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Abstract 
 

 

A system which has the ability to take a flexible autonomous action in a dynamic, 
unpredictable and open environment is referred to as an agent. Agent technology has a 
great impact on all spheres of society. For instance, agent technology is being applied 
within the area of ambient intelligence, which has become one of the most dynamic, 
demanding and exciting domains of computational sciences nowadays. The ambient 
intelligence domain, aimed at having a ubiquitous computing environment with the 
focus of providing invisible support for humans, can play a vital role in future 
developments. 
 
The goal of this PhD thesis is to contribute to the domain of ambient intelligence by 
means of the development of ambient agents that are aware of the various 
characteristics of humans as well as their mental processes and states. Using this 
knowledge, ambient agents can provide highly personalized and dedicated support for 
humans, for instance to support them during decision making. In this PhD thesis three 
human aspects are considered, namely adaptivity, emotions, and rationality. To come to 
ambient agents that are able to understand these processes, models that represent the 
human processes have been developed and incorporated within ambient agents. These 
models are based on well recognized theories that are available in different disciplines, 
such as biology, neurology, psychology, and sociology. The goal of this PhD thesis is to 
determine a way in which such models of human processes can be developed, as well as 
to develop measures using which they can be evaluated. For this purpose, first, a variety 
of approaches is explored to design ambient agents equipped with the awareness of a 
human’s cognitive and affective states. The models designed and analyzed in this 
dissertation indeed show that ambient agents can be made aware of various 
characteristics of humans and their environment. In particular three levels have been 
explored: the cognitive level, the neurological level, and the level of interaction of the 
human with the environment. For the cognitive level, it has been shown how beliefs, 
desires, intentions, emotional states, and visual attention can be modeled. From the 
neurological perspective, models for mirroring, inverse mirroring and false attribution 
of self-generated (e.g., manual or verbal) actions to other agents have been developed. 
With respect to the interaction of the human with the environment, the ecological 
domain has been addressed, which covers the background for modeling an ambient 
agent that can reason about environmental dynamics. Secondly, to introduce measures 
through which the ‘human likeness’ of the proposed models can be assessed, a 
nontrivial question is addressed, namely whether the agent is behaving rationally in a 
changing environment or not. For this purpose, in this dissertation two rationality 
measures are introduced, which prove useful to evaluate the behavior of the proposed 
model. 
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1 Introduction 

The human species is undoubtedly the most intellectual species in the universe and its 
mind assumed to be the most complex machinery known to science. Taxonomically 
humans are known as Homo Sapiens [35, 37], which is a Latin word and its meanings 
are “wise man” or “knowing man” [14]. The human brain is capable of abstract 
reasoning, language, introspection and problem solving [43]. Moreover a person [4, 19] 
is constituted through the thought processes of the human such as self-awareness, 
rationality and sapience [3, 43, 49]. A human’s urge to know drives it to think about the 
environment he is surrounded by, and to keep on making the environment more and 
more suitable, comfortable and useful for himself. For example, humans have learned 
how to produce fire by rubbing stone, but after that this technology reinforced the power 
of humans to start thinking about how fire could be reproduced by other means in a 
better and safe manner, which at last led them to make “matches” from wood coated 
with sulfur or phosphorus. So not only the human’s personal urge forced him to advance 
the technology, but this technology has its own feedback effect on the human’s urge 
(Figure 1). 
 

     
Figure 1. Human and Technology Cycle 

Even having all excellent abilities, there are some natural limitations of a 
human being which are impossible to overcome by a human alone. For example, a 
person cannot work day and night without having any tiredness, loss of concentration, 
decline of motivation, and ending up with lot of stress (Figure 2). So, to keep up with 
the demands of human progress and to maintain the speed of technological 
advancement and its reinforcement, it is required that there must be some supportive 
mechanism which can bridge the gap between the limitations of humans and their 
personal needs. This supportive mechanism can be produced by developing supporting 
ambient agents: artifacts around humans that support their functioning. 

Developed 

Reinforced 

http://en.wikipedia.org/wiki/Sulfur�
http://en.wikipedia.org/wiki/Phosphorus�


Chapter 01                                                Introduction 
 

Part I 
Introduction Page 4 
 

 
Figure 2. Life of Human in technological era 

1.1 Modeling a Human 

As discussed above, an ambient agent can be used to bridge the natural limitations of 
the human and his needs. To make such support effective, in this thesis models of 
human processes are studied, with two main objectives (1) to understand the behavior of 
the human and (2) to provide support accordingly. This has mainly two aspects. 

First there are scientific aspects; in which formalized models are developed on 
the basis of the theories present in human-directed sciences such as psychological, 
sociological and neurological sciences. These models may provide better understanding 
of human behavior in a convenient way and mimic human-like actions. An agent 
developed using such a model in a computational form is referred as “Human Based 
Agent Model”. These models are not only based on the visible behavior of the human in 
a particular situation but they also incorporate different hidden mental states such as 
beliefs, desires, and intentions, for example, as described in the BDI-model [52].  

Also other mental states such as a human’s emotion states often play an 
important role in its behaviors and actions. Emotion can be regarded as any particular 
feeling reflected by a state of mind such as love, joy, anger, hate [32]. This state of mind 
may be triggered by both internal as well as external factors. While designing a human-
like agent model, it is utmost necessary to take care of the emotion part of the human 
too, as the emotion of the human has a strong effect on its behavior. For example, if a 
person is sad then his performance in tasks related to learning, motivation, and social 
behavior will generally be worse than for a person in a happier mood. So, if an agent 
model is designed without emotion, then its behavior is less realistic and less useful for 
support by ambient agents. 
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In a wider context, a human’s interaction with the environment is relevant, 
which may involve modeling the dynamics of the environment, and may include other 
humans or other nonhuman species (e.g., [38]). 

Second there are technological aspects, by which these computational models 
based on scientific theories are embedded in ambient agents (in the form of 
software/machines/robots) to support humans in their day to day tasks. Having such a 
type of ambient agents finally leads to an ambient intelligent environment. 

1.2 Adaptivity in Human and Ambient Agent Models 

Once a human or ambient agent model is available, it can react like a particular human 
in a particular situation for the context taken into account at the time of its designing. As 
we know, humans keep on learning from their experiences and may behave differently 
over time in a particular situation. So, it is not sufficient to just mimic the human / 
environment models and embed them into some machine and expect that it will behave 
equally well in a changing environment over time. That’s why the human agent models 
developed should be adaptive in their nature. This applies equally well to ambient agent 
models. In the first place, they should take into account adaptive human agent models, 
for example, modelled as dynamical systems, to be able to analyze a human’s processes, 
but they also should be able to adapt to characteristics of humans that may be initially 
unknown or change over time. A dynamical system model usually involves parameters 
representing characteristics of the domain. A particular problem here is that values for 
parameters often are not completely known initially: the beliefs the agent maintains 
about the domain’s characteristics may (initially) not correspond well to the real 
characteristics. In fact the agent needs to be able to perform parameter estimation or 
tuning on the fly. In other words, ambient agents need to reason about adaptive human 
processes, as well as adapt their own models about these processes. Moreover, the 
modeling and adaptivity is not limited only to human process but some of the 
environmental dynamics, for example, in the ecological domain, is also covered in this 
dissertation.  

1.3 Emotion and Rationality 

If an agent model is made adaptive, this means it can learn from its environment. 
Therefore it is assumed to behave better as required over time in a continuously 
changing environment. Often in such adaptation processes emotions play an important 
role, for example positive emotions for good experiences and negative emotions for bad 
experiences. Given this adaptation, a nontrivial question which comes to mind is 
whether the agent is behaving rationally in a changing environment or not. In other 
words it is also important to know the direction in which adaptation is being carried out 
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by the agent: is it either right or wrong? Hence, it is important to know to which extent 
the agent is behaving rationally, where rationality can be defined as “the self-awareness 
of personal correctness to the context in which the agent is placed”.  

The main focus of the dissertation is to explore the development of human and 
ambient agent models incorporating adaptivity and involving emotions to achieve 
rational behavior which may be used to support humans in their decision making. In the 
subsequent sections a brief description of the motivation for this research, main research 
questions, the methodology used to answer the research questions and background of 
the work done is given. Finally the chapter ends with an overview of the forthcoming 
chapters in this dissertation. 

2 Motivation for Agent Technology 

Any system which has the ability to take a flexible autonomous action in a dynamic, 
unpredictable and open environment is referred to as an agent. Agent technology has a 
great impact on all spheres of society and it has become one of the most dynamic, 
demanding and exciting domains of computer science nowadays. In addition to the 
ambient intelligence domain, aimed at having a ubiquitous computing environment with 
the focus of providing invisible support for humans, it has many more application 
domains in which it can play a vital role in future developments. For example, efficient 
use of high performance infrastructures in science, engineering, and medicine will be 
possible only with the help of multi-agent systems. Similarly, in e-businesses, 
information gathering tasks are being carried out using agent-based approaches. In 
short, agent technology has its application ranging from computer sciences to 
bioinformatics, engineering to ecology, transportation systems to space technology and 
many more. Keeping all this in view it is very important that such agents are rational in 
their behavior, flexible based on the change in environment and make decisions taking 
human processes into account. 

3 Research Question 

The main objective of this dissertation is to explore possible ways of developing 
computational models on the basis of theories already existing in different human and 
natural disciplines such as ecology, neuroscience, and psychology. Then, on the basis of 
such computational models, ambient agents can be developed which can be the part of 
the foreseen Ambient Intelligent Society. Thus the primary research questions which are 
addressed in this dissertation are as follows. 
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Research Question 1: 

How to develop computational human agent models for 
humans and their environment, based on scientific 
knowledge about processes of humans and their 
environment? How to incorporate adaptivity in these human 
agent models? 

Research Question 2: How can human context-aware rational behavior be 
achieved in adaptive human agent models incorporating 
human emotions? 

Research Question 3: How can these human agent models be used in adaptive 
ambient agent models to support humans? 

4 Research methods 

Throughout this dissertation multiple methods have been used to address different 
problems depending on their nature. In this section these methods are briefly 
introduced. 

As mentioned earlier in Section 1.2, adaptivity is explored in two different 
forms: adaptivity in human agent models and adaptivity in ambient agent models. To 
meet the adaptivity concerns of ambient agent models sensitivity analysis [60,62-
65,67] approaches were considered to tune the parameters with regard to the target to be 
achieved. For human agent models, in the literature different perspectives and 
mechanisms for adaptivity can be found. In this dissertation three different alternatives 
are considered. One of them is the Hebbian learning perspective; e.g., [5, 33, 36]. A 
second alternative considered is a temporal discounting approach as often is used in 
modeling intertemporal decision making or in modeling trust dynamics; e.g. [13, 44]. 
The third alternative considered is a case-based memory modeling approach based on 
memory traces e.g. [61, 69]. In the research reported in this dissertation two approaches 
were introduced to determine the extent of rationality of an agent, one discrete and one 
continuous rationality measure. Both are explained in Chapter 9. 

Investigating human cognitive and affective processes and exploring the use of 
such models within ambient agent models comprises of a number of important 
methodological elements. The elements exploited for both human and ambient agent 
models include: 
 

1. Identification of local dynamic properties for adaptivity and basic 
mechanisms of the process under investigation (in informal format) on the 
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basis of literature reviews or on the basis of empirical evidence, in order to get 
insight in the basic mechanisms of the process. 

2. Formalization of these local properties in terms of executable dynamic 
properties, in order to create an executable model of the dynamics of the 
process. 

3. Simulation of the dynamics of the process, on the basis of the executable 
dynamic properties, in order to generate simulation traces. 

4. Identification of relevant non-local dynamic properties, which for example 
describe the process from a more global external observable perspective. 

5. Formalization of these non-local properties in terms of global dynamic 
properties. 

6. Verification of global dynamic properties against the generated simulation 
traces. 

The methodological elements listed above embrace all research presented in this thesis. 
In some chapters, however, not all elements of the methodology are addressed. 

5 Modeling and Implementation Techniques 

In the research reported in this dissertation the following modeling and implementation 
techniques have been used. 

Temporal Trace Language (TTL) 

One modeling approach that has been utilized in this dissertation is based on a hybrid 
temporal language, called TTL (Temporal Trace Language, cf. [11]). This language is 
built on atoms that can refer to traces, time points and state properties. The language is 
defined based on an ontology which is a specification (in order-sorted logic) of a 
vocabulary. A state for an ontology Ont is an assignment of truth-values {true, false} to 
the set of ground atoms At(Ont). The set of all possible states for ontology Ont is 
denoted by STATES(Ont). A reference is made to fixed time frame T which is linearly 
ordered. Depending on the application, it may be dense (e.g., the real numbers), or 
discrete (e.g., the set of integers or natural numbers or a finite initial segment of the 
natural numbers), or any other form, as long as it has a linear ordering. A trace γ over 
an ontology Ont and time frame T is a time-indexed sequence of states in 
STATES(Ont). The set of all traces over ontology Ont is denoted by TRACES(Ont). 
States of a trace can be related to state properties via the formally defined satisfaction 
relation |= between states and formulae, such as: state(γ, t) |= p; this expression 
denotes that the state property p is true in the state of trace γ at time point t. TTL is used 
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for the verification of global dynamic properties against the results of conducted 
simulation experiments. 

LEADSTO 

On the basis of TTL, a simpler hybrid temporal language to specify computational 
models in a declarative manner has been developed, called LEADSTO (Language and 
Environment for Analysis of Dynamics by SimulaTiOn; cf. [10]). In this language, direct 
temporal dependencies between two state properties in successive states are modeled by 
executable dynamic properties. It subsumes models in difference equation format. The 
LEADSTO format is defined as follows. Let α and β be state properties of the form 
‘conjunction of ground atoms or negations of ground atoms’. In the LEADSTO 
language the notation α →→e, f, g, h β, means: 

If state property α holds for a certain time interval with duration g, then after 
some delay (between e and f) state property β will hold for a certain time 
interval of length h. 

Here, atomic state properties can have a qualitative, logical format, such as an 
expression desire(d), expressing that desire d occurs, or a quantitative, numerical format 
such as an expression has_value(x, v) which expresses that variable x has value v. 
LEADSTO is used in this dissertation to formally specify executable dynamic 
properties of the processes under investigation. Moreover, using a dedicated software 
environment, these properties are used to generate simulation traces of the developed 
models.  

Adobe Flex® 

Adobe Flex® is a free, open source framework generally used for building highly 
interactive web applications. These applications can work consistently on all major 
browsers, desktops, and operation systems. It has good scalability and is convenient to 
use. This was used to program the adaptation process in one particular human agent 
model (see Chapter 6). Interaction between different components of the application is 
implemented using ActionScript. Moreover, for measuring the human’s gaze the Tobii® 
eye-tracker was used. Implementation details are given in Chapter 6. 

Microsoft Excel® 

In addition to LEADSTO, for some simulation experiments also Microsoft Excel® was 
used, especially to generate graphs for simulation results in a more readable and easy to 
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understand form, as the LEADSTO environment has limited possibilities to generate 
simulation results in a specific graphical format.  

6 Relation to Literature 

In this section some related literature is presented as background of the work covered in 
this dissertation. To make the models included in this dissertation more human-like, a 
number of aspects regarding human neurological, psychological, physiological and 
social dynamics were studied. In addition to that, some ecological literature to model 
the environmental dynamics was also covered in this study. In the following 
subsections, some of the related literature is briefly pointed out, in order to provide a 
better understanding of the background of the work.  

6.1 Human Modeling 

The cognitive and psychological literature is addressed in subsection 6.1.1, whereas 
subsection 6.1.2 describes the neurological background used in the dissertation. 

6.1.1 Cognitive Domain 
Agent modelling provides a useful design approach to the area of ambient intelligent 
systems (e.g., [1, 2, 55]). One of the more ambitious challenges in this area is to create 
ambient systems with an appropriate human-awareness: awareness of the (mental) 
states of humans. Human-aware ambient systems can be taken to perform a certain type 
of mindreading or to possess what in the psychological and philosophical literature is 
called a Theory of Mind (e.g., [30, 34]). During the evolutionary human history, 
mindreading has been developed to address different types of mental states, such as 
desire, intention, attention, belief or emotion states (e.g., [30]). To obtain an adequate 
human-aware ambient system, a model describing the dynamics of these states and their 
interaction is needed. To design an ambient system incorporating such a model, agent 
modelling offers a useful approach, as agents are able to integrate such dynamical 
models and reason about them (e.g., [8]). As an example, a desire triggers a number of 
responses in the form of preparations for certain actions related to the desire, which 
result in certain feelings. In a reciprocal manner, the generated feelings affect the 
preparations; for some literature on such reciprocal interactions between cognitive and 
affective states, see, for example, ([20, 48, 70]). The dynamical domain models used in 
this dissertation to model the person’s reciprocal interaction between feeling and 
preparation, is based on neurological theories on the embodiment of emotions as 
described, for example, in ([15-18, 70]).  
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6.1.2 Neurological Domain 
For the development of agent models in serious or non-serious gaming, an often used 
criterion is that they show realistic human-like behavior. One of the ways to obtain such 
human-like agent models is to exploit the fast growing amount of neurological 
literature, so that models are developed that have biological plausibility. In addition, to 
obtain realistic agents, not only ideally functioning persons should be considered but 
also persons with deviant behavior, in order to cover larger parts of the variety in types 
of behavior as occurring naturally in the overall human population. For example, false 
attribution of self-generated (e.g., manual or verbal) actions to other agents is a 
common symptom occurring in patients with schizophrenia. One explanation put 
forward for the phenomenon that self-generated actions are not attributed to oneself is 
that self-attribution depends on prediction and monitoring of effects of these actions, 
and this does not function well for persons with schizophrenia; see, for example [22, 
23, 26, 27]. However, in other work it is debated whether this is an appropriate or 
complete explanation. For example, in [24] experimental work is reported that indicates 
that differences in these respects between patients with schizophrenia and a control 
group are limited. In [43] it is argued that an important role is played by what is called 
‘the sense of agency’ (which is at a more conscious, personal level) than action effect 
prediction and monitoring (which is at an unconscious, sub-personal level). Patients 
with schizophrenia do not only fail to attribute self-generated actions to themselves, 
they also attribute them to other agents (which can be real or imaginary). Using 
neurological literature on mirroring [12, 39, 40, 56] and self-other differentiation [41], 
in this dissertation this form of false attribution to other agents is addressed by 
introducing the notion of inverse mirroring.  

In addition to this, as already mentioned, it has been put forward in the 
neurological literature that also poor predictive capabilities are a basis for false 
attributions of actions, for example, for patients suffering from schizophrenia; (e.g., 
[66, 68]). The idea developed over the years is that co-occurrence of predicted effects 
and sensed actual effects (after execution of the action) are an important condition for 
proper retrospective self-attribution of a self-generated action (e.g., [23, 28, 29, 47, 
71]). A peculiar aspect here is that within the process the predicted effect suppresses the 
sensed actual effect (e.g., [6, 7, 25]). In recent years it has been put forward that the 
predicted effect and the sensed actual effect are not simply compared or matched, as 
claimed in the so-called ‘comparator model’ in earlier literature such as [28, 29, 71], 
but in fact are added to each other in some integration process (e.g., [47, 66, 68]). In the 
research reported in this dissertation, the two perspectives (inverse mirroring and 
reduced prediction) have been integrated. 

