motivation, emotion as well as social interaction and com-
munication for information processing. Serious Gaming methods are being used
to efficiently implement a realistic, interactive 3D environment. This results in
simulations that contain scientifically reliable computer-controlled psychological
”agents” as interactive partners whose behaviour is configured to respond to the
potential and limits of the respective human user. The recorded personality char-
acteristics of a CEOs, political or military leaders relevant to current missions
considerably exceed that which has traditionally been collected in the field of di-
agnostics. Simulation based human-factors assessment tools record and evaluate
capabilities such as the ability to deal with complexity and indeterminacy.



4.2 Future Work

The model envisioned in the application scenario above requires several extensions of 
the existing model: Currently all park furniture affords an activity equally well. 
However, there might be differences in the perception of these affordances, such that 
e.g., the affordance for_reading of a bench is perceived to be a better fit than the same 
affordance of the lawn.  This would require a rating or bidding mechanism to be 
included in the reasoning of the agent.

As discussed before, we are thinking of introducing a special agent class for 
children. Children have different behavior patterns than adults and the notion of 
personal space is very different. For a complete and reliable model we certainly will 
have to develop this further. The Group behavior model as described in section 2 
needs to be implemented for adults and children as well. We are currently 
implementing the group behavior as boids model. We will have to determine if this is 
the best solution.

Currently, we cannot model trajectory perception, i.e., in reality, when humans 
walk towards an object, and see another person walking towards the same object,  then 
one of them will decide relatively early to choose another object or to keep on 
walking. This ties into the perception of actions (Mark, 2007) and their consequences, 
which requires temporal reasoning capabilities of the agent. At the moment no simple 
solution has been found for this problem.

Our agents at the moment come into the park without any pre-conceptions. It 
would be interesting to implement a pre-selection of the chosen location (which 
would be analogous to the agent having a coarse mental map of the park) or a ranking 
of locations according to stored behavior patterns and intentions of the agent. 
However, this extension of the model requires a set of spatial reasoning primitives and 
structures that do not (yet) exist in SeSAm. We are working with the developer’s 
group of SeSAm to incorporate more spatial primitives and structures into the multi-
agent system.

On the theoretical side,  we aim at deriving from these case studies the smallest set 
of spatial functions/primitives that needs to be included in a simulation environment 
for park design and management. We have identified that topological concepts need to 
be included or modeled explicitly,  i.e., the nearness relation, spatial overlap and 
include relations. See Timpf and Klügl (2008) for a systematic investigation of needed 
geo-concepts.
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Simulating Coping Processes in Critical
Situations - An Agent based Approach

Régis Newo and Klaus-Dieter Althoff

University of Hildesheim, Institute of Computer Sciences,
Laboratory of Intelligent Information Systems
Email: newo|althoff@iis.uni-hildesheim.de

Abstract. How does someone react when he faces a critical situation
in his life? In this paper we present an agent-based model for simulating
people’s behaviours in those particular situations. Coping strategies are
at the heart of our model and we use some strategies developed in the area
of psychology. We show the first step of our implementation architecture.
We are currently implementing our model by means of a multiagent
system approach, realized by distributed knowledge-based systems with
a specific focus on case-based reasoning technology.

1 Introduction

In our everyday life, we consistently face situations which pose more or less im-
mense challenges. Examples can be the breakup with a partner, the loss of a job,
an illness or even the death of a relative. As different as those challenges can be,
the reactions of the persons who are facing the same kind of challenges can be
very different as well. The problem consists in finding out, how someone reacts
when he/she faces up a given challenge. The problem being a psychological one,
there have been many research groups in psychology working in that direction,
beginning in the early 1960s [11, 9, 8]. They developed psychological models and
paradigms in order to represent and analyse people’s behaviours when he/she
faces any serious difficulties. They developed theories, software-based models,
and simulation approaches for that purpose. There have been many approaches
in the past in order to model and simulate those skills from a psychological point
of view. The main drawback of those approaches is that they always follow given
guidelines, which are not always adequate to persons.
In this paper, we present an agent-based approach for the representation and
simulation of human behaviours in critical situations. For this purpose we devel-
oped - in cooperation with Werner Greve (Institute of Psychology, University of
Hildesheim1) - the SIMOCOSTS (SImulation MOdel for COping STrategy Selec-
tion) model. In the SIMOCOSTS project we are actually aiming at a threefold
goal, namely (1) developing a research software tool for supporting psycholo-
gists, who are working on cognitive modeling and learning as roughly described

1 http://www.uni-hildesheim.de/psychologie/mitglieder/werner_greve.htm



above, in their research work, (2) realizing what we call ”collaborative multi-
expert-systems” (CoMES; see below) [2], and (3) instantiating the SEASALT
software architecture [4] we developed in our research lab as a first step towards
realizing CoMES. We elaborate in this paper how we intend to implement our
simulation.

In the next section, we will shortly introduce CoMES and SEASALT and discuss
related work. In Section 3, we describe the SIMOCOSTS model, its function-
ality, the developed knowledge representation and processing. The status of its
implementation is elaborated in Section 4. Finally in Section 5 we give a short
outlook on relevant future work.

2 Background and related work

In this section we shortly explain the underlying CoMES approach and its first
instantiation via the SEASALT architecture. Furthermore, we present related
work from the areas of cognitive architectures and coping processes which can
also be found in [12] and [10].

2.1 Collaborative Multi-Expert-Systems

Collaborative Multi-Expert-Systems (CoMES, see also [2]) denote a new research
approach that is both, a continuation of the well-known expert system approach
and a research direction based on the ideas of case factory and knowledge-line [3].
In the knowledge-line concept we systematically apply the software product-line
approach [13] from software engineering to the knowledge of knowledge-based
systems. This enables the necessary ”knowledge level modularization” for build-
ing potential variants in the sense of software product-lines. The modularization
can be achieved by making use of multi-agent systems [7, 14] as a basic approach
for knowledge-based systems. An intelligent agent - as a first approximation - is
implemented as a case-based reasoning (CBR) system [1], which, besides case-
specific knowledge, can also include other kinds of knowledge. Each CBR agent
is embedded in a case factory that is responsible for all necessary knowledge pro-
cesses like knowledge inflow, knowledge outflow as well as knowledge analysis.

A Case Factory (CF) is a (virtual) organizational unit that emulates the well-
known experience factory approach [5] from software engineering. Each role
within an experience factory motivates the introduction of one or more soft-
ware agents for carrying out automatable (sub-)tasks more and more indepen-
dently. Like the CBR agents, the associated respective CF agents are intended
to learn from experience. For example, they could implement machine learning
techniques for analyzing, evaluating, and maintaining the case base of the CBR
system agent. While many early (and also some current) expert systems had the
problem of acquiring and maintaining their knowledge, the underlying idea in
CoMES is to ”develop CoMES where knowledge is produced”.



Fig. 1. The SEASALT Architecture

2.2 Sharing experience using an agent based system architecture
layout

A first step towards realizing the CoMES approach is the SEASALT (Sharing
Experience using an Agent based System Architecture LayouT) architecture [4].
The architecture can be vertically split in two parts (see Figure 1). On the left
hand side we have the knowledge provision (i.e. the domain specific knowledge is
stored and used for the implemented application in that part). On the right hand
side we have the knowledge acquisition (i.e. the needed knowledge is acquired in
that part via experts or communities). For the current stage of the SIMOCOSTS
project we focus on the knowledge provision part only, mainly because we have
to know which knowledge a person needs in order to solve a given problem and
how he/she uses it. The knowledge acquisition part will be done by psychologists.