For many responses to certain (external or internal) circumstances, an 
important role is played by experiences for similar circumstances in the past. How such 
circumstances are experienced does not only depend on the circumstances themselves 
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but also on the extent to which emotional responses are induced and felt. Such an 
induction process of experienced emotional responses takes the form of triggered 
preparations for body states that are in a recursive as-if body loop with certain feelings; 
e.g., [9, 17, 70]. The strengths by which stimuli or activations of mental states induce 
certain preparations for body states or (other) actions occurring as emotional responses, 
might be innate, but are often considered to be acquired, strengthened and/or adapted 
during lifetime; e.g. [15, 45]. These induction strengths of responses based on 
experiences from the past are assumed to play an important role in a variety of 
behaviors, for example, involving decision making according to emotion-related 
valuing or somatic marking; e.g. [15, 18]. To explain or model such a development of 
induction strength of a response, in the literature different perspectives can be found. In 
this dissertation three different alternatives for modelling approaches are considered. 
One of them is a Hebbian learning approach e.g. [5, 33, 36]. A second alternative is 
based on a temporal discounting approach as often is used in modelling inter-temporal 
decision making or in modelling trust dynamics; e.g. [13, 44]. The third alternative 
considered is a case-based memory modelling approach based on memory traces e.g. 
[61, 69]. In subsection 6.2, some literature regarding the ecological domain is 
addressed, which covers the background for modeling an ambient agent that can reason 
about environmental dynamics. 

6.2 Environmental Modeling 

Agents are also used in environments that have a highly dynamic nature such as the 
ecological domain. Ecological models have often been proposed to represent such 
dynamical relations in a mathematical or logical way (see e.g. [21, 31, 53, 54, 58, 59]). 
However, almost no significant studies have been conducted to exploit the usage of 
such ecological models for analysis and reasoning.  In many applications of agent 
systems, varying from robot contexts to information brokering and virtual world 
contexts, some form of world model plays an important role; e.g., [46, 50, 51, 57]. 
Usually in such applications a world model represents a state of the world that is built 
up by using different types of inputs and is updated with some frequency. Examples of 
challenges addressed are, for example, (i) organizing data collection and signal 
processing from different types of sensor, (ii) producing local and global world models 
using multi-sensor information about the environment, and (iii) integrating the 
information from different sensors into a continuously updated model (cf. [50, 51]).  
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7 Dissertation Overview 

In this section a detailed overview of the dissertation is given. The dissertation is largely 
based on a collection of already published articles in different conferences and journals. 
Most of the papers are reprints and are unchanged, with the exception of some layout, 
grammar and spelling issues. As a consequence there is some overlap among the 
chapters; e.g., introduction of modeling approaches such as LEADSTO, TTL. Therefore 
each chapter can be read independently. In addition to published papers, some not yet 
published work is also included. All authors are cited in alphabetical order with respect 
to their last names and all can be regarded as having made a comparable contribution to 
articles presented in the dissertation. This dissertation is composed of five parts. 

I. Introduction 
 
This part consists of this chapter only, which gives an overview of the 
dissertation and what exactly this work is about. Moreover, the motivation 
behind carrying out this research, the research questions and research methods 
used during the work are described. The chapter ends here with a dissertation 
overview. 
 

II. Adaptivity in Human Agent Models 
 
This part focuses on ways in which human agent models can incorporate 
adaptivity. It consists of three chapters. Chapter 2 addresses a cognitive agent 
model for false attribution of own actions to other agents using inverse 
mirroring and prior and retrospective ownership states. It explains how this 
cognitive agent model is capable of showing situations where self-generated 
actions are attributed to other agents, as, for example, for patients suffering 
from schizophrenia. Inverse mirroring is a mechanism for mapping own 
preparation states onto sensory representations of observed actions from other 
agents. It is shown how this mechanism can develop based on Hebbian 
learning. Retrospective ownership states are based on combining predicted 
action effects with actually observed action effects. The model provides a basis 
for applications to human-like virtual agents in the context of for example, 
training of therapists or agent-based generation of virtual stories. 

In Chapter 3 a model-based ambient agent system is presented to 
provide support in handling desire and temptation. Here an ambient agent 
system is presented incorporating the estimation of a human’s dynamics of 
desiring and being tempted. To this end the agent is equipped with a dynamical 
model of the human’s processes which describes how the strength of a desire 
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relates to responses in the form of being prepared for certain actions, which in 
turn relate to feelings which can be biased, for example due to addicting 
experiences in the past. In this dynamical model both the strength of such a 
preparation and of the induced feeling result from a converging dynamic 
pattern modeled by reciprocal causal interactions between the two. In a 
relatively simple case it is shown how by use of this dynamical model, the 
ambient agent system is able to predict and assess a human’s desire state, and 
related to this desire, his or her preparation for certain actions, and use this 
assessment to suggest alternatives to avoid falling for certain temptations. It is 
also discussed how the model has been verified. 

Chapter 4 gives a comparative analysis on three approaches involving 
adaptive modeling of induced feelings. Stimuli and activations of mental states 
usually induce emotional responses that are experienced by their associated 
feelings. This chapter concentrates on how the strengths by which such 
emotional responses are induced depend on previous experiences. It presents a 
comparative analysis of three adaptive modeling approaches addressing how 
these induction strengths are adapted over time: Hebbian learning, temporal 
discounting and memory traces. Example simulation results are shown and 
commonalities and differences between the models are analyzed.  

 
III. Adaptivity in Integrative Model-Based Ambient Agent Models 

 
This part covers the adaptivity issue in an integrative model-based ambient 
agent model. It addresses a domain model related to the ecological domain and 
a model of the environment of attention demanding tasks. It also has three 
chapters. 

Chapter 5 focuses on an agent model integrating an adaptive model 
for environmental dynamics. The environments in which agents are used often 
may be described by dynamical models, for example in the form of a set of 
differential equations. In this paper an agent model is proposed that can 
perform model-based reasoning about the environment, based on a numerical 
(dynamical system) model of the environment. Moreover, it does so in an 
adaptive manner by adjusting the parameter values in the environment model 
that represent believed environmental characteristics, thus adapting these 
beliefs to the real characteristics of the environment. 

Chapter 6 addresses ambient software agents and presents a software 
environment that provides ambient support for a human performing a 
demanding task that requires attention. The environment obtains human 
attention-awareness by use of a dynamical model of human attention, gaze 
sensoring by an eye-tracker, and information about features of the objects in 
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the environment. The ambient agent uses a built-in adaptation model to adapt 
on the fly the values of certain parameters to the personal characteristics of the 
human. 

Chapter 7 presents a design of an ecological model-based decision 
support agent for nature park managers addressing interaction dynamics of the 
species. The ambient agent reasons by use of an ecological model of the 
temporal dynamics of an ecological system, thereby taking into account abiotic 
factors and interspecies interactions such as competition, parasitism and 
symbiosis. Applying model-based reasoning and dynamical systems methods 
to this ecological model, decision options on abiotic conditions are determined 
in order to obtain desired combinations of species. 

 
IV. Rationality Analysis of Approaches to Adaptivity 

 
This part introduces and explores the extent of rationality achieved by adaptive 
agent models using different learning approaches. This part also consists of 3 
chapters. 

Chapter 8 focuses on studying the rationality of decision models 
incorporating emotion-related valuing using Hebbian leaning. Moreover in this 
chapter two approaches to determine a rationality measure are introduced, 
reflecting the environment’s behavior. In this chapter an adaptive decision 
model based on predictive loops through feeling states is analyzed from the 
perspective of rationality. Four different variations of Hebbian learning are 
considered for different types of connections in the decision model. Simulation 
results and the extents of rationality of the different models over time are 
presented and analyzed. 

Chapter 9 is an extension of the work described in the previous 
chapter focusing on three more learning approaches. One of the models is 
based on temporal discounting, the second on memory traces, and the third one 
on Hebbian learning with mutual inhibition. The models are assessed using the 
already introduced rationality measures. Simulation results and the extents of 
rationality of the different models over time are presented and analyzed. 

Chapter 10 discusses the rationality for joint decision making based 
on agent models using emotion-related valuing. In this chapter it is explored 
how joint decision making can be evaluated on the rationality of the achieved 
joint decisions. The joint decision making process is based on a cooperation of 
adaptive agents using emotion-related valuing for the decision making, and a 
Hebbian learning for the adaptation. It is shown how the cooperation amplifies 
the speed of increase of rationality of the decisions after a major world change. 
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V. Discussion and Future Work 
 
This is the last part of the dissertation. It consists of one chapter which 
summaries the work discussed in the dissertation and its relation to the 
research question introduced in Chapter1. Moreover the future possible 
extensions of the work are highlighted. 
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Abstract.  This paper presents a neurologically inspired human-like agent model 
addressing attribution of actions to agents. It is not only capable of attribution of 
own actions to itself, but also of showing situations where self-generated actions 
are attributed to other agents, as, for example, for patients suffering from 
schizophrenia. The mechanisms underlying the model involve prior and 
retrospective ownership states, and inverse mirroring to generate a mental image 
of the agent to which an action is attributed. The model is adaptive in that the 
inverse mirroring can develop based on Hebbian learning. The model provides a 
basis for applications to human-like virtual agents in the context of for example, 
training of therapists or agent-based generation of virtual stories. 
 

Keywords: action attribution, cognitive agent model, ownership states, inverse 
mirroring, schizophrenia 

1    Introduction 

To design human-like agent models, the fast growing amount of neurological literature 
is a useful source of information. For example, in this way virtual agents can be 
designed with high extent of biological plausibility, which may not only show idealised 
behaviour but also realistic shortcomings characteristic for humans. This paper 
contributes a human-like agent model for attribution of actions to agents. In the first 
place the modelled agent is able to attribute own actions to itself and other agents’ 
actions to them. However, it is also possible for the agent model to display false 
attribution of own actions to other agents or other agents’ actions to itself, as sometimes 
occurs in human agents, for example, in those who have symptoms of Schizophrenia. 
Due to such variation possibilities, the model covers large parts of the variety in types 
of behaviour as occurring naturally in the overall human population. 
 In the neurological literature used as inspiration for the agent model, two aspects are 
put forward as playing an important role in attribution of actions: (1) prediction of 
action effects, and (2) mirroring of actions of other agents. Concerning (1) it has been 
found that action effect prediction capabilities relate to proper attribution of own 
actions to oneself (e.g., [21], [24], [7], [9], [10], [18]). Concerning (2), note that not 
attributing a self-generated action to oneself is not the same as attributing such an 
action to another agent. Actions may simply be not attributed to any agent (e.g., the 
wind may have caused it). To attribute an action to another agent, a mental image of 
somebody else performing the action has to be generated. When it concerns an action of 
another agent who is observed, such a mental image is formed based on the incoming 



Chapter 02                          Ownership and Inverse Mirroring 
 

Part II- 
Adaptivity in Human Agent Models Page 26 
 

sensory information. However, when an own action is attributed to another agent who 
does not perform this action or is even not present, forming this mental image requires a 
shift from a representation of an action from a first-person to a representation from a 
third-person perspective (mental rotation; e.g., [17]). This is the inverse operation of 
what happens in mirroring where a shift is made from a representation from a third-
person to a representation from a first-person perspective; cf. [14], [15], [17], [20]. 
Persons suffering from Schizophrenia, for example, not only fail to attribute self-
generated actions to themselves, but they also attribute them to other agents (which can 
be real or imaginary); e.g., [6, 8, 9, 10, 21, 24].  

The human-like agent model presented in this paper is based on the perspective put 
forward in the literature discussed above in relation to both (1) and (2). For (1) elements 
of the agent model for ownership introduced in [22] were adopted. Here a distinction is 
made between prior ownership states, among others based on prediction of effects of a 
prepared action, and retrospective ownership states, for which in addition the monitored 
execution of the action and the sensed actual effects play an important role.  Prior 
ownership states play an important role in controlling the actual execution of actions, 
whereas retrospective ownership states are important for acknowledging authorship of 
an action in a social context. For (2) elements from the agent model for inverse 
mirroring introduced in [23] were adopted, and integrated in the agent model obtained 
from [22]. The resulting integrated agent model is able to display action attribution as in 
normally functioning humans, and false attribution as in deviant functioning of, for 
example, persons suffering from Schizophrenia. 

 In this paper, in Section 2 the agent model is introduced. Section 3 presents some 
simulation results. Finally, Section 4 is a discussion. 

2    The Cognitive Agent Model for Attribution of Actions 

In this section the design of the cognitive agent model is presented. First some 
background knowledge is discussed, next the example scenario used is described, the 
modelling format used is introduced, and finally the agent model is addressed in detail. 
 

Background knowledge Concerning attribution of own actions to oneself, it has been 
found that poor predictive capabilities relate to false attributions of actions (e.g., [21], 
[24]). It turns out that co-occurrence of predicted effects and sensed actual effects after 
execution of an action is an important condition for proper self-attribution of a self-
generated action (e.g., [7], [9], [10], [18]). Here within the process the predicted effect 
leads to suppression of the sensed actual effect (e.g., [3], [8]). The predicted effect and 
the sensed actual effect are not simply compared (as claimed in earlier literature such as 
[9], [10]), but are added to each other in an integration process (e.g., [18], [21], [24]). In 
the cognitive agent model described below, these principles have been incorporated by 
adopting the relevant elements from [22]. 
 In other work, such as [8] it is debated whether this is a complete explanation: 
empirical results are reported that indicate that differences in these respects between 
patients with schizophrenia and a control group are limited. Therefore, in [16] it is 
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argued that another important role is played by what is called ‘the sense of agency’, and 
which relates to a generated mental image of the agent to whom the action is attributed.  
 One of the recent neurological findings relating to agency concerns the mirroring 
function of certain neurons; e.g., [5], [14], [15], [20]. Mirror neurons are active not only 
when a person prepares for a specific action or body change, but also when the person 
observes somebody else intending or performing this action or body change. When 
states of other persons are mirrored by some of the person’s own states that at the same 
time are connected via neural circuits to states that are crucial for the person’s own 
feelings and actions (shared circuits), then this provides an effective basic mechanism 
for how in a social context persons fundamentally affect each other’s actions and 
feelings; e.g., [14].  Mirroring involves a change of perspective from another agent 
(third person) to oneself (first person). This requires a nontrivial mental rotation 
transformation of the representations involved (cf. [17]): sensory representations of 
observed actions of other agents are mapped onto representational structures for self-
generated actions. Attribution of a self-generated action to another agent uses a reverse 
process. It requires a change of a first-person perspective from preparation for a self-
generated action to a third-person perspective: a reverse mental rotation transformation 
of the available representations. This is inverse mirroring, as introduced in [23]: the 
representational structures for self-generated actions are mapped onto sensory 
representations of observed actions of other agents, thus forming a mental image of 
somebody else performing the action.  
 A further question is how such a reverse mental rotation mapping can develop. This 
is modelled assuming a Hebbian learning principle: connected neurons that are 
frequently activated simultaneously strengthen their connecting synapse. The principle 
goes back to Hebb [12], but has gained enhanced interest by more extensive empirical 
support (e.g., [2]), and more advanced mathematical formulations (e.g., [11]). In the 
cognitive agent model described below this principle has been adopted to realise an 
inverse mirroring connection from preparation of an action to sensory representation of 
a similar observed action. 
 

Example Scenario The designed agent model will be illustrated for the following 
scenario. Any sensed stimulus s leads to a sensory representation SR(s) of this stimulus, 
which in turn triggers the preparation state PA(a) of an action a as a response of the 
agent; see the causal chain from SR(s) to PA(a) in Fig. 1. The stimulus s can be any 
stimulus s1 from the world, but also a stimulus s2 which is the observation that another 
agent performs action a. In the former case, the arrow from SR(s1) to PA(a) models a 
reactive response of the agent triggered by stimulus s1. In the latter case the sensory 
representation SR(s2) indicates the mental image of another person performing the 
action a, and the arrow from SR(s2) to PA(a) models the agent’s mirroring capability for 
action a; e.g., [14], [15], [20]. When this latter chain of events happens (i.e., whenever 
mirroring takes place), for the model introduced here it is assumed that by Hebbian 
learning this will strengthen the reverse connection from preparation PA(a) to sensory 
representation SR(s2) (mental image of the observed action), thus developing inverse 
mirroring capabilities (the dotted arrow). When such a learning process has achieved 
substantial connection strength, the agent’s response on stimulus s1 may have changed. 
When s1 is sensed (in the absence of s2), not only will the agent trigger preparation (and 
execution) of action a as before, but in addition it will generate a mental image of 
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another agent performing action a (the sensory representation SR(s2)), thus creating a 
third person perspective on the action.  

In the model s denotes a stimulus, c a context, a an action, and b a world state 
affected by the action. Examples of contexts are another agent B, or the agent self. The 
effect state b is considered to be positive for the agent (e.g., in accordance with a goal). 
 
 

 
 
 

 
 

 
 
 
 
 
 
 

Fig. 1. Overview of the cognitive agent model 
 

The state properties used in the model are summarised in Table 1. The cognitive agent 
model distinguishes prior and retrospective ownership states for actions, indicated by 
PO(a, b, c, s) and RO(a, b, c, s), respectively (see Fig. 1). These states are taken specific for 
a given action a, effect b, context c, and stimulus s (triggering preparation of a). When 
the context c is self, an ownership state for c indicates self-ownership attribution, 
whereas for context c another agent B, it indicates ownership attributed to B. Note that 
the stimulus s triggering preparation of action a can be of any type; for social scenarios, 
it can be taken as a body state (e.g., face expression) of the other agent B. An action 
effect state b can be any state of the world (possibly including body states).  

The prior ownership state PO(a, b, c, s) is affected by the preparation state PA(a) for the 
action a, the sensory representation SR(b) of the (predicted) effect b, the sensory 
representation SR(s) of the stimulus s, and the sensory representation SR(c) of the context 
c; see the four arrows to PO(a, b, c, s) in Figure 1. Similarly, the retrospective ownership 
state RO(a, b, c, s) is affected by the sensory representation SR(c) of the context c, the 
sensory representation SR(b) of the effect b of the action, the prior ownership state PO(a, 
b, c, s), and the execution EA(a) of the action a; see the arrows to RO(a, b, c, s) in Figure 1.  

Action prediction is modelled by the connection from the action preparation PA(a) to 
the sensory representation SR(b) of the effect b. Suppression of the sensory 
representation of the effect is modelled by the (inhibiting) connection from the prior 
ownership state PO(a, b, c, s) to sensory representation SR(b). The control exerted by the 
prior ownership state (similar to a super miror neuron function; e.g., [13], [15]) is 
modelled by the connection from PO(a, b, c, s) to EA(a). Finally, acknowledging of 

EA(a) SR(b)  SS(b) PA(a) 

WS(b) 

WS(c) SR(c) 

  PO(a, b, c, s) 

SS(c) 

WS(s)  SS(s) SR(s) 

RO(a, b, c, s) EO(a, b, c, s) 

action execution 

effect prediction 
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ownership is modelled by the connection from the retrospective ownership state RO(a, b, 
c, s) to the communication effector state EO(a, b, c, s). 
 