2.3 Psychological Background for Coping Strategies

In one area in psychology, one especially wants to know how people react in
particularly stressful situations (also called critical situations). One does not
only want to know which reactions result from the fact that the person notices



the critical situation, but also which coping strategies lead to those reactions
and which factors affect the choice of the coping strategies.
The coping methods are very important, because it helps us to classify the
reaction of the person. One of the most recent theory on coping strategies is
from Brandtstädter and Greve [6]. It is based on the fact that intentions are a
key part of psychological theories of action. Except for knee-jerk or automated
behaviours, human actions are motivated by intentions (e.g. start a family).
When somebody faces a critical situation (e.g. his/her partner wants to break
up), his actual state strongly differs from his goal state (i.e., his intentions). In
order to solve the problem, the person essentially can use one of the following
three forms of coping processes:

– Assimilative processes: the strategy here is to solve the problem by working
directly on the actual state. That is, it is an active art to work through
a problem, in which the person uses the available resources in a problem
oriented way. The available resources can be the person’s own resources or
external ones. In our example, the person would try to find a way to convince
the partner not to break up.

– Accomodative processes: this strategy is used when the person believes he
can not change the actual state (i.e. solve the problem) by himself. He then
tries to adapt his goal state such that the discrepancy to the actual state can
be diminished. In our example, the person could think that being a single is
actually better than having a family.

– Immunizing processes: in this case, the person just ignores the discrepancy
between the actual state and his goals. He can for example perform actions
that diminishes the meaning of the discrepancy.

Most of the time, a person does not intentionally apply a given type of
process. The person rather just try to find out, which strategy would be the best
for him at the moment (depending on his capabilities, environment, etc.). The
chosen strategy can then be evaluated to belong to one of the given processes
by experts.

3 A Simulation Model for Coping Strategies

We present here our model SIMOCOSTS (SImulation MOdel for COping STra-
tegy Selection), shown in details in Figure 2, for the simulation of process-based
problem solving [10]. The model is based on the psychological theories developed
by Brandstädter and Greve.
One main difference between our simulation approach and other ones consists in
the fact that all the other view the respective persons as normal agents. In our
model, each part is represented by an agent. That is, we have agents that can
contain further agent, the so called holonian concept. The main parts (agents)
of a person include the characteristics of the person and of his environment as
well as his coping strategies for critical situations. A detailed description of the
model can be found in [10] and [12].



Fig. 2. The SIMOCOSTS Model

4 An Implementation Architecture for the Simulation of
Coping Strategies

The model in the previous view was developed from a psychological point of view
and can not be directly used for an implementation. In this section we present
the implementation architecture of our simulation tool. With our architecture,
we aim to represent how we in fact are going to implement our system. The
main idea of our architecture is based on the fact that each person has some
goals that he wants to achieve. In our scenario, a critical situation occurs when
there exist some facts that prevent the person from reaching those goals.
We will implement those goals by using the so called practical reasoning agents
paradigm [15], which is based on the Belief-Desire-Intention (BDI) principle. The
main particularity of such agents is that they achieve their goals in two steps.
First, they deliberate in order to exactly define what their intentions are, based
on the defined goals. Second, in the means-ends reasoning step, they then try to



Fig. 3. The Implementation Architecture of SIMOCOSTS

find a way to achieve the intentions.
The input of our system is a situation (which should judged as critical), and
the output contains the computed plan as well as some explanation for the
plan. The experts will then use the explanation in order to tune the simulation.
Our architecture, presented in Figure 3 consists of three main parts which are
elaborated in the next sections.

4.1 Knowledge Base

The knowledge base consists of all the general knowledge that can be helpful
while loosing the problem. That knowledge include skills, material and/or social
environment, etc. We plan to use different case bases for the distinct parts of the
general knowledge needed (e.g. skills). The cases in a case base represent the pos-
sibilities that we will insert into the system. Those possibilities are needed if we
want to simulate different situations. They also represents the new possibilities
that will be learned by the system.

4.2 The Strategies

In our architecture, the strategies represents the actions (in analogy to BDI
agents) that can be used for the computation of the plan in the means-ends
reasoning stage. These actions mostly have an impact on the knowledge base
defined earlier (e.g. the acquisition of a new skill) as well as on the internal goals
(i.e. adaptation of the goals). Both facets need to be taken into account while
”designing” the strategies. We plan to implement those strategies as rules in a
case-base reasoning system. Such rules would able to adapt our knowledge base
to the new circumstances.