Table 1. State properties used 
 

notation description 
WS(W) world state W   (W is a context c, stimulus s, or effect b) 
SS(W) sensor state for W 
SR(W) sensory representation of W 
PA(a) preparation for action a 
EA(a) execution of action a 

PO(a, b, c, s) prior ownership state for action a with b, c, and s 
RO(a, b, c, s) retrospective ownership state for a with b, c, and s 
EO(a, b, c, s) communication of ownership of a with b, c, and s 

cs(ω) strength of connection ω (from preparation of a to 
sensory representation of s2) 

 
 

Connections between state properties (the arrows in Fig. 1) have weights ωk, as 
indicated in Table 2. In this table the column LP refers to the (temporally) Local 
Properties LP1 to LP10 presented below. A connection weight ωk  has a value between -
1 and 1 and may depend on the specific context c, stimulus s, action a and/or effect state 
b involved. By varying these connection strengths, different possibilities for the 
repertoire offered by the model can be realised. Note that usually connection weights 
are assumed non-negative, except for the inhibiting connections, such as ω2o

from states 

 which 
models suppression of the sensory representation of effect b (so that you cannot tickle 
yourself; cf. [3]).  
 

Table 2.  Overview of the connections and their weights 
to state weights process LP 

SS(W) SR(W) ω representing world state W: 
stimulus s1 or context c 

1 LP1 

SS(s2), PS(b) SR(s2) ω1 representing observed action / 
inverse mirroring 

, ω LP2 

PA(a), PO(a, b, self, s), SS(b) SR(b) ω2, ω2o, ω representing effect state e 3 LP3 
SR(s), SR(b) PA(a) ω4, ω action preparation/mirroring 5 LP3 
SR(c), SR(s), SR(b), PA(a) PO(a, b, c, s) ω6, ω7, ω8, ω prior ownership 9 LP4 
PO(a, b, self, s), PA(a) EA(a) ω10, ω action execution 11 LP5 
EA(a) WS(b) ω action effect 12 LP6 
WS(W) SS(W) ω sensing world state 13 LP7 
SR(c), SR(b), PO(a, b, c, s), EA(a)  RO(a, b, c, s) ω14, ω15, ω16, 

ω
retrospective ownership 

17 
LP8 

RO(a, b, c, s) EO(a, b, c, s) ω expressed ownership 18 LP9 
SR(s2), PA(a) cs(ω) η, ζ learning inverse mirroring LP10 

 

Below, the dynamics following the connections between  the states in Fig. 1 are 
described in more detail. This is done for each state by a dynamic property specifying 
how the activation value for this state is updated based on the activation values of the 
states connected to it (the incoming arrows in Fig. 1).  
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The cognitive agent model has been computationally formalised in this way using 
the hybrid modeling language LEADSTO; cf. [4]. Within LEADSTO a dynamic 
property or temporal causal relation a →→ b denotes that when a state property a (or 
conjunction thereof) occurs, then after a certain time delay, state property b will occur. 
Below, this delay will be taken as a uniform time step ∆t. Each time first a semiformal 
description is given, and next a formal specification in the hybrid LEADSTO format. 
Parameter γ  is an update speed factor, indicating the speed by which an activation level 
is updated upon received input from other states.  

During processing, each state property has a strength represented by a real number 
between 0 and 1; variables V (possibly with subscripts) run over these values. In 
dynamic property specifications, this is added as a last argument to the state property 
expressions (an alternative notation activation(p, V) with p a state property has not been 
used for the sake of notational simplicity).  

Below,  f is a function for which different choices can be made, for example, the 
identity function f(W) = W or a combination function based on a continuous logistic 
threshold function of the form 
 
    th(σ, τ, X) =  ( 1

1+ 𝑒𝑒−σ( 𝑋𝑋
 
− τ)  -  

1
1+ 𝑒𝑒στ

 ) (1 +  𝑒𝑒−στ) 
 

with σ a steepness and τ a threshold value. Note that for higher values of στ (e.g., σ  
higher than 20/τ) this threshold function can be approximated by the simpler expression: 
 

   th(σ, τ, X) = 
1

1+ 𝑒𝑒−σ( 𝑋𝑋
 
− τ) 

 

In the example simulations, for the states that are affected by only one state (i.e., in LP1, 
LP7, LP8, LP10), f is taken the identity function f(W) = W, and for the other states f is a 
combination function based on the logistic threshold function:  f(X1, X2) =   th(σ, τ, 
X1+X2), and similarly for more arguments. In this choice common practice is followed, 
but other types of combination functions might be used as well. 

The first properties LP1 describes how sensory representations are generated for 
context c and stimulus s1 (together indicated by variable W), and for stimulus s2, which 
is the action a performed by another agent. 
 

LP1  Sensory representation for world state W: stimulus s1 or context c   
If the sensor state for W has level V1  
  and the sensory representation of W has level  V2 
then after duration ∆t  the sensory representation of W will have  

level  V2  + γ [ f(ω1V1) - V2 ]  ∆t. 
 SS(W, V1) & SR(W, V2)  →→ SR(W, V2 + γ [ f(ω1V1) – V2 ] ∆t 
 
LP2  Sensory representation for stimulus s2 indicating another agent’s action a  
If the sensor state for s2 has level V1  
  and  preparation of a has level V2 
  and the sensory representation of s2  has level  V3 
then after duration ∆t  the sensory representation of s2 will have  

level V3 + γ (f(ω1V1, ωV2) - V3) ∆t. 
SS(s2,V1)  &  PA(a,V2)  &  SR(s2, V3) →→ SR(s2, V3 + γ (f(ω1V1, ωV2) - V3) ∆t) 
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The sensory representation of an effect state b as described by property LP2 is not only 
affected by a corresponding sensor state for b (which in turn is affected by the world 
state), as in LP1, but also by two action-related states:  

 

• via the predictive loop by a preparation state, to predict the effect b of a prepared action a  
• by an inhibiting connection from the prior self-ownership state, to suppress the sensory 

representation of the effect b of the action a, once it is initiated (e.g., [3], [8]) 
 

This is expressed in dynamic property LP3. Note that for this suppressing effect the 
connection weight ω2o from prior ownership state for action a to sensory representation 
for effect b is taken negative, for example ω2o

 

Prior ownership of an action a is generated by LP5. 
 

LP5  Generating a prior ownership state 
If  the sensory representation of context c has level V

 = -1. 
 

LP3  Sensory representation for an effect state 
If the preparation state for action a has level V1 
  and the prior self-ownership of action a for b, self, and s has level V2 
  and the sensor state for state b has level V3 
  and the sensory representation of state b has level V4 
then after duration ∆t the sensory representation of state b will have 

level V4 + γ [ f(ω2V1, ω2oV2, ω3V3) – V4 ] ∆t. 
 PA(a, V1) & PO(a, b, self, s, V2) & SS(b, V3) & SR(b, V4)  

  →→  SR(b, V4 + γ [ f(ω2V1, ω2oV2, ω3V3) – V4 ] ∆t) 
 

Preparation for action a is affected by a sensory representation of stimulus s (triggering 
the action), and also strengthened by predicted effect b of the action: 
 

LP4  Preparing and mirroring for an action 
If sensory representation of s has level V1 
  and sensory representation of b has level V2 
  and the preparation for action a has level V3  
then after duration ∆t the preparation state for action a will have  

level V3 + γ [ f(ω4V1, ω5V2) - V3 ] ∆t. 
SR(s,V1)  &  SR(b,V2)  &  PA(a, V3)  
→→  PA(a, V3 + γ [ f(ω4V1, ω5V2) - V3 ] ∆t) 

1 
  and the sensory representation of s has level V

  and prior ownership of a for b, c, and s has level V

2 
  and  sensory representation of b has level V3 
  and  the preparation for action a has level V4 

5  
then after duration ∆t prior ownership of a for c, s, and b will have 

level V5 + γ  [ f(ω6V1, ω7V2, ω8V3, ω9V4) – V5 ] ∆t. 
SR(c,V1)  &  SR(s,V2) &  SR(b,V2) &  PA(a, V4) & PO(a, b, c, s, V5) 
→→  PO(a, b, c, s, V3 + γ [ f(ω6V1, ω7V2, ω8V3, ω9V4) - V3 ]  ∆t) 

 

In case the context c is self, the prior ownership state strengthens the initiative to perform 
a as a self-generated action: executing a prepared action depends on whether a prior 
self-ownership state (for the agent self) is available for this action. This models control 
over the actual execution of the action (go/no-go decision) and can, for example, be 
used to veto the action in a late stage of preparation. This is modelled by LP6. 
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LP6  Action execution 
If prior ownership of a for b, self, and s has level V1 
  and preparation for action a has level V2 
  and the action execution state for a has level V3 
then after duration ∆t the action execution state for a will have  

level V3 + γ  [ f(ω10V1, ω11V2) – V3 ] ∆t. 
PO(a, b, self, s, V1)  &  PA(a, V2)  &  EA(a, V3)   
→→  EA(a, V3 + γ [ f(ω10V1, ω11V2) – V3 ]  ∆t) 

 

Property LP7 describes in a straightforward manner how execution of action a affects 
the world state b. 
 

LP7  From action execution to effect state 
If the execution state for action a has level V1, 
  and world state b has level V2  
then after ∆t  world state b will have  

level V2 + γ  [ f(ω12V1) – V2 ] ∆t. 
EA(a, V1)  &  WS(b, V2) →→  WS(b, V2 + γ [ f(ω12V1) – V2 ] ∆t) 

 

The following property models how sensor states are updated. It applies to stimulus s1, 
s2 effect b, and context c (indicated by variable W). 
 

LP8  Generating a sensor state for a world state 
If world state W has level V1 
  and  the sensor state for W has level V2 
then after ∆t  the sensor state for W will have  

level V2 + γ [ f(ω13V1) – V2] ∆t. 
WS(W, V1) & SS(W, V2) →→  SS(W, V2 + γ [ f(ω13V1) – V2 ] ∆t) 

 

A retrospective ownership state takes into account the prior ownership, the execution of 
the action, the context, and the sensory representation of the action’s effect:  
 

LP9  Generating a retrospective ownership state 
If  the sensory representation of context c has level V1, 
  and the sensory representation of effect state  b has level V2  
  and prior ownership of a for b, c, and s has level V3  
  and the execution state for action a has level V4 
  and retrospective ownership of a for b, c, and s has level V5  
then after ∆t retrospective ownership of a for b, c, and s will have  

level V5 + γ  [ f(ω14V1, ω15V2, ω16V3, ω17V4) – V5 ] ∆t. 
  SR(c,V1) & SR(b,V2) & PO(a, b, c, s, V3) & EA(a, V4) & RO(a, b, c, s, V5) 
      →→  RO(a, b, c, s, V5 + γ [ f(ω14V1, ω15V2, ω16V3, ω17V4) – V5 ] ∆t)) 
 

Note that LP9 applies to context c that can be self as context, but also another agent B. 
For another agent as context the connection strength ω17 in LP9 is assumed 0 or 
negative; in the simulated scenarios discussed in Section 3 it was taken ω17 = -1. The 
communication to attribute authorship (to any context c) depends on the retrospective 
ownership state as specified in LP10. 
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LP10  Communication of ownership awareness 
If retrospective ownership of a for b, c, and s has level V1
  and communication of a for b, c, and s has level V

, 
2 

then after duration ∆t communication of a for b, c, and s will have 
level V2 + γ  [ f(ω18V1) – V2 ] ∆t. 

RO(a, b, c, s, V1)  &  EO(a, b, c, s, V2)  
→→  EO(a, b, c, s, V2 + γ [ f(ω18V1) – V2 ] ∆t) 

 
Finally, it is shown in LP11 how the Hebbian learning process of the connection from 
preparation state for b to sensory representation s2 of an observed action was modelled. 
This takes place using the following Hebbian learning rule, with maximal connection 
strength 1, a learning rate η, and extinction rate ζ (usually taken small):  

 

∆ω  = γ [ ηV1V2 (1 - ω) - ζω ] ∆t 
 

Here V1 and V2 are (time-dependent) activation levels of the connected nodes, and γ  is 
an adaptation speed factor. In differential equation format it can be written as 
 

𝑑𝑑ω
𝑑𝑑𝑑𝑑

 = γ [ ηV1V2 (1 - ω) - ζω ]  = γ [ ηV1V2  - (ηV1V2 + ζ) ω ] 
 

A similar Hebbian learning rule can be found in [11], p. 406. By the factor (1 - ω) the 
learning rule keeps the level of ω bounded by 1. When the extinction rate is relatively 
low, the upward changes during learning are proportional to both V1 and V2 and 
maximal learning takes place when both are 1. Whenever one of them is close to 0, 
extinction takes over, and ω slowly decreases. This is specified as follows: 
 

LP11  Learning for inverse mirroring  
If the sensory representation of stimulus s2 has level V1, 
  and the preparation for a has level V2, 
  and the connection weight from preparation for a to sensory representation of s2 has level W, 
then after duration ∆t  the connection weight from preparation for b to sensory representation of 

s2 will have  
level W + γ [ ηV1V2 (1 - W) - ζW ] ∆t. 

SR(s2, V1)  &  PA(a, V2) & cs(ω, W)  →→  cs(ω, W + γ [ ηV1V2 (1 - W) - ζW ] ∆t) 

3    Simulation Results 

This section presents some simulation results for the model described in Section 2. A 
number of simulations have been performed with the focus of simulating normal 
functioning and deviant functioning of the model. Moreover its effect with the case of 
an agent having a poor action prediction capability and satisfactory prediction 
capability is modeled and results are presented here (see also [22]), relating to deviant 
functioning and normal functioning, respectively. For the simulation results shown in 
Figures 2 and further, time is on the horizontal axis and the activation level of the state 
properties on the vertical axis. The initialized connection strengths between different 
states for normal functioning are shown in Table 3 below. 
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Table 3. Overview of the connections and their weights 

Connection ω1 ω2 ω2o ω3 ω4 ω5 ω6 ω7 ω8 ω9 
Self 1 0.8 -0.6 0.5 0.8 0.8 1 1 1 1 

Other 1 - - - - - 1 1 1 1 
 ω10 ω11 ω12 ω13 ω14 ω15 ω16 ω17 ω18 ω19 

Self 1 1 1 1 1 1 1 1 1 1 
Other - - - 1 - - - -0.4 - - 

 
These values are kept fixed throughout the simulation, except the connection strength ω 
which is initialized with 0 and is adapted over time by the Hebbian learning rule given 
in LP10 in Section 2. Other parameters are set as ∆ t = 0.1, learning rate η = 0.3, 
extinction rate ζ = 0.05, speed factor λ = 0.001. A relatively slow value 0.3 for the 
update speed parameter γ was applied for external processes (action execution, effect 
generation and effect sensing) modelled by LP6, LP7, and LP8, and a fast value 0.6 for 
γ for the internal processes modelled by the other LP’s. Threshold and steepness values 
for different states are given in Table 4. 

Table 4. Overview Steepness and Threshold values 

State SR(b) PA(a) PO 
(other) 

PO 
(self) 

RO 
(other) 

RO 
(self) EA(a) EO 

(other) 
EO 

(self) 
Steepness (σ) 4 4 8 8 20 20 20 40 40 
Threshold (τ) 0.1 0.8 4 3 0.87 3.6 1.5 0.6 0.8 

 
For the initial duration of 50 time units the stimulus s2 for the observed action occurs 
three times for 250 time units alternatively, i.e., for the first 50 time units thw world 
state for s2 has value 1 and for the next 250 time units value 0, and so on (see Fig. 3) to 
generate the similar scenario as described for inverse mirroring case in Section 3. 
During these 900 time units the world state for context self was kept 0 (see Fig. 4). This 
represents the situation in which a person observes somebody else performing some 
action (or bodily change) and the mirroring function of the preparation state makes the 
person prepare for this action for him or herself.  
 

 
Fig. 3. World State for observed action      Fig. 4. World State for self 

The fluctuation in the activation level of the sensor state repeats the same pattern 
between 0.1 to 0.9 as it only depends (via LP8) upon the world state for observed 
action, which also is repetitive. Due to space limitation those graphs are not included 
here but Fig. 5 shows how the sensory representation for the observed action reacts to 
the situation described above. For this particular case , as the stimulus for observed 
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action  remain present for a very short time i.e 50 time points, after attaining higher 
activation level, SR(s2) start declining immediately and as WS(self) is 0 during this time 
hence SR(self) remains 0. 
 

 
Fig. 5. Sensory Representation for    Fig. 6. Sensory Representation for  

(observed action)           (self) 

Consequently prior other-ownership i.e PO(a, b, other, s) did not attain reasonably higher 
activation level whereas retrospective other-ownership i.e RO(a, b, other, s) keep on 
fluctuating similar to SRS(other). Moreover prior self-ownership i.e PO(a, b, self, s) and 
retrospective self-ownership i.e RO(a, b, self, s) remain almost 0 during this time. (see 
Fig. 7 and Fig. 8) 
 

 
Fig. 7. Prior Ownership    Fig. 8. Retrospective Ownership 

Fig. 9 and Fig. 10 show the behavior of preparation state for action a and the 
representation of the action effect b, respectively. 
 

 
Fig. 9. Preparation Action for a    Fig. 10. Sensory representation of b 

0

0.2

0.4

0.6

0.8

1

1.2

0 200 400 600 800 1000 1200 1400 1600 1800 2000

SR(s2)

0

0.2

0.4

0.6

0.8

1

1.2

0 200 400 600 800 1000 1200 1400 1600 1800 2000

SR(self )

0

0.2

0.4

0.6

0.8

1

1.2

0 200 400 600 800 1000 1200 1400 1600 1800 2000

Prior Ownership PO(a,b,Other,s)

PO(a,b,Self,s)

0

0.2

0.4

0.6

0.8

1

1.2

0 200 400 600 800 1000 1200 1400 1600 1800 2000

Retro Ownership RO(a,b,Other,s)

RO(a,b,Self,s)

0

0.2

0.4

0.6

0.8

1

1.2

0 200 400 600 800 1000 1200 1400 1600 1800 2000

Preparation Action(a)

0

0.2

0.4

0.6

0.8

1

1.2

0 200 400 600 800 1000 1200 1400 1600 1800 2000

SR(b)



Chapter 02                          Ownership and Inverse Mirroring 
 

Part II- 
Adaptivity in Human Agent Models Page 36 
 

Due to quite low activation of both self and other prior-ownership (Fig. 7), one does not 
observe any action execution for a during this time as shown in Fig. 11. 
 

 
Fig. 11. Action execution for a    Fig. 12. Communication of ownership 

As communication of ownership state is directly related to the retrospective ownership, 
it shows similar fluctuating activation level as of RO(a, b, c, s) (see Fig. 12). Furthermore 
the inverse link from preparation state for action a to the sensory representation for the 
observed action i.e. SR(s2) is not strengthened during this phase which reflects the 
normal functioning of the agent (see Fig.13). Thus in the absence of WS(other), SR(other) 
also remain zero (see Fig. 13) 
 

 
Fig. 13. Normal Functioning    Fig. 14. Deviant Functioning  

After that, for 200 time units both the world states stimulus for self and other are kept 0 
from time point 900 to 1100, so that the effect of any stimulus on different states is 
neutralized as shown in Fig. 3 and Fig. 4. Then after 200 time points the world state for 
self WS(self) is set to 1 while keeping WS(other) at 0. As from now on WS(self) remains 1, 
high activation levels for sensory representation for self, prior self-ownership and 
retrospective self-ownership occur. This in turns produces high activation levels of 
action execution for a, i.e., EA(a) shown in Fig. 11. Similar behavior can be observed for 
communication of ownership represented in Fig. 12. 

Now to simulate the deviant behavior, again all parameters were initialized with the 
same values as used to simulate normal behavior shown in Table 3 and Table 4 earlier 
except the extinction and learning rate: η = 2, ζ = 0.01 respectively. In contrast to the 
previous results, by using these parameter settings the inverse link from preparation 
state for action a to sensory representation of observed action is learnt substantially 
during first 900 time units as shown in Fig. 14. Due to this higher connection strength of 
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the inverse link, SR(s2) also gains a higher activation level, even in the absence of 
WS(s2) from 900 onwards (see Fig. 15). Fig. 16 shows the activation level of SR(self). 
 

 
Fig. 15. Sensory Representation for    Fig. 16. Sensory Representation for  

Observed Action           Self 

Thus, it results in increasing the value of the retrospective other-ownership, i.e. 
RO(a, b, other, s) and communication of other-ownership i.e. EO(a, b, other, s) to 0.69 and 
0.95 respectively (see Fig. 17 and Fig. 18). Hence an agent develops a mental image of 
somebody else performing action a and the same is communicated based on the high 
activation level of the retrospective ownership state. 

 

 
Fig. 17. Retrospective Ownership    Fig. 18. Communication of Ownership  

4  Discussion 

The human-like agent model presented in this paper incorporates two mechanisms 
that play an important role in attributing actions to agents. In the first place it 
exploits prior and retrospective ownership states for an action based on principles 
from recent neurological theories; this was adopted from [22]. A prior ownership 
state is affected by prediction of the effects of a prepared action, and exerts control 
by strengthening or suppressing actual execution of the action. A retrospective 
ownership state depends on whether the sensed consequences co-occur with the 
predicted consequences. In the second place, the agent model incorporates an 
adaptive inverse mirroring mechanism (adopted from [23]) to generate mental 
images of an agent to whom an action is attributed. It is shown how poor action 
effect prediction capabilities can lead to reduced retrospective ownership states for 
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self but higher retrospective ownership states for a (fictitious) other agent, for whom 
also a mental image is generated, as happens in persons suffering from 
Schizophrenia.  
 As discussed in [17] mirroring is a process from an observed action or body state of 
another person to a person’s own preparation states, which involves a mental rotation 
mapping sensory representations of observed actions of other agents onto the 
representational structures for self-generated actions. This mental rotation realises a 
change of perspective from another agent (third-person) to a perspective from oneself 
(first-person). Attribution a self-generated action to another agent involves a reverse 
mental rotation, realising a change of perspective from oneself (first-person) to another 
agent (third-person) perspective. When such a reverse mental rotation is made, a self-
generated action is perceived as observed from a third person perspective. The human-
like agent model presented in this paper uses such a mechanism, based on inverse 
mirroring, as introduced in [23]. This mechanism can develop based on Hebbian 
learning [12], [2], [11]. The adaptive inverse mirroring mechanism adopted from [23] 
has been integrated in the agent model for ownership states adopted from [22] to obtain 
the model presented here. 
 The modelling format used to formally specify the agent model is based on the 
executable hybrid dynamical modelling language LEADSTO [4]. This hybrid language 
combines executable temporal logical elements [1] and numerical dynamical system 
elements [19]. 
 The obtained human-like agent model can be used as a basis for the design of virtual 
agents in simulation-based training or in gaming. For example, a virtual patient mpdel 
can be developed based on the presented model so that, for example, a psychiatrist or 
psycho-therapist (e.g., during his or her education) can gain insight in the processes in 
certain types of patients, or it can be used by a therapist to analyse how a certain form 
of therapy can have its effect on these processes. Another type of application may be to 
design a system for agent-based virtual stories in which, for example, persons with 
deviations in ownership states play a role (e.g., characters suffering from schizophrenia, 
attributing their own actions to other real or imaginary persons). 
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Abstract   
In this paper a dynamical model is presented for how the strength of a desire relates to 
responses in the form of being prepared for certain actions, which in turn relate to 
feelings which can be biased, for example due to addicting experiences in the past. In 
this dynamical model both the strength of such a preparation and of the induced 
feeling result from a converging dynamic pattern modelled by reciprocal causal 
interactions between the two. The model has been used to conduct a number of 
simulation experiments under varying circumstances. Moreover, it has been evaluated 
by formal analysis of emerging patterns entailed by the model. Furthermore, it has 
been pointed out how the computational model can be applied within an ambient agent 
system estimating a human’s dynamics of desiring and being tempted. In a simple 
example scenario it is shown how by use of this dynamical model, such an ambient 
agent system is able to predict and assess a human’s desire state, and related to this 
desire, his or her preparation for certain actions, and use this assessment to suggest 
alternatives to avoid falling for certain temptations. 
  
Keywords: desire, feeling, computational model 
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1 Introduction 

A desire triggers a number of responses in the form of preparations for certain actions 
related to the desire that have certain emotions associated to them and in turn induce 
certain feelings. In a reciprocal manner, the generated feelings affect the preparations; 
for some literature on such reciprocal interactions between cognitive and affective 
states, see, for example, (Eich, Kihlstrom, Bower, Forgas, and Niedenthal, 2000; 
Niedenthal, 2007; Winkielman, Niedenthal, and Oberman, 2009; Memon and Treur, 
2010). The dynamical model used in this paper to model a person’s reciprocal 
interaction between feeling and preparation induced by having a desire, is based on 
neurological theories on the embodiement of emotions as described, for example, in 
(Damasio, 1994, 1996, 1999, 2003; Winkielman, Niedenthal, and Oberman, 2009).  

More specifically, in accordance with, for example (Damasio, 1999, 2003), for 
feeling the emotion associated to a preparation a converging recursive body loop is 
assumed. This feedback loop also involves the interaction back from the feeling to the 
preparation state. For given circumstances, within this loop, an equilibrium is reached 
for both the strength of the preparation and of the feeling. The level of this equilibrium 
depends on the strengths of the connections within such a loop, which by a Hebbian 
learning mechanism is assumed to be subject to adaptation based on earlier experiences; 
this is also in line with the Somatic Marker Hypothesis (Damasio, 1994, 1996). It is 
through this adaptation process that, for example, addicting experiences can create 
serious biases in these loops, that may easily lead to vulnerabilities for temptations. 

The paper in the first place introduces a dynamical model for the processes indicated 
above, but also discusses the possible use of such a model in supporting persons to 
handle temptations. To this end, agent modelling provides a useful design approach to 
the area of ambient systems (e.g., Aarts, Collier, Loenen, Ruyter, 2003; Aarts, Harwig, 
Schuurmans, 2001; Riva, Vatalaro, Davide, Alcañiz, 2005). One of the more ambitious 
challenges in this area is to create ambient systems with an appropriate human-
awareness: awareness of the (mental) states of humans. To obtain an adequate human-
aware ambient system, a dynamical model describing the dynamics and interaction of 
internal states is needed. To design an ambient system incorporating such a model, 
agent modelling offers a useful approach, as agents are able to integrate such dynamical 
models and reason about them (e.g., Bosse, Hoogendoorn, Klein, and Treur, 2009). 
Human-aware ambient agent systems equipped with the ability to reason about the 
different types of mental states in principle can be applied to support of humans, for 
example persons vulnerable to temptations due to a developing addiction.  

In this paper, first in Section 2 the computational model for the dynamics of desires, 
preparations and feelings is described. Section 3 presents simulation results of the 
domain model. In Section 4, formal analysis of the computational model is addressed, 
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both by mathematical analysis of equilibria and automated logical verification of 
properties. In Section 5 it is pointed out how an ambient agent model can be obtained 
which integrates the computational model. Section 6 is a discussion. Appendices give 
some more details for the suggestions put forward for application of the computational 
model within an ambient agent. 

2   The Computational Model for Dynamics of Desires and 
Feelings 

In this section the dynamical interaction between desiring, preparing and feeling is 
discussed in some more detail from a neurological perspective. First an overview is 
given, next different parts of the model are discussed in more detail. 
 
2.1 Overview of the Computational Model 
 
Any mental state in a person induces emotions felt by this person, as described in 
(Damasio, 2003): 
 

 ‘… few if any exceptions of any object or event, actually present or recalled from 
memory, are ever neutral in emotional terms. Through either innate design or by learning, 
we react to most, perhaps all, objects with emotions, however weak, and subsequent 
feelings, however feeble.’  (Damasio, 2003, p. 93) 

 

More specifically, in this paper it is assumed that responses in relation to a mental state 
of desiring roughly proceed according to the following causal chain: 
 

desire   →  preparation for response  →  body state modification  →  sensing body state  →   
sensory representation of body state →  induced feeling 

 

 

As a variation, an ‘as-if body loop’ uses a direct causal relation 
 

preparation for response  →  sensory representation of body state 
 

 

as a shortcut in the causal chain; cf. (Damasio, 1999). The body loop (or as-if body 
loop) is extended to a recursive (as-if) body loop by assuming that the preparation of the 
bodily response is also affected by the state of feeling the emotion:  
 

feeling  →  preparation for  the bodily response   
 

 

Such recursion is suggested in (Damasio, 2003), noticing that what is felt is a body state 
which is under control of the person: 
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‘The brain has a direct means to respond to the object as feelings unfold because the 
object at the origin is inside the body, rather than external to it. The brain can act directly 
on the very object it is perceiving. (…) The object at the origin on the one hand, and the 
brain map of that object on the other, can influence each other in a sort of reverberative 
process that is not to be found, for example, in the perception of an external object.’  
(Damasio, 2003, pp. 91-92) 

 

 

Within the computational model presented in this paper, both the bodily response and 
the feeling are assigned a level or gradation, expressed by a number. The causal cycle is 
modelled as a positive feedback loop, triggered by an activation of the desire and 
converging to certain activation levels of feeling and preparation for a body state. Here 
in each round of the cycle the next body state preparation has a level that is affected by 
both the activation levels of the desiring and the feeling state, and the next level of the 
feeling is based on the level of the preparation for the body state. In this way the 
activation of a specific action is based on both the activation level of the desire and of 
the feeling associated to this action. This illustrates Damasio’s theory on decision 
making with a central role for emotions felt, called the Somatic Marker Hypothesis (cf. 
Bechara and Damasio, 2004; Damasio, 1994, 1996). Each considered decision option 
induces (via an emotional response) a somatic marker. Viewed from this perspective, 
based on the recursive as-if body loop, not only the strength of the connection from 
desire to preparation but also the strength of the connection from feeling to preparation 
will play an important role in deciding which action to pursue. When one or each of 
these connections is weak it will not lead to a high activation level of the preparation 
state, whereas a strong connection strength may result in a high activation level of the 
preparation state so that it may become the dominant option. Such a dominant 
preparation can play the role of a strong temptation. 

The strengths of the connections from feeling to preparation may be subject to 
learning. Especially when a specific action is performed and it leads to a strong effect in 
feeling, by Hebbian learning (Bi and Poo, 2001; Hebb, 1949; Gerstner and Kirstner, 
2002) this may give a positive effect on the strength of this connection and 
consequently on future activations of the preparation of this specific action. Through 
such a mechanism experiences in the past may have their effect on behavioral choices 
made in the future, as also described as part of Damasio’s Somatic Marker Hypothesis. 
In the computational model described below, this is applied in the form of a Hebbian 
learning rule realising that actions induced by a certain desire which result in stronger 
experiences of satisfaction felt will be chosen more often to fulfill this desire. 

In the remainder of this section the dynamical model for desires, preparations and 
feelings is presented; for an overview see Figure 1. This picture also shows labels LP0 
to LP8  referring to the detailed specifications of dynamical relations explained formally 
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in section 2.2 and section 2.3. Note that the precise numerical relations between the 
indicated variables V shown are not expressed in this picture, but in the detailed 
specifications of properties. Here capitals are used for (assumed universally quantified) 
variables. The computational model was specified in the hybrid dynamical modelling 
language LEADSTO (Bosse, Jonker, Meij and Treur, 2007), where the temporal 
relation a →→ b denotes that when at some time point a state property a occurs, then after 
a certain time delay (which can be specified as any positive real number, for example, a 
small time step ∆t), state property b will occur. LEADSTO is a hybrid language in the 
sense that both logical and numerical relations can be specified in a fully integrated 
manner. It is supported by a dedicated editor and a simulation environment. 

 
 

 
 

Figure 1.  Overview of the dynamical model for desiring and feeling 
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2.2  The Dynamical Interaction between Preparing and Feeling induced by 
a Desire 

 
Desires are assumed to be based on sensory representations of unbalances in the body 
state, according to the principle that organisms aim at maintaining homeostasis of their 
internal milieu. They induce preparations for actions and associated feelings which in 
turn have a mutual interaction. 
 
Generating a desire by a sensing a bodily unbalance 
Sensor states are represented in Figure 1 by sensor_state(b,V) and sensor_state(bi,Vi) for i = 
1, 2, 3 (see LP0). As a next step sensory representation is determined; this is a simple 
propagation of the respective sensor state value to the respective value for the sensory 
representation state as shown in Figure1 as srs(b,V); LP1. The desire considered in the 
example scenario is assumed to be generated due to sensing an unbalance in a body 
state indicated by b. For the example scenario, the person senses the body state b from 
which the desire originates (e.g., a state of being hungry), and the body states bi 
involved in feeling satisfaction with specific ways in which the desire is fulfilled. The 
dynamic property for the process for desire generation is described, from the sensory 
representation of the body state unbalance: the value V of sensory representation srs(b,V) 
of b is passed on to the value for desire(b,V); LP2. 
Generating a desire  
 

LP0  Sensing a body state 
If  body state property B has level V 
then  after ∆t a sensor state for B will have level V. 

body_state(B, V) →→  sensor_state(B, V) 
 

LP1  Generating a sensory representation for a sensed body state  
If  a sensor state for B has level V,  
then  after ∆t a sensory representation for B will have level V. 

sensor_state(B, V)  →→  srs(B, V) 
 

LP2  Generating a desire based on a sensory representation 
If  a sensory representation for b has level V,  
then  after ∆t a desire to address b will have level V. 

srs(b, V)  →→   desire(b, V) 
 

Inducing preparations  
 

LP3  From desire and feeling to preparation  
If  desire for b has level V   
  and feeling the body state bi has level Vi 
  and  the preparation state for bi has level Ui 
  and  ω1i   is the strength of the connection from desire for b to preparation for bi 
  and  ω2i   is the strength of the connection from feeling of bi to preparation for bi 
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  and  σ i  is the steepness value for the preparation for bi 
  and  τ i  is the threshold value for the preparation for bi 
  and  γ 1 is the person’s flexibility for bodily responses 
then  after ∆t preparation state for bi will have level  Ui + γ1(g(σi, τ i,  V, Vi, ω1i, ω2i) - Ui) ∆t. 

desire(b, V)  &  feeling(bi, Vi)  &  prep_state(bi, Ui)  &   
has_steepness(prep_state(bi), σi)  &  has_threshold(prep_state(bi), τi) 
→→  prep_state(bi, Ui + γ1 (g(σi, τ i, V, Vi, ω1i, ω2i) - Ui) ∆t) 

 

From preparation to feeling (as-if body loop) 
 

LP4  From preparation and sensor state to sensory representation of body state 
If  preparation state for body state B has level V1 
  and sensor state for B has level V2  
  and the sensory representation for B has level U 
  and  σ  is the steepness value for the sensory representation of B 
  and  τ  is the threshold value for the sensory representation of B 
  and  γ2 is the person’s flexibility for bodily responses 
then  after ∆t the sensory representation for body state B will have 

level U + γ2 (g(σ, τ,  V1, V2, 1, 1) - U) ∆t. 
 

prep_state(B, V1) & sensor_state(B, V2) & srs(B, U)  & has_steepness(srs(B), σ) &  
has_threshold(srs(B), τ) 
→→  srs(B, U + γ2 (g(σ, τ, V1, V2, 1, 1) - U) ∆t) 

 

LP5  From sensory representation of body state to feeling 
If  a sensory representation for body state B has level V, 
then  after ∆t B will be felt with level V. 

srs(B, V)  →→   feeling(B, V) 
 
Inducing preparations  
The process of propagation of the value was simple as only state was responsible to 
activate the next state but the value of the preparation state depends upon the value of 
desire and feeling. In other words it is assumed that activation of a desire, together with 
a feeling, induces preparations for a number of action options: those actions the person 
considers relevant options to satisfy the desire, for example based on earlier 
experiences, the following dynamic property describes such responses to an activated 
desire in the form of the preparation for specific actions. It combines the activation 
levels V and Vi of two states (desire and feeling) through connection strengths ω1i and 
ω2i respectively. This specifies part of the recursive as-if loop between feeling and body 
state. This dynamic property uses a combination model based on a function g(σ, τ, V, 
Vi, ω1i, ω2i) which includes a sigmoid threshold function  
 

th(σ, τ, V)  = 1
1+ 𝑒𝑒− 𝜎𝜎(𝑉𝑉− 𝜏𝜏  ) 

 

with steepness σ  and threshold τ . For this model g(σ, τ, V, Vi, ω1i, ω2i) is defined as  
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g(σ, τ, V, Vi, ω1i, ω2i)  = th(σ, τ, ω1iV + ω2iVi)  
 

with V, Vi  activation levels and ω1i, ω2i weights of the connections to the preparation 
state. See section 2.2, LP3 for formal specification of this dynamic relationship.  
 
From preparation to feeling and back 
This is done in two folds. Firstly the sensory representation of body state is calculated 
by combining the effect of preparation state values i.e prep_state(bi,vi) generated through 
as-if body loop and the value from sensor state i.e sensor state(bi,Vi) generated through 
the body loop. It uses the similar function g(σ, τ, V1, V2, 1,1) where  V,  and V2 are 
levels for preparation state and sensor state for body state respectively. For detail see 
section 2.2, LP4 and LP5. 
 