4.3 The (internals) Goals

The initial goals of the person are the initial beliefs of the agents which are used
for the computation of the intentions when a critical situation occurs. At any
time, each agent wants to fulfill its (long or short term) goals. That means, each
agent is responsible for analyzing if its goals are still reachable (i.e. there is no
critical situation). This can be done by analyzing each incoming situation and
identifying, if there is any conflict with its goal. Since the goals depend on many
factors we will implement the goals as cases in a case-base reasoning system. A
strategy would either try to adapt the cases in the goal’s case base or adapt the
knowledge base such that the facts in the goal’s case base remain or become true.

4.4 Classification of the Architecture

Our Architecture follows the principle of the CoMES approach introduced in Sec-
tion 2.1 and leans on the SEASALT architecture which we presented in Section
2.2. The important point consist in having a knowledge line in our implemen-
tation architecture which contains the three parts presented above. In fact, the
knowledge line in our architecture can be seen as all the informations needed to
represent a person. We thereby achieve the reusability which is important while
developing a knowledge line in terms of CoMES.
We are actually implementing a knowledge base (following the knowledge line
approach) for a fixed example, because it is nearly impossible to implement a
complete knowledge base for a person. The chosen example is about the break-up
of a partner when the person wants to start a family.

5 Conclusion and Outlook

In this paper, we presented an architecture for the implementation of the simula-
tion of coping processes. After the introduction of the CoMES approach and the
SEASALT architecture, we presented our SIMOCOSTS model for the simula-
tion of coping strategies. We then presented the architecture that will be used for
the implementation of the simulation. Our implementation will be based on two
main technologies, namely case base reasoning and multi-agent systems, while
following the CoMES approach.
Further work include an accurate specification of the knowledge base an its im-
plementation as well as the implementation of strategies and goals for given
examples.
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Abstract. Validity is the most important aspect of an agent-based sim-
ulation model. The intrinsic multi-level property found in Multiagent
simulations offers new ways of validation. Immersion provides the oppor-
tunity for a person experiencing ”living” in the simulated environment.
However, without appropriate support from the underlying modeling and
simulation environment, this potential is not available.
In this contribution we introduce a tool that enhances the modeling and
simulation platform SeSAm by a so called ”agent interface” that allows
to couple an external graphical interface to one particular agent. Using
this external program, the virtual environment can be visualized appro-
priately and actions from a human can be recorded and transferred back
into the running simulation. A small minority game is used to demon-
strate the usefulness of this overall setting.

1 Introduction

Agent-based simulation forms a highly attractive modeling and simulation para-
digm. Simulating systems with properties like heterogeneity of decision makers,
with necessary flexibility of local behavior adaptation or social interactions be-
tween entities, is hardly possible using another modeling and simulation tech-
nique. However, the validation of agent-based simulations poses challenges in
such domains, because the volume of reliable empirical data is often too small
for systematic data-driven validation. Therefore qualitative, or better said, sub-
jective evaluation of the ongoing behavior and output is an essential part while
validating agent-based simulations.

In this contribution we introduce a new tool for constructing interfaces for
qualitative user-centered validation. The basic idea is that the evaluation of an
agent’s behaviour is done from a perspective that the stakeholder is familiar
with. Especially when human behaviour is simulated, an ego-perspective from
within the real multi-agent system is considered to be better than a birds-eye
perspective. An important requirement for the success of such an approach is



that the model itself needs only marginal changes when introducing the interface,
or the connection respectively.

The paper is structured as follows: In Section 2 and 3 we review related
work. SeSAm and the enhancement “agent interface” is introduced and descriped
briefly in Section 4. In Section 5 we illustrate how this interface can be applied
to a simple game-theoretic scenario where subjects have to find out which of the
other agents is played by a human. In Section 6 we conclude our paper and give
an outlook on future work.