2.3  Dynamics of Action Performance and Desire Satisfaction 
 
Next the preparations of body states bi and their effects on body states b and bi are 
addressed. The idea is that the actions performed by body states bi are different means 
to satisfy the desire related to b, by having an impact on the body state that decreases 
the activation level V (indicating the extent of unbalance) of body state b. In addition, 
when performed, each of them involves an effect on a specific body state bi which can 
be interpreted as a basis for a form of satisfaction felt for the specific way in which b 
was satisfied. So, on the one hand a specific action performance involving bi has an 
effect on body state b, by decreasing the level of unbalance entailed by b, and on the 
other hand it has an effect on the body state bi by increasing the level of satisfaction 
entailed by bi.  This level of satisfaction may be proportional to the extent to which the 
unbalance is reduced, but may also be disproportional. 

As the possible actions to fulfill a desire are considered different, they differ in the 
extents of their effects on these two types of body states, according to an effectiveness 
rate αi between 0 and 1 for b, and an effectiveness rate βi between 0 and 1 for bi. The 
effectiveness rates αi and βi can be considered a kind of connection strengths from the 
effector state to the body states b and bi, respectively. In common situations for each 
action these two rates may be equal (i.e., αi = βi), but especially in more pathological 
cases they may also have different values where the satisfaction felt based on rate βi for 
bi may be disproportionally higher or lower in comparison to the effect on b based on 
rate αi  (i.e., βi > αi or βi < αi). An example of this situation would be a case of 
addiction for one of the actions. To express the extent of disproportionality between βi 
and αi, a parameter λi, called satisfaction disproportion rate, between -1 and 1 is used. 
This parameter relates βi to αi using a function f, by βi = f(λi, αi). Here the function  f(λ, 
α) satisfies 
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f(0, α) = α, f(-1, α) = 0, f(1, α) = 1 
 
The function f(λ, α)  can be defined in a continuous (but not differentiable) manner as a 
piecewise linear function in λ by 
 

 

f(λ, α) = α + λ(1-α) if  λ ≥ 0 
f(λ, α) = (1+λ)α  if  λ ≤ 0 

 
Using such a function f, for normal cases λi = 0 is taken, for cases where satisfaction is 
disproportionally higher 0 < λi ≤ 1 and for cases where satisfaction is disproportionally 
lower -1 ≤ λi < 0. For more details see LP6 and LP7. 

Note that in case only one action is performed (i.e., Vj = 0 for all j ≠ i), the formula 
in LP8 reduces to V +(ϑ * (1-V) –  ρ * αi * Vi  * V) ∆t. In the formula ϑ  is a rate of 
developing unbalance over time (for example, getting hungry), and ρ  a rate of 
compensating for this unbalance. Note that the specific formula used here to adapt the 
level of b is meant as just an example. As no assumptions on body state b are made, this 
formula is meant as a stand-in for more realistic formulae that could be used for specific 
body states b. 
LP6  From preparation to effector state  
If  preparation state for B has level V, 
then  after ∆t the effector state for body state B will have level V. 

prep_state(B, V)  →→  effector_state(B, V) 
 

LP7  From effector state to modified body state bi 
If  the effector state for bi has level Vi, 
  and for each i the effectivity of bi for b is αi 
  and the satisfaction disproportion rate for bi for b is λi 
then  after ∆t body state bi will have level  f(λi, αi)Vi. 

effector_state(bi, Vi) & is_effectivity_for(αi, bi, b) & 
is_disproportion_rate_for(λi, bi)  →→  body_state(bi, f(λi, αi)Vi) 

 

LP8  From effector state to modified body state b 
If  the effector states for bi have levels Vi, 
  and body state b has level V, 
  and for each i the effectivity of bi for b is αi 
then after ∆t body state b will have  
 level  V +(ϑ * (1-V) – ρ * (1 – ( (1 - α1 * V1)  * (1 - α2 * V2) * (1 - α3 * V3) )) * V) ∆t. 

effector_state(b1, V1)  &  effector_state(b2, V2)  &  effector_state(b3, V3)  &   
body_state(b, V)  &  is_effectivity_for(α1, b1, b) &  is_effectivity_for(α2, b2, b) &  
is_effectivity_for(α3, b3, b) 
→→  body_state(b, V + (ϑ * (1-V) – ρ * (1 – ( (1 - α1*V1)  * (1 - α2*V2) * (1 - α3*V3) )) * V) ∆t   
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2.4  Hebbian Learning for the Connections from Feeling to Preparation 
 
The strengths ω2i  of the connections from feeling bi to preparation of bi are considered 
to be subjected to learning. When an action involving bi is performed and leads to a 
strong effect on bi, by Hebbian learning  (Hebb, 1949; Bi and Poo, 2001; Gerstner and 
Kirstner, 2002) this increases the strength of this connection. This is an adaptive 
mechanism that models how experiences in the past may have their effect on 
behavioural choices made in the future, as also described in Damasio’s Somatic Marker 
Hypothesis (Damasio, 1994, 1996). Within the model the strength ω2i of the connection 
from feeling to preparation is adapted using the following Hebbian learning rule. It 
takes into account a maximal connection strength 1, a learning rate η, and an extinction 
rate ζ. A similar Hebbian learning rule can be found in (Gerstner and Kirstner,  2002, p. 
406). For more details see LP9.  
 
LP9  Hebbian learning for the connection from feeling to preparation 
If  the connection from feeling bi to preparation of bi has strength ω2i 
  and the feeling bi has level V1i  
  and  the preparation of bi has level V2i  
  and  the learning rate from feeling bi to preparation of bi is η 
  and  the extinction rate from feeling bi to preparation of bi is ζ 
then  after ∆t  the connection from feeling bi to preparation of bi will have  
 strength ω2i + (ηV1iV2i (1 - ω2i) - ζω2i) ∆t. 

has_connection_strength(feeling(bi), preparation(bi), ω2i) &  
feeling(bi, V1i)  &  preparation(bi, V2i) &   
has_learning_rate(feeling(bi), preparation(bi), η)  &   
has_extinction_rate(feeling(bi), preparation(bi), ζ)    
 →→   has_connection_strength(feeling(bi), preparation(bi), ω2i + (ηV1iV2i (1 - ω2i) - ζω2i) ∆t) 

 
3.   Simulation Results for the Computational Model 
 
Based on the model described in the previous section, a number of simulations have 
been performed. A first example simulation trace included in this section as an 
illustration is shown in Figure 2; in all traces, the time delays within the temporal 
LEADSTO relations were taken 1 time unit. Note that only a selection of the relevant 
nodes (represented as state properties in LEADSTO) is shown. In all of the figures 
shown, where time is on the horizontal axis, and the activation levels of the different 
state properties are on the vertical axis, activation levels of the state properties gradually 
increase following the recursive feedback loop.  
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Figure 2: Simulation Trace 1 – Normal behaviour 
(σ1=σ2=10, τ1=τ2=0.5, γ1=γ2=0.05, α1=β1 =0.05, α2=β2 =0.25, α3=β3=1, ρ=0.8, ϑ=0.1, 

η=0.04, ζ=0.01) 
 

For the example shown in Figure 2, for each i it was taken λi = 0, so satisfaction felt 
is in proportion with fulfillment of the desire.  Action option 3 has the highest 
effectiveness rate, i.e. α3 =1. Its value is higher as compared to the other two action 
options. This effect has been propagated to their respective body states as shown in 
Figure 2(b). All these body states has a positive effect on body state b, decreasing the 
level of unbalance, as shown in Figure 2(b), where the value of body state b (which was 
set initially to 0.3) decreases over time until it reaches an equilibrium state. Each of 
these body states generates feelings by a recursive as-if body loop, as shown in Figure 
2(c). Furthermore it gives a strong effect on the strength of the connection from feeling 
to preparation. The connection strength keeps on increasing over time until it reaches an 
equilibrium state, as shown in Figure 2(d). As the extinction rate (ζ=0.01) is smaller 
compared to the learning rate (η=0.04), the connection strength becomes 0.8, which is 
closer to 1, as confirmed by the mathematical analysis in Section 4. 

Figure 3 shows the simulation of an example scenario where the person is addicted 
to a particular action, in this case to action option 1, λ1 = 1. But because the 
effectiveness rate α1 for this option is very low (0.05), the addiction makes that the 
person is not very effective in fulfilling the desire: the level of unbalance remains 
around 0.3; the person mainly selects action option 1 because of its higher satisfaction. 
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Figure 3: Simulation Trace 2 – Addiction-like behaviour  
(σ1=σ2=10, τ1=τ2=0.5, γ1=γ2=0.05, α1=0.05, α2=β2=0.1, α3=β3=0.7, ρ =0.8, ϑ=0.1, η=0.02, 

ζ=0.01) 
 
In the next trace (see Figure 4), the effectiveness rates for the different action options 
have been given a distinct pattern, i.e. after some time α1 has been gradually increased 
with a term of 0.009, starting with an initial value of 0.05 until it reaches the value of 1, 
thereafter it has been kept constant to 1. In the same period the effectiveness rate α3 has 
been gradually decreased with 0.009, starting with an initial value of 1, until it reaches 
the value of 0.05, thereafter it has been kept constant to 0.05, showing an exact opposite 
pattern of α1. Effectiveness rate α2 is being kept constant to 0.15 for all the time points. 
As can be seen in Figure 4, firstly the person selects action option 3 as the most 
effective one, but after a change in circumstances the person shows adaptation by 
selecting action option 1, which has now a higher effectiveness rate. 
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Figure 4: Simulation Trace 3 – Adapting to changing circumstances  
(σ1=σ2=6, τ1=τ2=0.5, γ1=γ2=0.1, α1=β1 increasing from 0.05 to 1, α2=β2=0.15,  

α3=β3 decreasing from 1 to 0.05, ρ =0.8, ϑ=0.1, η=0.04, ζ=0.02) 
 

4.   Formal Analysis of the Computational Model 
 
This section addresses formal analysis of the domain model and the simulation results 
presented above. First a mathematical analysis of the equilibria is made. Next, a number 
of more globally emerging dynamic properties are verified for a set of simulation traces. 
 
4.1 Mathematical Analysis of Equilibria  
 

For an equilibrium of the strength of the connection from feeling bi to preparation of bi, 
by LP9 the following holds: 
 

ηV1iV2i (1 - ω2i) - ζω2i = 0 
 

with values V1i for feeling level and V2i  for preparation level for bi. This can be 
rewritten into  
 

ω2i    = 𝜂𝜂  𝑉𝑉1𝑖𝑖 𝑉𝑉2𝑖𝑖
𝜂𝜂  𝑉𝑉1𝑖𝑖 𝑉𝑉2𝑖𝑖+ ζ 

  =  1

1+ ζ
𝜂𝜂  𝑉𝑉1𝑖𝑖 𝑉𝑉2𝑖𝑖

 

Using V1i, V2i  ≤ 1 from this it follows that 
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ω2i  ≤  1
1+ζ 𝜂𝜂⁄

 
 

 

gives a maximal connection strength that can be obtained. This shows that given the 
extinction, the maximal connection strength will be lower than 1, but may be close to 1 
when the extinction rate is small compared to the learning rate. For example, for the 
trace shown in Figure 2 with ζ = 0.01 and η=0.04, this bound is 0.8, which indeed is 
reached for option 3. For the traces in Figures 3 and 4 with ζ /η = ½ this maximum is 
2/3, which is indeed reached for option 1 in Figure 3 and option 3, resp. 1 in Figure 4. 
Whether or not this maximally possible value for ω2i is approximated for a certain 
option, also depends on the equilibrium values for feeling level V1i and preparation level 

V2i for bi. For values of V1i  and V2i that are 1 or close to 1, the maximal possible value of 
ω2i  is approximated. When in contrast these values are very low, also the equilibrium 
value for ω2i  will be low, since: 
 

ω2i    = 𝜂𝜂  𝑉𝑉1𝑖𝑖 𝑉𝑉2𝑖𝑖
𝜂𝜂  𝑉𝑉1𝑖𝑖 𝑉𝑉2𝑖𝑖+ ζ 

     ≤    η V1iV2i /ζ 
 

So, when one of V1i and V2i is 0 then also ω2i = 0 (and conversely). This is illustrated by 
the options 1 and 2 in Figure 2, and option 2 in Figure 3. 

Given the sigmoid combination functions it is impossible to solve the equilibrium 
equations in general. Therefore the patterns emerging in the simulations cannot be 
derived mathematically in a precise manner. However, as the combination functions are 
monotonic, some relationships between inequalities can be found: 

 

(1) V1jV2j  ≤ V1kV2k    ⇒  ω2j  ≤ ω2k       
(2) ω2j  < ω2k    ⇒  V1jV2j  < V1kV2k 
(3) ω2j ≤ ω2k   &  V1j  ≤ V1k    ⇒  ω2j V1j  ≤ ω2k V1k   ⇒  V2j  ≤ V2k   
(4) V2j  < V2k   ⇒  ω2j V1j  < ω2k V1k 
(5) βj ≤ βk   & V2j  ≤ V2k   ⇒  (1+βj ) V2j  ≤ (1+βk ) V2k  ⇒ V1j  ≤ V1k   
(6)  V1j  < V1k   ⇒  (1+βj ) V2j  < (1+βk ) V2k 

 

Here (1) and (2) follow from the above expressions based on LP9. Moreover, (3) and 
(4) follow from LP3, and (5) and (6) from the properties LP4, LP5, LP6, LP7, LP0 and 
LP1 describing the body loop and as-if body loop.  

For the case that one action dominates exclusively, i.e., V2k = 0 and ω2k = 0  for all k 
≠ i, and V2i > 0, by LP8 it holds 
 

ϑ * (1-V) –  ρ * αi * V2i * V = 0 
 

where V is the level of body state b. Therefore for ϑ >0 it holds  
V  = 1

1+(𝜌𝜌𝜌𝜌 𝑖𝑖 𝜗𝜗)𝑉𝑉2𝑖𝑖⁄
  ≥   1

1+(𝜌𝜌 𝜗𝜗⁄ )𝜌𝜌𝑖𝑖
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As V2i > 0  is assumed, this shows that if ϑ  is close to 0 (almost no development of 
unbalance), and ρ > 0 and αi > 0, the value V can be close to 0 as well. If, in contrast, 
the value of ϑ  is high (strong development of unbalance) compared to ρ and αi, then 
the equilibrium value V will be close to 1. For the example traces in Figures 2, 3 and 4, 
ρ =0.8 and ϑ=0.1, so ρ /ϑ = 8. Therefore for a dominating option with  αi  = 1, it holds V 
≥ 0.11, which can be seen in Figures 2 and 4. In Figure 3 the effectiveness of option 1 is 
very low (α1 = 0.05), and therefore the potential of this option to decrease V is low: V ≥ 
0.7.  

However, as in Figure 3 also option 3 is partially active, V reaches values around 
0.35. Note that for the special case ϑ = 0  (no development of unbalance) it follows that 
ρ  αi  V2i  V = 0 which shows that V = 0. Values for V at or close to 0 confirm that in 
such an equilibrium state the desire is fulfilled or is close to being fulfilled (via LP0, 
LP1 and LP2 which show that the same value V occurs for the desire). 

 
 

4.2  Logical Verification of Emerging Properties in Simulation  
Traces 

 

In order to investigate particular emerging patterns in the processes shown in the 
simulation runs, a number of properties have been formulated. Formal specification of 
the properties, enabled automatic verification of them against simulation traces, using 
the logical language and verification tool TTL (cf. Bosse, Jonker, Meij, Sharpanskykh, 
and Treur, 2009). The purpose of this type of verification is to check whether the 
simulation model behaves as it should. A typical example of a property that may be 
checked is whether certain equilibria occur, or whether the appropriate actions are 
selected.  

The temporal predicate logical language TTL supports formal specification and 
analysis of dynamic properties, covering both qualitative and quantitative aspects. TTL 
is built on atoms referring to states of the world, time points and traces, i.e. trajectories 
of states over time. Dynamic properties are temporal statements formulated with respect 
to traces based on the state ontology Ont in the following manner. Given a trace γ over 
state ontology Ont, the state in γ at time point t is denoted by state(γ, t). These states are 
related to state properties via the infix predicate |=, where state(γ, t) |= p denotes that state 
property p holds in trace γ at time t. Based on these statements, dynamic properties are 
formulated in a sorted first-order predicate logic, using quantifiers over time and traces 
and the usual first-order logical connectives such as ¬, ∧, ∨, ⇒, ∀, ∃. For more details, 
see (cf. Bosse, Jonker, Meij, Sharpanskykh, and Treur, 2009). 
A number of properties have been identified for the processes modelled. Note that not 
all properties are expected to always hold for all traces. The first property, GP1 (short 
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for Global Property 1), expresses that eventually the preparation state with respect to an 
action will stabilise. 
 

GP1(d): Equilibrium of preparation state 
Eventually, the preparation state for each bi will stabilise at a certain value: not deviate more than 
a certain value d. 
∀γ:TRACE, B:BODY_STATE 
 [ ∃t1:TIME   [ ∀t2:TIME > t1, V1, V2 :VALUE 
    [ state(γ, t1) |= prep_state(B, V1) & state(γ, t2) |= prep_state(B, V2) 
       ⇒ V2 ≥ (1 – d) * V1 & V2 ≤ (1 + d) * V1 ] ] ] 
 
Next, in property GP2 it is expressed that eventually the action which has the most 
positive feeling associated with it will have the highest preparation state value. 
 

GP2: Action with best feeling is eventually selected 
For all traces there exists a time point such that the bi with the highest value for feeling eventually 
also has the highest activation level. 
∀γ:TRACE, B:BODY_STATE, t1:TIME<end_time, V:VALUE 
[ [ state(γ, t1) |= feeling(B, V) & 
∀B2:BODY_STATE, V2:VALUE  

[ state(γ, t1) |= feeling(B2, V2) ⇒ V2 ≤ V]  
 ⇒ [ ∃t2:TIME > t1, V1:VALUE 
        [ state(γ, t2) |= prep_state(B, V1) &  
          ∀B3:BODY_STATE, V3:VALUE  

[ state(γ, t2) |= prep_state(B3, V3)  ⇒ V3 ≤ V1 ] ] ] ] 
 

Property GP3 expresses that if the accumulated positive feelings experienced in the past 
are higher compared to another time point, and the number of negative experiences is 
lower or equal, then the weight through Hebbian learning will be higher. 
 

GP3: Accumulation of positive experiences 
If at time point t1 the accumulated feeling for bi is higher than the accumulated feeling at time 
point t2, then the weight of the connection from bi is higher than at t1 compared to t2. 
∀γ:TRACE, B:BODY_STATE, a:ACTION, t1, t2:TIME<end_time, V1, V2:VALUE 
[ [state(γ, t1) |= accumulated_feeling(B, V1) & state(γ, t2) |= accumulated_feeling(B, V2) & V1>V2 ] 
  ⇒ ∃W1, W2:VALUE 
[state(γ, t1) |= has_connection_strength(feeling(B), preparation(B), W1) &  
state(γ, t2) |= has_connection_strength(feeling(B), preparation(B), W2) & W1 ≥ W2 ] ] 
 

Next, property GP4 specifies a monotonicity property where two traces are compared. It 
expresses that strictly higher feeling levels result in a higher weight of the connection 
between the feeling and the preparation state. 
 
 

GP4: High feelings lead to high connection strength 
If at time point t1 in a trace γ1 the feelings have been strictly higher level compared to another 
trace γ2, then the weight of the connection between the feeling and the preparation state will also 
be strictly higher. 
∀γ1, γ2:TRACE, B:BODY_STATE, t1:TIME<end_time, W1, W2:VALUE 
[∀t’ < t1:TIME, V1, V2:VALUE 
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 [ [ state(γ1, t’) |= feeling(B, V1) &  
     state(γ2, t’) |= feeling(B, V2) ] ⇒ V1 > V2 ] & 
state(γ1, t1) |= has_connection_strength(feeling(B), preparation(B), W1) &  
state(γ2, t1) |= has_connection_strength(feeling(B), preparation(B), W2) ⇒ W1 ≥ W2 ] 
 

Finally, property GP5 analyses traces that address cases of addiction. In particular, it 
checks whether it is the case that if a person is addicted to a certain action (i.e., has a 
high value for the satisfaction disproportion rate λ for this action), this results in a 
situation of unbalance (i.e., a situation in which the feeling caused by this action stays 
higher than the overall body state). An example of such a situation is found in 
simulation trace 2 (in Figure 3). 
 

GP5: Addiction leads to unbalance between feeling and body state 
For all traces, if a certain action has λ > 0, then there will be a time point t1 after which the 
feeling caused by this action stays higher than the overall body state. 
∀γ:TRACE, B1:BODY_STATE, L1:VALUE 
[ state(γ, 0) |= has_lambda(B1,L1) & L1 > 0 
⇒ [ ∃t1:TIME < last_time 
   ∀t2:TIME>t1 X,X1:VALUE  
      [ state(γ, t2) |= body_state(b, X) & body_state(B1, X1) ⇒ X < X1 ] ] ] 
 

An overview of the results of the verification process is shown in Table 1 for the three 
traces that have been considered in Section 3. The results show that several expected 
global properties of the model were confirmed. For example, the first row indicates that 
for all traces, eventually an equilibrium occurs in which the values of the preparation 
states never deviate more than 0.0005 (this number can still be decreased by running the 
simulation for a longer time period). Also, the checks indicate that some properties do 
not hold. In such cases, the TTL checker software provides a counter example, i.e., a 
situation in which the property does not hold. This way, it could be concluded, for 
example, that property GP1 only holds for the generated traces if d is not chosen too 
small. 
 

Table 1. Results of verification of emerging patterns 

property trace 1 trace 2 trace 3 
GP1(X) X≥0.0001 X≥0.0005 X≥0.0001 
GP2 satisfied satisfied satisfied 
GP3 satisfied satisfied Satisfied 
GP4 satisfied for all pairs of traces 
GP5 satisfied satisfied satisfied 
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5   On Application of the Computational Model in an Ambient 
Agent 

As a first step to explore application of the computational model for the dynamics of 
desires, preparations and feelings introduced here, the model was embedded within an 
ambient agent model, in order to enable the agent to reason about this process, and to 
assess the person’s desires, preparations and feelings. The embedding takes place by 
using the causal relationships of the model described in Section 2 above in relationships 
for beliefs of the ambient agent on mental states of the person. In order to achieve this, 
the idea of recursive modelling is used; e.g., (Marsella, Pynadath and Read, 2004). This 
means that the beliefs that agents have about each other are represented in a nested 
manner. To this end, each mental state is parameterized with the name of the agent that 
is considered, thus creating concepts like  
 

 

has_state(human, feeling(b, 0.5))  
has_state(AA, performed(suggest(X))  
 

 

In addition, a number of meta-representations are introduced. For example,  
 

 

has_state(AA, belief(has_state(human, feeling(b, 0.7))))  
 

 

states that the ambient agent (AA) believes that the human has a feeling level of 0.7 for 
b. The following are the resulting agent local properties (ALP) that specify the 
processes within the ambient agent. Three examples of the dynamic properties making 
up the ambient agent model are as follows. The first two dynamic properties (ALP1 and 
ALP2) specify how the ambient agent AA observes the human’s body state and creates 
a belief about it. The third one (ALP6) shows how the computational model was 
embedded in the ambient agent model. Here ω1i   is the strength of the connection from 
desire for b to preparation for Bi, ω2i   is the strength of the connection from feeling of 
Bi to preparation for Bi  and  γ 1 is the person’s flexibility for bodily responses. 
 
ALP1 Observing the human’s body state 
If  the human has certain body state,  
then  the ambient agent AA will observe this. 

has_state(human, body_state(B, V, t))  
→→  has_state(AA, observed(has_state(human, body_state(B, V, t)))) 

 
ALP2 Generating a belief for the human’s body state  
If  the ambient agent AA observes that the human has certain body state,  
then  it will generate a belief on it. 

has_state(AA, observed(has_state(human, body_state(B, V, t))))  
→→   has_state(AA, belief(has_state(human, body_state(B, V, t))))  
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ALP6  Generating a belief for the human’s preparations 
If  AA believes that the human has a desire for b with level V  
  and  AA believes that the human has feeling Bi with level Vi 
  and  AA believes that the preparation for body state Bi has level Ui  
  and σ i  is the steepness value for the preparation for Bi 
  and  τ i  is the threshold value for the preparation for Bi 
then  ambient agent AA will generate the belief that the human’s preparation state for body state 

bi will occur with level Ui + γ 1(g(σi, τ i,  V, Vi, ω1i, ω2i) - Ui) ∆t 
has_state(AA, belief(has_state(human, desire(b, V, t)))) & 
has_state(AA, belief(has_state(human, feeling(B, Vi, t)))) 
has_state(AA, belief(has_state(human, prep_state(Bi, Ui, t)))) & 
has_steepness(prep_state(Bi), σi) &  has_threshold(prep_state(Bi), τi) 
→→  has_state(AA, belief(has_state(human, prep_state(Bi, Ui + γ1 (g(σi, τ i, V, Vi, ω1i, ω2i) - Ui) ∆t), 

 t+∆t))) 
 
The desire assessment is used to generate an intervention intention, whenever needed. 
This intention persists until the point in time at which the intervention has to be 
performed. Table 2 shows the criteria used in the ambient agent’s decision process, 
where the human is assumed to consider an option if the level of the associated 
preparation state is predicted above a certain threshold, which in the example scenario is 
set to 0.1, whereas the different options that are available are characterized as good or 
bad based on the values of the effectivity rates of those options higher or lower than 0.5. 
The shaded cases in Table 1 indicate the cases for which intervention is intended: a bad 
option is considered by the human, or a good option is not considered. 
 

Table 2. Assessment criteria used by the ambient agent 

 

 
 

 
Further dynamic properties for the ambient agent model can be found in detail in 
Appendix A. 

Based on the ambient agent model pointed out above, which utilizes the model of 
the human on the dynamics of desires, preparations, and feelings as introduced in 
Section 2, a number of simulations have been performed within the LEADSTO 
simulation environment (Bosse, Jonker, Meij and Treur, 2007). The model was tested in 
a small scenario, involving an ambient agent and a human, indicated by AA and human, 
respectively. As discussed above, the agent model was equipped with the computational 
model to estimate the human’s levels of desire, preparation and feeling. The example 
scenario taken here considers a person who is getting hungry which generates a desire 
to eat for which a number of options is available at that time. As the level of desire 

 Preparation state level > 0.1 Preparation state level ≤ 0.1 
Effectivity rate > 

0.5 A good option considered by the human  A good option not considered by the 
human 

Effectivity rate ≤ 
0.5 

A bad option considered by the human A bad option not considered by the human 
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increases this makes the person more tempted to eat, and in particular to choose the 
option that is associated to the best feeling. As the domain model is integrated within 
the ambient agent, it can predict the human’s desire level well in advance, and assesses 
the extent to which the human will consider the different options that are available to 
fulfill this desire. Based on the criteria given in Table 2, if the ambient agent predicts 
that the human will consider those options that are not effective for fulfilling the desire, 
then it will suggest not to choose them. Similarly, if the assessment process of the 
ambient agent determines any options that are quite effective for the human to choose, 
but the human will not consider those, then it will suggest the human to choose them.  

The main goal of the ambient agent is to predict the level of desire of the human, 
assess it and, if needed, to suggest effective options to fulfill the desire. To this end, it 
starts with some initial values of the human’s desire and feeling levels, and then keeps 
on updating this, using the integrated model explained in Section 5. An example 
simulation trace is illustrated in Figure 5 (here the time delays within the temporal 
LEADSTO relations were taken 1 time unit). In such figures, where time is on the 
horizontal axis, the upper part shows the time periods, in which the binary logical state 
properties hold (indicated by the dark lines); for example, has_state(AA, 

assessment(has_state(human, high_desire(b), 204))). Below this part, quantitative information is 
provided about the human’s actual desire, preparation states, connection strength levels, 
levels of different body states and the ambient agent AA’s prediction of these. Values 
for these levels for the different time periods are shown by the dark lines. Note that the 
scale on the vertical axis differs over the different graphs, and only a selection of the 
relevant state properties is shown. Figure 5 shows the simulation of an example scenario 
where the person is developing an addiction to a particular action, in this case to action 
option 1, since λ1 = 1 was chosen, which makes the satisfaction rate for this option 
high: β1 = 1. Because the effectiveness rate α1 for this option is very low (0.05), the 
person is not very effective in fulfilling the desire; the level of unbalance remains 
around 0.3. The human selects action option 1 because of its high feeling of satisfaction, 
as shown in lower part of Figure 7, in the graph of AA prep_state b1, which is 
strengthening the connection from feeling to preparation for this option. The ambient 
agent suggests not to choose the option. More details of simulated scenarios for the 
ambient agent model can be found in Appendix B. 
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Figure 5 Simulation Trace 2 – Addiction like behavior: desire and preparation states 
(α1=0.05, β1 =1, α2=β2 =0.25, α3=β3=1, γ1=γ2=0.05,  
σ1=σ2=10, τ1=τ2=0.5, ρ=0.8, ϑ=0.1, η=0.04, ζ=0.01) 

6   Discussion  
In this paper a formally defined dynamical model was introduced integrating cognitive 
and affective aspects of desiring, based on informally described theories in the 
neurological literature. The presented dynamical model describes how a desire induces 
(as a response) a set of preparations for a number of possible actions, involving certain 
body states, which each affect sensory representations of the body states involved and 
thus provide associated feelings. On their turn these feelings affect the preparations, for 
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example, by amplifying them. In this way a dynamical model is obtained for desiring 
which integrates both cognitive and affective aspects of mental functioning. For the 
interaction between feeling and preparation of responses, a converging recursive body 
loop is included in the dynamical model, based on elements taken from (Damasio, 1999, 
2003; Bosse, Jonker and Treur, 2008). Both the strength of the preparation and of the 
feeling emerge as a result of the dynamic pattern generated by this loop. The dynamical 
model is adaptive in the sense that within these loops the connection strengths from 
feelings to preparations are adapted over time by Hebbian learning (cf. Hebb, 1949; Bi 
and Poo, 2001; Gerstner and Kirstner, 2002). By this adaptation mechanism, in 
principle the person achieves that the most effective action to fulfill a desire is chosen. 
However, the dynamical model can also be used to cover humans for whom satisfaction 
for an action is not in proportion with the fulfillment of the desire, as occurs, for 
example, in certain cases of earlier addictive experiences which provide temptations for 
the future. In this case, action choice may become biased by such temptations.  

The computational model for the dynamics of desires, preparations and feelings was 
specified in the hybrid dynamic modelling language LEADSTO, and simulations were 
performed in its software environment (cf. Bosse, Jonker, Meij, and Treur, 2007). 
Simulation experiments show that the model behaves as expected, which also  has been 
verified formally. 

A difference with the model described in (Samson, Frank, Fellous, 2010) is that the 
model presented here is at a more abstract level, in a causal modelling style as also 
discussed in (Seth, 2008), and makes use of Hebbian learning methods that are 
sometimes considered more biologically plausible.  

To function in a knowledgeable manner, ambient agents (e.g., Aarts, Collier, 
Loenen, Ruyter, 2003; Aarts, Harwig, Schuurmans, 2001; Riva, Vatalaro, Davide, 
Alcañiz, 2005) need a model of the humans they are supporting. Such a model enables 
them to obtain human-awareness. It has been pointed out how the introduced model can 
be integrated within an ambient agent model to be able to analyse and support a 
person’s functioning. 
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Appendix A: Ambient Agent Model Properties 
 
This appendix includes the details of the explored ambient agent model. The first two 
properties specify how the agent AA observes the human’s body state and creates a 
belief about it. 
 

ALP1 Observing the human’s body state 
If  the human has certain body state,  
then  the ambient agent AA will observe this. 

has_state(human, body_state(B, V, t))  
→→  has_state(AA, observed(has_state(human, body_state(B, V, t)))) 

 

ALP2 Generating a belief for the human’s body state  
If  the ambient agent AA observes that the human has certain body state,  
then  it will generate a belief on it. 

has_state(AA, observed(has_state(human, body_state(B, V, t))))  
→→   has_state(AA, belief(has_state(human, body_state(B, V, t)))) 

 
 

The following properties specify how the ambient agent observes and generates beliefs 
about the human’s sensing and sensory representation process. 
 
 

ALP3 Generating a belief for a human’s sensing  
If  AA believes that the human has certain body state,  
then it will generate a belief that after ∆t the human will sense this body state 

has_state(AA, belief(has_state(human, body_state(B, V, t))))  
→→   has_state(AA, belief(has_state(human, sensor_state(B, V, t+∆t)))) 

 

ALP4 Generating a belief for the human’s sensory representation  
If  AA believes that the human senses body state, 
then it will generate a belief that after ∆t the human will have a sensory representation for this. 

has_state(AA, belief(has_state(human, sensor_state(B, V, t))))  
→→   has_state(AA, belief(has_state(human, srs(B, V, t+∆t)))) 

 
 

The ambient agent generates a belief on the human’s desires by: 
 

 

ALP5 Generating a belief for the human’s desires  
If  AA believes that the human has a sensory representation for body state b 
then it will generate a belief that after ∆t the human will generate a desire 

has_state(AA, belief(has_state(human, srs(b, V, t))))  
→→   has_state(AA, belief(has_state(human, desire(b, V, t+∆t)))) 

 
 

Next it is shown how the ambient agent estimates the preparations that are triggered. 
 
 

ALP6  Generating a belief for the human’s preparations 
If  AA believes that the human has a desire for b with level V  
  and  AA believes that the human has feeling Bi with level Vi 
  and  AA believes that the preparation for body state Bi has level Ui  
   and  ω1i   is the strength of the connection from desire for b to  
 preparation for Bi 

   and  ω2i   is the strength of the connection from feeling of Bi to  
 preparation for Bi 
   and  σ i  is the steepness value for the preparation for Bi 
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   and  τ i  is the threshold value for the preparation for Bi 
   and  γ 1 is the person’s flexibility for bodily responses 
then  ambient agent AA will generate the belief that the human’s preparation state for body state bi will 

occur with level Ui + γ 1(g(σi, τ i,  V, Vi, ω1i, ω2i) - Ui) ∆t 
has_state(AA, belief(has_state(human, desire(b, V, t)))) & 
has_state(AA, belief(has_state(human, feeling(B, Vi, t)))) 
has_state(AA, belief(has_state(human, prep_state(Bi, Ui, t)))) & 
has_steepness(prep_state(Bi), σi) &  has_threshold(prep_state(Bi), τi) 
→→  has_state(AA, belief(has_state(human, prep_state(Bi, Ui + γ1 (g(σi, τ i, V, Vi, ω1i, ω2i) - Ui) ∆t), 

t+∆t))) 
 

Variants of this property have been used to incorporate interventions which affect the 
preparations of some Bi in the sense that they are assumed to become 0 (suggestion not 
to do that) or 1 (suggestion to do that). For example: 

 

has_state(AA, belief(has_state(human, desire(b, V, t)))) & 
has_state(AA, belief(has_state(human, feeling(Bi, Vi, t)))) 
has_state(AA, belief(has_state(human, prep_state(Bi, Ui)))) & 
has_steepness(prep_state(Bi), σi) &  has_threshold(prep_state(Bi), τi) & 
has_state(human, sensor_state(suggestion(do, Bi))))) & 
→→  has_state(AA, belief(has_state(human, prep_state(Bi, 1, t+∆t)))) 

 
 
 

The following five properties describe how the ambient agent reasons about the 
human’s body loop.  
 