2 User-Centered Validation

Involving human users in agent-based simulation is particularly interesting for
several reasons: Firstly, it forms an intuitive, direct modeling paradigm where the
original system is naturally conceptualized as a collection of actors. A modeler
may take the role of an actor and specify the agents behavior from his personal
point of view, i.e. an ego perspective of the domain, thereby easing the process
of model creation. Secondly, domain experts, i.e. stakeholder, can be involved
more closely in the modeling tasks, since the basic model structure is more
understandable than, for example, models based on complex math.

The main argument is the advantage of having an inside view. Humans may
interact with agents, they share their perspective, they observe the environment
alike and are even able to perform actions within the model. The variety of
possible interactions between human user and agent-based simulation is therefore
higher than in macro or abstract simulations where only one level, namely the
aggregated level of observation and parameter manipulation is possible.

3 Qualitative Validation

Due to its importance, validation in general plays a central role in publications
concerning simulation. See [1], [2], [3] – for agent-based simulation in particular
[4] – and any other textbook about modeling and simulation, for descriptions of
techniques, guidelines, etc. Ensuring that the behavior of the overall system and
each single elements is plausible or seems to be valid, plays an important role in
the early phases of modeling. Using human experts for evaluating plausibility of
an already designed and implemented model is a procedure that has been seen
as inevitable for long. [1] advises to do this in an organized and systematic ways
using “Reviews”, “Audits”, etc. This is also known as “face validation”.

In agent-based simulations, the application of human expert knowledge has
been focussed recently – especially in application domains with notoriously lack-
ing empirical data. Examples are the Stakeholder approach [5], Companion mod-
eling [6] and integration of Role-playing games [7]. Stakeholder and companion
modeling approaches is merely based on an early integration of managers and
domain experts into the modeling and simulation project. Applying Role-playing
games enables eliciting the interaction and behavior of agents in human driven



domains. Stakeholders that participate in a classical Role-playing game can be-
have as their role demands and interact with others according to their deep
knowledge of the system.

In [8], immersion into virtual reality was suggested for validating pedestrian
simulation. Unfortunately, the authors discovered that irrelevant features deter-
mine the level of credibility, like if a passing agent is beckoning to the human or
not. Whether this is a general problem or a problem of their experimental setup,
is unclear.

4 SeSAm and Agent Interface

Validating an agent-based simulation from within needs a more sophisticated tool
other than supporting just a mere model implementation. Before describing our
experiments we briefly outline some details about the tools we have developed
so far.

4.1 SeSAm

Elements of the SeSAm System SeSAm provides a platform for imple-
menting and experimenting with agent-based simulation models using a visual
modeling language; starting from the basic elements of the model, namely the
structure and dynamics of agents and their environment, to possible configura-
tions, instrumentations and experiment descriptions. The model is interpreted
and put into a dynamic context for simulation. Output can be animated or stored
as text files. Being able to build user interfaces that allow a human to control
an agent within the simulation was a recent enhancement. More information on
the current version of SeSAm can be found on www.simsesam.de or in [9].

Basic Model Representation The high-level modeling language of SeSAm
consists of elements on different levels:

– Primitives and data structures form the basic language elements like in any
other programming language. Primitives and data structures may be built-in
or user-defined.

– Static structures are the description of the structural composition of the
system: entity and environment classes, state variables and their domains
describing the entities’ bodies, etc.

– Configuration of the initial situations including descriptions of a number of
instances and start values for each instance, its positions, etc.

– Description of dynamic reasoning as the specification of agent and environ-
mental behavior.

– Meta-level characterization descripe what to do with the model: experiment
scripts, model instrumentation, visualization, etc.



4.2 SeSAm - Agent Interface

In this contribution, we want to describe our new development the “agent play-
ing” framework. It forms the logical advancement of interactive simulation runs
based on model-specific interfaces which can be developed using a built-in GUI
builder. In the latter, a birds eye view combined with dynamic diagrams showing
aggregated data may be used for monitoring and controlling the model dynamics
from the outside. In contrast to this, the agent playing framework enables the
“immersion” of a human into a multi-agent simulation by providing the foun-
dation for an ego-perspective view combined with opportunities to control the
observed agents.