 

ALP7 Generating a belief for the human’s sensory representation of body states 
If  AA believes that the human’s preparation state for body state Bi with level V1 occurred 
  and  AA believes that the human senses his body state Bi with level V2 
  and  AA believes that the human has sensory representation for Bi with level U 
  and  σ  is the steepness value for the sensory representation for Bi 
  and  τ   is the threshold value for the sensory representation for Bi 
  and  γ   is the person’s flexibility for bodily responses 
then  ambient agent AA will generate the belief that the human’s sensory representation for body state 

Bi  will occur with level U + γ2 (g(σ, τ,  V1, V2, 1, 1) - U) ∆t. 
has_state(AA, belief(has_state(human, prep_state(Bi, V1, t)))) & 
has_state(AA, belief(has_state(human, sensor_state(Bi, V2, t)))) 
has_state(AA, belief(has_state(human, srs(Bi, U, t)))) & 
has_steepness(srs(Bi), σ) &  has_threshold(srs(Bi), τ) 
→→  has_state(AA, belief(has_state(human, srs((Bi, U + γ2 (g(σ, τ, V1, V2, 1, 1) - U) ∆t), t+∆t) 

 

ALP8 Generating a belief for the human’s feelings 
If  AA believes that the human has a sensory representation for body state Bi with level V,  
then it will believe that the human has feeling Bi with level V. 

has_state(AA, belief(has_state(human, srs(Bi, V, t)))) 
→→  has_state(AA, belief(has_state(human, feeling(Bi, V, t+∆t)))) 

 

ALP9 Generating a belief for the human’s body modification 
If  AA believes that the human’s preparation state for body state Bi with level V occurred,  
then it will believe that the human’s body state Bi is modified with level V. 

has_state(AA, belief(has_state(human, prep_state(Bi, V, t))))  
→→  has_state(AA, belief(has_state(human, effector_state(Bi, V, t+∆t)))) 
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ALP10 Generating a belief for the human from effector state to modified body state bi 
If  AA believes that the human’s body Bi is modified with level Vi,  
  and AA believes that for each i the effectivity of Bi for b is αi 
and AA believes that the satisfaction disproportion rate of Bi for b is λi 
then AA will believe that the human’s body state Bi will have level f(λi, αi)Vi. 

has_state(AA, belief(has_state(human, effector_state(Bi, Vi, t)))) & 
has_state(AA, belief(is_effectivity_for(αi, Bi, b))) & 
has_state(AA, belief(is_disproportion_rate_for(λi, Bi))) 
→→  has_state(AA, belief(has_state(human, body_state(Bi, f(λi, αi)Vi), t+∆t))) 

 

ALP11 Generating a belief for the human from effector state to modified body state b 
If  AA believes that the human’s body Bi is modified with level Vi, 
   and AA believes that human’s body state b has level V, 
   and AA believes that for each i the effectivity of Bi for b is αi 
then AA believes that human’s body state b will have level  V +(ϑ * (1-V) –  
        ρ * (1 – ( (1 - α1 * V1)  * (1 - α2 * V2) * (1 - α3 * V3) )) * V) ∆t. 

has_state(AA, belief(has_state(human, effector_state(Bi, Vi, t))))  &  
has_state(AA, belief(has_state(human, body_state(b, V, t))))  &   
has_state(AA, belief(is_effectivity_for(αi, Bi , b))) 
→→  has_state(AA, belief(has_state(human, body_state(b,  

V + (ϑ * (1-V) – ρ * (1 – ( (1 - α1*V1)  * (1 - α2*V2) * (1 - α3*V3) )) * V) ∆t), t+∆t)) 
 
 

A variant of this property has been used to incorporate external events p that 
incidentally increases the level of the body state (such as exercising): 

 

has_state(AA, belief(has_state(human, effector_state(Bi, Vi, t))))  &  
has_state(AA, belief(has_state(human, body_state(b, V, t))))  &   
has_state(AA, belief(is_effectivity_for(αi, Bi , b)))  &  external_effect(p) 
→→  has_state(AA, belief(has_state(human, body_state(b,  

V+ ((ϑ+p) * (1-V) – ρ * (1 – ( (1 - α1*V1)  * (1 - α2*V2) * (1 - α3*V3) )) * V) ∆t), t+∆t)) 
 

 

The ambient agent AA generates beliefs about the connection strengths based on 
Hebbian learning 
 

ALP12  Generating a belief for the human’s Hebbian learning  
If  AA believes that the connection from feeling Bi to preparation of Bi has strength ω2i 
  and AA believes that human has feeling Bi with level V1i  
  and  AA believes that the human’s preparation of Bi has level V2i  
  and  the learning rate from feeling Bi to preparation of Bi is η 
  and  the extinction rate from feeling Bi to preparation of Bi is ζ 
then  after ∆t  AA will believe that the connection from feeling Bi to preparation of Bi will have  
 strength ω2i + (ηV1iV2i (1 - ω2i) - ζω2i) ∆t. 

has_state(AA, belief(has_connection_strength(feeling(Bi), preparation(Bi), ω2i, t))) &  
has_state(AA, belief(has_state(human, feeling(Bi, V1i, t))))  &   
has_state(AA, belief(has_state(human, prep_state(Bi, V2i, t)))) &   
has_learning_rate(feeling(Bi), preparation(Bi), η)  &   
has_extinction_rate(feeling(Bi), preparation(Bi), ζ)    
 →→   has_state(AA, belief(has_connection_strength(feeling(Bi), preparation(Bi),  

ω2i + (ηV1iV2i (1 - ω2i) - ζω2i) ∆t)), t+∆t) 
 

Based on the beliefs about the human’s states an assessment is made on the level of 
desire, as follows (where, for example th = 0.7):  
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ALP13 Assessment generation 
If  AA believes that the human has desire with level V at time t which is higher than threshold th1,  
then an assessment will be generated by AA that human will have a high desire of b at time t 

has_state(AA, belief(has_state(human, desire(b, V, t)))) & V ≥ th1  
→→     has_state(AA, assessment(has_state(human, high_desire(b), t)))  

 

ALP14a Generation of intended intervention by the ambient agent: positive suggestion 
If         AA has generated an assessment that human will have a high desire for b at time t 
and      AA has desire of human’s wellbeing 
and      AA believes that the human’s preparation of Bi has level Vi 
and       AA believes that for each i the effectivity of Bi for b is αi 
and      Vi < 0.1 and αi > 0.5 
then     AA will intends to intervene the human at a later time t to suggest for doing Bi 

has_state(AA, assessment(has_state(human, high_desire(b), t))) & 
has_state(AA, desire(wellbeing(human))) & 
has_state(AA, belief(has_state(human, prep_state(Bi, Vi, t+20)))) &  Vi < 0.1 & 
has_state(AA, belief(is_effectivity_for(αi, Bi, b))) & αi > 0.5  
→→ has_state(AA, intended_intervention_at(suggestion(human, do, Bi), t)) 

 

ALP14b Generation of intended intervention by the ambient agent: negative suggestion 
If         AA has generated an assessment that human will have a high desire for b at time t 
and      AA has desire of human’s wellbeing 
and      AA believes that the human’s preparation of Bi has level Vi 
and       AA believes that for each i the effectivity of Bi for b is αi 
and      Vi > 0.1 and αi < 0.5 
then     AA will intends to intervene the human at a later time t to suggest for not doing Bi 

has_state(AA, assessment(has_state(human, high_desire(b), t))) & 
has_state(AA, desire(wellbeing(human))) & 
has_state(AA, belief(has_state(human, prep_state(Bi, Vi, t+20)))) &  Vi > 0.1 & 
has_state(AA, belief(is_effectivity_for(αi, Bi, b))) & αi < 0.5  
→→ has_state(AA, intended_intervention_at(suggestion(human, don’t_do, Bi), t)) 

 

ALP15 Propagation of the intended intervention by the ambient agent 
If       AA intends to intervene the human at a later time t1 to suggest for eating 
and    the current time is t2  and  t2 < t1 
then   the intended intervention by AA will persist 

has_state(AA, intended_intervention_at(X, t1)) & current_time(t2) & t2 < t1 
→→ has_state(AA, intended_intervention_at(X, t1)) 
 

 

Finally the intervention is performed: 
 

 

ALP16 Intervention by the ambient agent 
If       AA intends to intervene the human at a later time t1 to suggest for eating 
and    the current time is t2 
and    t2 = t1-3 
and    AA does not observes the human in eating 
then   AA will suggest the human to eat 

has_state(AA, intended_intervention_at(X, t1)) & current_time(t2) & t2 = t1 - 3 
→→ has_state(AA, performed(X)) 

 

ALP17 The human responding to the action performed by the ambient agent 
If      AA suggests human to eat 
then human will perform the action to eat 

has_state(AA, performed(suggestion(human, X, B))) 
→→ has_state(human, sensor_state(has_state(AA, performed(suggestion(human, X, B))))) 
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Appendix B    Simulation Results for the Ambient Agent Model  

This appendix gives some more details of an example simulation scenarios for the 
ambient agent model. An example simulation trace is illustrated in Figure 6 and 7 (here 
the time delays within the temporal LEADSTO relations were taken 1 time unit). Recall 
that in all of these figures, where time is on the horizontal axis, the upper part shows the 
time periods, in which the binary logical state properties hold (indicated by the dark 
lines); for example, has_state(AA, assessment(has_state(human, high_desire(b), 204))). Below 
this part, quantitative information is provided about the human’s actual desire, 
preparation states, connection strength levels, levels of different body states and the 
ambient agent AA’s prediction of these.  
Values for these levels for the different time periods are shown by the dark lines. Note 
that the scale on the vertical axis differs over the different graphs, and only a selection 
of the relevant state properties is shown. For the example trace shown in Figures 6 and 
7, for each i that represents an option, λi = 0 was taken, so in this example simulation 
the human is not developing an addiction to any option. Option 3 has the highest 
effectiveness rate, i.e. α3 =1. Its value is substantially higher than the rates for the other 
two available options. This affects the respective body states. Furthermore, as can be 
seen in Figure 7 by the Hebbian learning it gives a strong effect on the strength of the 
connection from feeling to preparation for this option: the connection strength for 
option 3 increases over time until it reaches an equilibrium state.  

As shown in the lower part of the Figure 6, at time point 10, the ambient agent 
predicts that the desire level of human will increase but it will not cross the threshold set 
to 0.7, i.e., it is not considered sufficient enough to make the human tempted to choose 
this option. This is confirmed by the graph of the desire level of the human, where at 
time point 20, it increases but does not cross the threshold. Hence the ambient agent 
does not intend to perform any action. But later, some external effects (e.g., the human’s 
habit to attend gym) causes an increase in this desire level, which is predicted by the 
ambient agent AA in the simulation at time point 102, as shown in the upper part of the 
Figure 6, by the state property has_state(AA, assessment(has_state(human, high_desire(b), 204))), 

expressing that an assessment has been generated that the human will have a high desire 
for b at time 204. Thereafter, as described in Table 2, AA predicts that the human will 
choose all three options because of the high values of the preparation states for those 
options, as shown in Figure 6, in the graph of AA prep_state b1, AA prep_state b2 and AA 

prep_state b3. 



Chapter 03                            Dynamics of Desiring and Feelings 

Part II 
Adaptivity in Human Agent Models Page 72 
 

 
 
 

 
 

 
 

 
 
 

 
Figure 6  Simulation Trace 1 – Normal behaviour: desire and preparation states 

 (α1=β1 =0.05, α2=β2 =0.25, α3=β3=1, γ1=γ2=0.05,  
σ1=σ2=10, τ1=τ2=0.5, ρ =0.8, ϑ=0.1, η=0.04, ζ=0.01) 

After this, the ambient agent will assess for these options whether they are good or 
bad, based on their effectivity rates. For this particular example simulation, the options 
b1 and b2 are assessed as bad because of their low effectivity rates, i.e., α1 =0.05, α2 
=0.25, which are lower than the threshold set to 0.5. 
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Figure 7 Simulation Trace 1 – Normal behaviour: adaptation process 

 
On the other hand, option b3 is assessed as good because its effectivity rate is higher 

than threshold, i.e., α3 =1. Hence the ambient agent generates the intention to suggest 
the human not to choose options b1 and b2 as shown in the upper part of Figure 6, by 
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the state property has_state(AA, intended_intervention_at(suggestion(human, don’t_eat, b1), 204)) 
and similarly for b2. In Figure 7 it is shown how the ambient agent can reason about the 
human’s adaptation process. 
 
Appendix C   Analysis of the ambient agent model by 
automated verification 

In order to investigate whether the ambient agent indeed acts according to what is 
expected, some hybrid-logical specifications (requirements) for emerging properties 
have been identified, formalised, and verified against the simulation traces of the model. 
In this section,  specification of the actual properties, and the result of their verification 
are described using TTL, the language introduced on Section 4.. 

An overall property to be satisfied by the ambient agent is that if the level of a desire 
of the human exceeds a particular threshold, it should eventually become below the 
threshold. 
 
AGP1(th:real): Successful support 
In all traces γ and all time points t the level of a desire of the human if the desire of a human 
exceeds the threshold, then there exists a later time point at which this is not the case. 
∀t:TIME, γ:TRACE, V:REAL 

[ state(γ, t) |= desire(b, V) & V > th ⇒ ∃t2:TIME, V2:REAL [ state(γ, t2) |= desire(b, V2) & V2 < th 
] ] 

 
 

For the simulation traces generated using the ambient agent model, this property is 
satisfied for all traces (with a threshold value of 0.7). The overall behavior as expressed 
in AGP1 can be accomplished by intervention by giving one or more suggestions at the 
right moment (expressed in AGP2) in combination with the human responding to these 
suggestions (expressed in AGP3).  
 
AGP2(th:real, d:duration): Right moment for  intervention 
In all traces γ, if the ambient agent at time point t1 predicts that at time point t2 the human will 
have a desire exceeding the threshold th, then the ambient agent will give a suggestion to the 
human. 
∀t1, t2:TIME, γ:TRACE, V:REAL 
[ [ state(γ, t1) |= has_state(AA, belief(has_state(human, desire(b, V, t2)))) & V > th ] 
  ⇒ ∃t3:TIME > t1:TIME, A:ACTION,  B:BODY_STATE 
                    [ state(γ, t3) |= has_state(AA, performed(suggestion(human, A, B))) ] ] 

 

This property holds for all traces (when a threshold of 0.7 is chosen). 
 
AGP3(d:duration): Right response 
In all traces γ, if the ambient agent gives a suggestion to the human at time point t to either avoid 
a body state B (don’t eat for this case) or accomplish a body state B (i.e., eat), then the human will 
follow this suggestion, indicated by a preparation state for B being 0 for the case of an avoidance 
suggestion, or a 1 in the case of an accomplish suggestion for the body state B. 
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∀t1:TIME, γ:TRACE, V:REAL, B:BODY_STATE 
[ [ state(γ, t1) |= has_state(AA, performed(suggestion(human, dont_do, B))) 
     ⇒ ∃t2:TIME > t1 [ state(γ, t2) |= prep_state(B, 0) ] ] & 
  [ state(γ, t1) |= has_state(AA, performed(suggestion(human, do, B))) 
     ⇒ ∃t2:TIME > t1 [ state(γ, t2) |= prep_state(B, 1) ] ] 

 

 
This last property is satisfied for all traces as well. 
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Abstract. Stimuli and activations of mental states usually induce emotional 
responses that are experienced by their associated feelings. This paper 
concentrates on how the the strengths by which such emotional responses are 
induced, depend on previous experiences. It presents a comparative analysis of 
three adaptive modelling approaches addressing how these induction strengths are 
adapted over time: Hebbian learning, temporal discounting and memory traces. 
Example simulation results are shown and commonalities and differences between 
the models are analysed.  
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1      Introduction 

For many responses to certain (external or internal) circumstances, an important role is 
played by experiences for similar circumstances in the past. How such circumstances 
are experienced does not only depend on the circumstances themselves but also on the 
extent to which emotional responses are induced and felt. For this paper it is assumed 
that such an induction process of experienced emotional responses takes the form of 
triggered preparations for body states that are in a recursive as-if body loop with certain 
feelings; e.g., [4], [7], [15]. The strengths by which stimuli or activations of mental 
states induce certain preparations for body states or (other) actions occurring as 
emotional responses, might be innate, but are often considered to be acquired, 
strengthened and/or adapted during lifetime; e.g. [6], [12]. These induction strengths of 
responses based on experiences from the past are assumed to play an important role in a 
variety of behaviors, for example, involving decision making according to the Somatic 
Marker Hypothesis e.g. [6], [8].  

To explain or model such a development of induction strength of a response, in the 
literature different perspectives can be found. In this paper three different alternatives 
for modelling approaches are considered. One of them is a Hebbian learning approach 
e.g. [1], [9], [10]. A second alternative is based on a temporal discounting approach as 
often is used in modelling intertemporal decision making or in modelling trust 
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dynamics e.g. [5], [11]. The third alternative considered is a case-based memory 
modelling approach based on memory traces e.g. [13], [14]. Each of the three 
approaches is briefly presented and some simulation results for a common case study 
are discussed and compared to each other to find out under which circumstances the 
approaches coincide, and when they differ. 

As a starting point, in Section 2 it is shown how elements from neurological theories 
on generation of emotion and feeling were adopted, and based on them first a 
computational model was set up that models the effect of stimuli on emotional 
responses and feelings. In accordance with such literature a converging recursive as-if 
body loop to generate a feeling is taken as a point of departure. Next, as the main step, 
in Section 3 the three different adaptation models for the strength of the emotional 
response were integrated in this model. In Section 4 simulation results are presented. 
Section 5 shows how the three resulting models were evaluated and compared based on 
simulation experiments. Finally, Section 6 is a discussion. 

2   Dynamics of Emotional Responses and Feelings 

As any mental state in a person, a sensory representation state induces emotions felt 
within this person, as described by [7], [8]; for example:  ‘…Through either innate design 
or by learning, we react to most, perhaps all, objects with emotions, however weak, and 
subsequent feelings, however feeble.’ [8] p. 93. In some more detail, emotion generation 
via an as-if body loop roughly proceeds according to the following causal chain; see 
Damasio [7], [8]: sensory representation of stimulus  →  preparation for body state   →  
sensory representation of body state  →  feeling. The as-if body loop is extended to a 
recursive as-if body loop by assuming that the preparation of the bodily response is also 
affected by the state of feeling the emotion: feeling  →  preparation for body state  as an 
additional causal relation. Such recursiveness is also assumed by Damasio [8], as he 
notices that what is felt by sensing is actually a preparation for a body state which is an 
internal object, under control of the person:  ‘The object at the origin on the one hand, and 
the brain map of that object on the other, can influence each other in a sort of reverberative 
process that is not to be found, for example, in the perception of an external object.’ [8] p. 91. 
Thus the obtained model for emotion generation is based on reciprocal causation 
relations between emotion felt and preparations for body states. Within the model 
presented in this paper both the preparation for the bodily response and the feeling are 
assigned an (activation) level or gradation, expressed by a number. The cycle is 
modelled as a positive feedback loop, triggered by a sensory representation and 
converging to a level of feeling and preparation for body state.  

Informally described theories in scientific disciplines, for example, in biological or 
neurological contexts, often are formulated in terms of causal relationships or in terms 
of dynamical systems. To adequately formalise such a theory the hybrid dynamic 
modelling language LEADSTO has been developed that subsumes qualitative and 
quantitative causal relationships, and dynamical systems; cf. [2]. This language has 
been proven successful in a number of contexts, varying from biochemical processes 
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that make up the dynamics of cell behaviour to neurological and cognitive processes 
e.g. [3], [4]. Within LEADSTO the dynamic property or temporal relation a →→D b 
denotes that when a state property a occurs, then after a certain time delay (which for 
each relation instance can be specified as any positive real number D), state property b 
will occur. Below, this D will be taken as the time step ∆t, and usually not be 
mentioned explicitly. In LEADSTO both logical and numerical calculations can be 
specified in an integrated manner, and a dedicated software environment is available to 
support specification and simulation.  

An overview of the basic model for the generation of emotional responses and 
feelings is depicted in Fig. 1. This picture also shows representations from the detailed 
specifications explained below. However, note that the precise numerical relations 
between the indicated variables V shown are not expressed in this picture, but in the 
detailed specifications below, labeled by LP1 to LP5 in the picture. 

 

 

 

 

 

 

 

 

 
 

 

Fig. 1. Overview of the connections in the model for induced emotional responses and feelings 

Note that the sensor and effector state for body states and the dashed arrows 
connecting them to internal states are not used in the model considered here. In the 
dynamic properties below capitals are used for variables (assumed universally 
quantified). First the part is presented that describes the basic mechanisms to generate a 
belief state and the associated feeling, starting with how the world state is sensed. 
LP1  Sensing a world state 
If  world state property W occurs of strength V 
then  the sensor state for W will have strength V. 

world_state(W, V) →→  sensor_state(W, V) 
 

From the sensor states, sensory representations are generated according to the dynamic 
property LP2.  
 
 
 

  

  

ω2 

ω1 

LP4 

LP5 srs(b, V) feeling(b, V) sensor_state(b,V) 

world_state(w, V) srs(w, V) 

LP1 LP2 LP3 

preparation_state(b, V) sensor_state(w, V) effector_state(b, V) 
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LP2  Generating a sensory representation for a sensed world state 
If  the sensor state for world state property W has strength V,  
then  the sensory representation for W with have strength V. 

sensor_state(W, V)  →→  srs(W, V) 
 

Dynamic property LP3 describes the emotional response a sensory representation of a 
stimulus in the form of the preparation for a specific bodily reaction.  
 