Requirements Other requirements, beside the possibility of an ego-perspective,
were identified as well:

An important criterion during development was the ability to reuse and en-
hance finished and running models. Only minimal changes on the part of the
SeSAm model should be needed. In addition the same model should be run-able
without an accompanying agent interface.

A mechanism is required that is capable of translating the model data, e.g. the
current state of an agents paramters, to perceptions that resemble real domain
data. The human using the interface should be able to control the agent that he
is “playing” in a familiar way.

More than one agent may be controlled by a human concurrently. Agent
interfaces should be manageable in parallel thereby allowing interactive simula-
tions in which a group of humans, each one with having its own agent, take part
simultaneously in a simulation run.

When providing timely perceptions and in return transmitting control in-
put of the human, a correspondence between simulation advance and real-time
dynamics is required.

Architecture The “agent playing” framework consists of two parts (see also
[10]): enhancements on the part of SeSAm and an “agent interface” – a spe-
cialized piece of software that visualizes the agent’s perceptions and returns the
input back into the simulation.

– SeSAm models have to be extended with primitive calls, sending and re-
questing all information marked as necessary.

– An additional program has to be developed that receives the information
from SeSAm and visualizes this information appropriately. This program
may also interpolate between two sets of information – for example visu-
alizing a smooth movement in a discrete world. It may be used for mere
observation, but also for controlling the agents by collecting the commands
from the user and thus forcing the agent to do what the human wants the
agent to do.



The general architecture of the “agent playing” framework is depicted in Figure
1. It is basically a client-server architecture with the individual agent interfaces
as clients and the running simulation serving as a server.

Fig. 1. Overview of the SeSAm system with the “agent interface”

In the SeSAm system the simulation provides the agents with a virtual time
and environment. The system is enhanced by a server instance that manages
all connections to the agent interface outside of SeSAm. An agent interface is
implemented for directly serving the visualization of the agents environment.
One unique agent is connected to the interface program. Arbitrary many agents
can be viewed and played using such an external program. We use plain XML
messages over TCP/IP for data exchange.

Information Transfer After starting the SeSAm simulation, for every agent
that is configured appropriately, an instance of the external control and visual-
ization program needs to be started and connected to the simulation.

In the SeSAm model, the modeler completely specifies in what situation,
which kind of information should be transferred and all conditions where input is
needed from the interface. Two primitives serve this purpose: sendInformationToInterface
(information push) and getInformationFromInterface (information pull). In
the latter a default value is specified, thus allowing the simulation to be run even
if no interface is connected with an agent.

The information transfer protocol is done in a standardized way based on
XML. Two examples of sending and receiving from distinct models are shown in
Figure 2 and 3. While sending is buffered, retrieving input from the interface is
synchronous; mainly because the simulation can’t proceed without the concrete
input data. In time critical simulations the client has therefore to respond in



a timely fashion, which can be done using multi-threading, pre-computation of
values, etc.

<perception mode="push" time="12:34:11" tact="4"
<simobject id="self">

<item label="x" type="Number">
<value>100</value>

</item>
</simobject>
<simobject id="Agent@001">

<item label="x" type="Number">
<value>90</value>

</item>
<item label="y" type="Number">

<value>10</value>
</item>
<item label="state" type="String">

<value>prey</value>
</item>

</simobject>
</perception>

Fig. 2. An example of a XML message sending data to an agent interface.

<perception mode="pull" time="12:34:11" tact="4"
<simobject id="self">

<item label="gotoBar" type="boolean" />
</simobject>

</perception>

Fig. 3. An example of a XML message retrieving data from an agent interface.

5 The El-Farol Bar Testbed and Results

We used the El-Farol Bar [11] problem, a well known minority game, as a testbed.
Agents repeatedly decide whether to spend an evening at the bar or stay at home.
Going to the bar only pays off if it is not too crowded. Otherwise staying at home
results in a higher utility. More precisely, we used the following payoff rule: in
case more than 60% decided to visit the bar, the agents staying at home are
awarded; else the agents in the bar receive the award.



The task of the human participant was to determine which one of her co-
players is played by another human and not to play successfully. One experiment
lasted 30 rounds, resulting in 30 decision-payoff cycles.

We used two modi: observe-only and interactive. In the first case, the subject
only observes the agents selection: wether or not they decided to go to the bar.
In the second case she also controls an agent and thus may try to force the other
agents to react in a human-like way, making discovery of the one human-played
agent more easily.

5.1 Experimental Setup

For the experiments we used 4 agents – in case the subject is actively partici-
pating 5 agents. The subject does not know what strategies the artificial partici-
pants use, they were not informed beforehand. We provided the computer-played
agents with the following strategies:

– Random
– Best 10 : During the first 10 rounds, the agent collects experiences, afterwards

it selects the best alternative from these 10 rounds.
– Adaptive: The probability of selecting the bar is the number of successful

bar selections divided by the number of all selections.

Fig. 4. Interface for observing the selection of the agents and for controlling the agent
“Sergio”.

In both variants 17 subjects played the game, each one with over 30 decision
rounds. Figure 4 shows a screenshot of the agent interface. After both exper-
iments, the subjects answered questionnaires about which agent is played by
the other human and how sure they were concerning this guess and why they
selected the particular agent.

5.2 Results

While being an observer 47% of the subjects actually discovered the human
player, as a co-player 35% were successful. Also the self-confidence in the picking



the right agent was lower compared to the second case: 59% were unsure and
severely unsure in the observer case, 77% in the participant case. 48% evaluated
the game as difficult and very difficult in the observer case and 71% in the
interactive case. The question concerning how much fun it was to play was
answered very heterogeneously. No clear tendency could be found.

Unfortunately, the results were not as we expected. We thought the minority
game seems to be quite simple and the small number agents could easily be
manageable. We expected a higher discovery rate when the subject was partic-
ipating, since the game could be influenced by her decisions. We assumed that
the subject could derive from the agents reactions to her own decisions which
one is played by human player or the computer. However, our experimental
data didn’t resemble this assumption. We claim that the complexity of solving
two tasks – selecting an option himself and concurrently observing – makes the
decision-making much harder.

6 Conclusion and Future Work

In this contribution, we introduced an enhancement of the multi-agent simulation
platform SeSAm, that allows humans to interact with agents in an ongoing
simulation. The agent interface architecture supports external – highly model-
and agent-specific graphical interfaces for visualization and manipulation – into
a multi-agent model without major model modifications. There are only three
primitive calls to be made: a call for establishing the connection, a call or set
of calls for repeatedly sending the environmental information that the agent is
able to perceive to the interface software and primitive calls for collecting the
relevant information for controlling the agent in the simulation. The latter could
for example be a velocity or direction value or an action tag.

In applying this generic interface to a model, a human is integrated within the
simulation and shares the perspective of an agent. The human tester may observe
the artificial environment from the same point of view as he does in reality.
Consequently, the qualitative validation of the simulation model is facilitated.

There are still technical problems resulting from the xml-based information
transfer. Since XML is not a very condensed, it takes too much time and band-
width for network transfers – notably due to rich perceptions in rich environ-
ments – much data has to be send and processed.

Upcoming work will focus on testing agent interfaces on different models
where this kind of qualitative simulation seems rather attractive, namely pedes-
trian simulation. We already made first experiments in providing an interface
for the simulation of a railway station. However, the spatial representation of
connected 2D areas did not support the 3D view of the interface. Therefore
we could not come to a point that allowed us to make reasonable statements.
Currently we are re-designing this model for more appropriate representations
using agent interfaces. The MoS research centre at the Örebro University owns
a virtual reality cave that is available for our tests, therefore we will especially
focus on 3D agent interfaces in the future.
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