LP3  From sensory representation and feeling to preparation of a body state 
If  a sensory representation for w with strength V1 occurs  
   and feeling the associated body state b has strength V2 
   and  the preparation state for b has strength V3 
   and  the connection from sensory representation of w to preparation for b has strength ω1 
   and  the connection from feeling to preparation for b has strength ω2 
   and  β   is the person’s orientation for emotional response 
   and  γ    is the person’s flexibility for bodily responses 
then  after ∆t  the preparation state for body state b will have strength V3 + γ (h(β,ω1, ω2, V1, V2)-V3) ∆t. 

srs(w, V1)  &  feeling(b, V2)  &  preparation_state(b, V3) &   
has_connection_strength(srs(w), preparation(b), ω1)  &   
has_connection_strength(feeling(b), preparation(b), ω2)  
→→  preparation(b, V3+γ (h(β, ω1, ω2, V1, V2)-V3) ∆t) 

 

The resulting level for the preparation is calculated based on a function h(β,ω1, ω2, V1, 
V2) of the original levels. For the function h(β,ω1, ω2, V1, V2) the following was taken: 
 

h(β, ω1, ω2, V1, V2) =  β(1-(1-ω1V1)(1-ω2V2)) + (1-β) ω1ω2V1V2  
 

Note that this formula describes a weighted sum of two cases. The most positive case 
considers the two source values as strengthening each other, thereby staying under 1: 
combining the imperfection rates 1-ω1V1 and 1-ω2V2 of them provides a decreased rate 
of imperfection expressed by 1-(1-ω1V1)(1-ω2V2). The most negative case considers the 
two source values in a negative combination: combining the imperfections of them 
provides an increased imperfection. This is expressed by ω1ω2V1V2. The parameter β 
can be used to model a characteristic that expresses the person’s orientation for 
emotional response (from 0 as weakest response to 1 as strongest response). Dynamic 
properties LP4 and LP5 describe the as-if body loop. 
 

LP4  From preparation to sensory representation of a body state 
If  preparation state for body state B occurs with strength V, 
then  the sensory representation for body state B with have strength V. 

preparation(B, V)  →→  srs(B, V) 
 
 

LP5  From sensory representation of body state to feeling 
If  a sensory representation for body state B with strength V occurs, 
then  B will be felt with strength V. 

srs(B, V)  →→   feeling(B, V) 
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3      Integrating Adaptation Models for the Induction Strengths  

Three adaptation models for the induction strength ω1 of the connection from sensory 
representation to preparation have been integrated. As a scenario it is assumed that over 
time different sensory representations occur in a repeated fashion. The first adaptation 
model presented follows a Hebbian approach. By this model the induction strength ω1 
of the connection from sensory representation to preparation is adapted using the 
following Hebbian learning rule. It takes into account a maximal connection strength 1, 
a learning rate η, and an extinction rate ζ. 
LP6  Hebbian learning rule for connection from sensory representation of stimulus to preparation 
If  the connection from sensory representation of w to preparation of b has strength ω1 
  and the sensory representation for w has strength V1  
  and  the preparation of b has strength V2  
  and  the learning rate from sensory representation of w to preparation of b is η 
  and  the extinction rate from sensory representation of w to preparation of b is ζ 
then  after ∆t  the connection from sensory representation of w to preparation of b  

will have strength ω1 + (ηV1V2 (1 - ω1) - ζω1) ∆t. 
has_connection_strength(srs(w), preparation(b), ω1) &  srs(w, V1)  &  preparation(b, V2)  &   
has_learning_rate(srs(w), preparation(b), η)  &   has_extinction_rate(srs(w), preparation(b), ζ)    
→→   has_connection_strength(b, w, ω1 + (ηV1V2 (1 - ω1) - ζω1) ∆t) 

 

A similar Hebbian learning rule can be found in [9], p. 406. As a next model a temporal 
discounting principle is used to adapt the induction strength ω1 of the connection from 
sensory representation to preparation. 
 

LP7a  Temporal discounting learning rule for sensory representation of stimulus 
If  the connection from sensory representation of w to preparation of b has strength ω1 
  and the sensory representation for w has strength V and V>0 
  and  the discounting rate from sensory representation of w to preparation of b is α 
  and  the extinction rate from sensory representation of w to preparation of b is ζ 
then  after ∆t  the connection from sensory representation of w to preparation of b  

will have strength ω1 + (α(V- ω1)- ζω1) ∆t. 
has_connection_strength(srs(w), preparation(b), ω1)  &  srs(w, V)  &  V>0  & 
has_discounting_rate(srs(w), preparation(b), α)  &  has_extinction_rate(srs(w), preparation(b), ζ)     
→→   has_connection_strength(srs(w), preparation(b), ω1 + (α(V- ω1) - ζω1) ∆t) 

 
LP7b  Temporal discounting learning rule for sensory representation of stimulus 
If  the connection from sensory representation of w to preparation of b has strength ω1 
  and the sensory representation for w has strength 0  
  and  the extinction rate from sensory representation of w to preparation of b is ζ 
then  after ∆t  the connection from sensory representation of w to preparation of b   
 will have strength ω1 + (α(V- ω1)- ζω1) ∆t. 

has_connection_strength(srs(w), preparation(b), ω1)  &  srs(w, 0)  &   
has_extinction_rate(srs(w), preparation(b), ζ)     
→→   has_connection_strength(srs(w), preparation(b), ω1 - ζω1 ∆t) 

 

The third model integrated is based on memory traces. Suppose is_followed_by(γ, a, b) 
indicates that within memory trace with identification label γ state a is followed by state 
b. The states addressed are the sensory representation state and the subsequent 
preparation state. It is assumed that each new pair of events <sensory representation, 
preparation> gets a new unique identification label γ, for example, based on a time stamp. 
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The idea is then that for given states a and b, the strength of the induction from a to b is 
extracted in a case-based manner by the fraction of all represented traces in which a 
occurs with b as a next state from all traces in which a occurs: 
 

 #{γ | is_followed_by(γ, a, b)} / #{γ | ∃c  is_followed_by(γ, a, c)} 
 

A temporal element can be incorporated by giving more weight to more recently 
represented memory traces. This was modelled by using temporal discounting when 
extracting the induction strength from the represented memory traces. Moreover, also 
levels of activations of both states were taken into account. In this approach traces get 
weights depending on their time label where traces that occurred further back in time 
have lower weights. The following rules represent how information is extracted from 
the time-labeled representations by counting the discounted numbers of occurrences.  
 

LP8  Discounting memory traces 
If  the sensory representation for w has strength V1  
  and  the preparation of b has strength V2  
  and  the discounted number of memory traces with state srs(w) is X   
  and  the discounted number of memory traces with state srs(w) and successor state preparation(b) is Y   
  and  the discounting rate from sensory representation of w to preparation of b is α 
then  the discounted number of memory traces with state srs(w) is αX+(1-α) V1 
  and  the discounted number of memory traces with state srs(w) and  
 successor state preparation(b) is αY+(1-α) V1V2     

srs(w, V1)  &  preparation(b, V2)  &  has_discounting_rate(srs(w), preparation(b), α)  & 
memory_traces_including(srs(w), X)  &   memory_traces_including_both(srs(w), preparation(b), Y)  
→→   memory_traces_including(srs(w), αX+(1-α) V1)  &    

memory_traces_including_both(srs(w), preparation(b), αY+(1-α) V1V2)   
 

Given these numbers the induction strength of the connection from sensory 
representation to preparation state is determined as Y/X. 
 

LP9  Generation of preparations based on discounted memory traces 
zzIf  the discounted number of memory traces with state srs(w) is X   
  and  the discounted number of memory traces with state srs(w) and successor state preparation(b) is Y   
then  the connection strength from srs(w) to preparation(b) is Y/X     

memory_traces_including(srs(w), X)  &   memory_traces_including_both(srs(w), preparation(b), Y)  
→→   has_connection_strength(srs(w), preparation(b), Y/X)   

4      Example Simulation Results 

Based on the computational model described in the previous section, a number of 
simulations have been performed. Some example simulation traces were included in this 
section as an illustration; see Fig. 2, 3 and 4, for the Hebbian learning, temporal 
discounting and memory traces approach, respectively (here the time delays within the 
temporal LEADSTO relations were taken 1 time unit). Note that only a selection of the 
relevant nodes (represented as state properties in LEADSTO) is shown. In all of these 
figures, where time is on the horizontal axis, and the activation levels of the different 
state properties are on the vertical axis, quantitative information for state properties 
values for the different time periods are shown (by the dark lines). The activation levels 
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of the state properties gradually increase while the sensory representation of the 
stimulus occurs, following the recursive feedback loop discussed in Section 2. These 
levels sharply decrease after the sensory representation of the stimulus stops occurring, 
as described by the temporal relationship LP3 in Section 2. Moreover, except for some 
decrease due to extinction, the induction strength of the connection from sensory 
representation to preparation state keeps its value in the phases without stimulus, until 
the sensory representation of the stimulus (again) occurs, as described by temporal 
relationship LP6 in case of Hebbian learning, LP7a and LP7b in case of temporal 
discounting and by LP8a and LP8b in case of memory traces. Further comparison of the 
three adaptation models are discussed in Section 5.  

Fig. 2 shows the adaptation model following the Hebbian approach. As can be seen 
in this figure, for sensory representation activation level 0.6 and initial level of 
preparation state 0, during the phases of the stimulus the activation levels of the 
preparation and feeling states progressively increase over time until they reach levels 
close to 0.9. 

The induction strength which initially was 
set to 0.01, gradually increases to attain a 
strength around 0.8. The occurrence of this 
pattern is in line with the mathematical analysis 
which is discussed in the next section. 

Fig. 3 shows the temporal discounting 
approach. For sensory representation activation 
level 0.6 and initial level of preparation state 0, 
the activation levels of the preparation and 
feeling states gradually increase over the time 
until they reach values close to 0.8. The 
induction strength state initially set at 0.01, 
gradually increases to attain a strength around 
0.55. Also the occurrence of this pattern is in 
line with the mathematical analysis discussed 
in the next section.  

Fig. 4 shows the adaptation model 
following the memory traces approach. As can 
be seen in the figure, for the sensory 
representation activation level 0.6 and initial 
level of preparation 0, the activation levels of 
preparation and feeling states gradually 
increases over time until levels close to 0.9 are 
reached. The induction strength gradually 
increases from initial value 0.01 to values 
around 0.7. The occurrence of this pattern also 
is in line with results from the next section. 

 

Fig. 2. Adaptation by Hebbian Learning 
(V1=0.6, β=0.9, γ=0.3, η=0.01, ζ=0.0005) 
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5      Comparative Analysis of the Three Adaptation Models 

This section compares the results of simulation for the three adaptive dynamic modeling 
approaches and presents some of the results of a mathematical analysis of the model 
that has been undertaken. 
 
Comparison of simulation results  
For a brief overview of a comparison of simulation results, see Table 1. The adaptation 
speed of the induction strength in the temporal discounting approach is faster as 
compared to other two approaches (see Fig. 2 to 4), even though the discounting rate for 
memory traces approach was set at a higher value. Notice also that the pattern of the 
learning curves differs: Hebbian learning shows a slow start, but later on gets more 
speed, while the other cases show a more or less opposite pattern. Moreover, the 
activation levels of the preparation and feeling states in the temporal discounting and 
memory traces approach increase faster as compared to the Hebbian approach.  
 

 

    Fig. 3:  Adaptation by Temporal Discounting       Fig. 4:  Adaptation by Memory Traces 
     (V=0.6, β=0.9, γ=0.3, α=0.01, ζ=0.0005)           (V1=0.6, β=0.9, γ=0.3, α=0.5, ζ=0.0005) 
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The memory traces approach persist the strength more as compared to the temporal 
discounting approach, and the temporal discounting approach persist the strength more 
as compared to the Hebbian approach. 

Below, some of the results of a mathematical analysis of possible equilibria of the 
model that has been undertaken are discussed. For an overview see also Table 2. Note 
that an equilibrium of the model involves constant values both for activation levels and 
connection strengths and it is also assumed that the stimulus is constant. Moreover, to 
avoid too many exceptional cases, it is assumed that the values for parameters γ, η,ζ are 
nonzero. 

Table 1. Overview of outcomes of the example simulations for the three approaches 

 Hebbian Learning Temporal Discounting Memory Traces 
Maximal induction strength reached 0.8 0.55 0.7 

Adaptation speed lowest highest middle 
Adaptation pattern slow start – 

fast finish 
fast start –  
slow finish 

fast start –  
slow finish 

Extinction speed highest middle lowest 
Maximal preparation and feeling levels 0.9 0.8 0.9 
Speed in preparation and feeling levels lowest highest middle 

 
Equilibrium for activation level of preparation state 
First the equilibrium for the activation level of the preparation state has been 
investigated, expressed in the following relation derived from LP3 (note that due to LP4 
the feeling level V2 and preparation level V3 are equal in an equilibrium; see): 

γ (β(1-(1-ω1V1)(1-ω2V2)) + (1-β) ω1ω2V1V2-V2) = 0 
Assuming γ ≠ 0, this equation can be solved by expressing V2 into the other variables 
among which V1 that denotes the activation level of the sensory representation. 

β(1-(1-ω1V1)(1-ω2V2)) + (1-β) ω1ω2V1V2 - V2 = 0  ⇔ 
β(ω1V1+ ω2V2 - ω1ω2V1V2) = V2 -ω1ω2V1V2  + β ω1ω2V1V2   ⇔ 
βω1V1  = V2 -ω1ω2V1V2  + β ω1ω2V1V2  - βω2V2 +βω1ω2V1V2   ⇔ 
βω1V1  = V2 - βω2V2 +(2β-1)ω1ω2V1V2   ⇔  βω1V1  = (1   - βω2 +(2β-1)ω1ω2V1)V2  ⇔ 
V2  = βω1V1 / (1 - βω2 +(2β-1)ω1ω2V1)     (1) 

For 3 example values of β the equation βω1V1 = (1 - βω2 +(2β-1)ω1ω2V1)V2 reduces to 
β = 0 0  = (1 - ω1ω2V1)V2              ⇔  V2   =  0    OR     ω1 = ω2 = V1 = 1 
β = 0.5 0.5 ω1V1  = (1 - 0.5ω2 )V2      ⇔  ω1V1  = (2 - ω2 )V2  ⇔ V2  = ω1V1 / (2 - ω2 )  
β = 1 ω1V1  = (1  - ω2 + ω1ω2V1)V2  ⇔  V2  = ω1V1  / (1   - ω2 + ω1ω2V1) 

For V1 = 1 equation (1) is reduced to 
V2 = βω1 /  (1   - βω2 +(2β-1)ω1ω2)      

For ω2  = 1 this is 
V2 = βω1V1  /  (1 - β +(2β-1)ω1V1) 

For ω2  = 1 this is for the three values of β 
β = 0 V2   =  0    OR     ω1 = ω2 = V1 = 1 
β = 0.5 V2  = ω1V1   
β = 1 V2  = ω1V1  / (ω1V1) = 1 

For both V1 = 1 and ω2  = 1 the equation is 
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V2 = βω1  /  (1 - β +(2β-1)ω1)   ⇔   V2  =  β  / ((1 - β )/ ω1 + 2β  - 1 )  (2) 
 

Hebbian approach  
Next the equilibrium for the connection strength ω1 from sensory representation to 
preparation is analyzed for the Hebbian approach; this is expressed in the following 
relation derived from LP6: 

ηV1V2(1 - ω1) - ζω1 =  0 
For cases that V1 and V2 are nonzero, this can be used to express ω1 as follows 

ηV1V2       = (ζ+ ηV1V2 ) ω1 ⇔  ω1   = ηV1V2 / (ζ+ ηV1V2 ) ⇔ 
ω1   = 1 / (ζ/(ηV1V2) + 1)      (3) 

In principle the two equations (1) and (3) in ω1  and V2  can be explicitly solved, but for 
the general case this provides rather complex expressions for ω1  and V2. Therefore only 
the specific case V1 = 1  and ω2 = 1   is pursued further. 
 

Case V1 = 1 and ω2 = 1 for the Hebbian approach 
For V1 = 1 equation (3) can be rewritten into 

ω1  = 1 / (ζ/(ηV2) + 1)  ⇔  1 / ω1 = (ζ/(ηV2) + 1) 
Substituting the above equation in the expression (2) for V2 provides: 

V2  =  β  / ((1 - β )/ ω1 + 2β  - 1 )  ⇔ ((1 - β )/ ω1 + 2β  - 1 ) V2  =  β  ⇔ 
((1 - β ) (ζ/(ηV2) + 1) + 2β  - 1 ) V2  =  β  ⇔ (1 - β ) (ζ/η + V2) + 2β V2  - V2   =  β  ⇔ 
(ζ/η + V2) - β  (ζ/η + V2) + 2β V2  - V2   =  β  ⇔  ζ/η- β  (ζ/η + V2) + 2β V2  =  β  ⇔ 
ζ/η- β  ζ/η + β V2  =  β  ⇔ β V2  =  β  - ζ/η + β  ζ/η  ⇔ 
V2  =  1  -  (1 - β )ζ /βη  =  1  -   (1/β - 1 )ζ / η 

From this an expression for ω1 can be determined: 
ω1  = 1 / (ζ/(ηV2) + 1) ⇔ ω1  = 1 / (ζ/(η(1  -   (1/β - 1 )ζ / η) + 1) ⇔ 
ω1  = 1 / (ζ/((η  -   (1/β - 1 )ζ) + 1) ⇔ ω1 = (η  -   (1/β - 1 )ζ)  / (ζ + (η  -   (1/β - 1 )ζ)) ⇔ 
ω1  = (η  -   (1/β - 1 )ζ)  / (2ζ + (η  -   (1/β)ζ)) 

For the three example values of β the equation  β V2  =  β  - ζ/η + β  ζ/η reduces to 
β = 0 This is impossible for nonzero ζ, V1 and V2  
β = 0.5 0.5 V2  =  0.5  - ζ/η + 0.5  ζ/η  

V2  =  1  - ζ/η 
β = 1 V2  =  1  - ζ/η + 1  ζ/η  = 1 
 

Temporal discounting approach  
For the temporal discounting approach the variable V2 does not play a role in the 
adaptation method. Temporal relation LP7a implies that for an equilibrium it holds: 

α(V1- ω1) - ζω1  =  0 ⇔ α(V1- ω1)    =  ζω1 ⇔ αV1  =  ζω1  + αω1 = (ζ  + α) ω1 ⇔ 
ω1   =  αV1 / (ζ  + α) = V1 / (ζ/α + 1)     (4) 

Note that since (ζ/α + 1) ≥ 1  it follows that always ω1   ≤ V1 which indeed was observed 
in the simulations. 

 

Case V1 = 1 and ω2 = 1 for the temporal discounting approach 
For V1  = 1 expression (4) becomes  ω1  = 1 / (ζ/α + 1). By equation (2) for V2 it follows 

V2  = β  / ((1 - β )/ ω1 + 2β  - 1 ) ⇔ V2  = β  / ((1 - β ) (ζ/α + 1) + 2β  - 1 ) ⇔ 
V2  = β  / ((ζ/α + 1)  - β (ζ/α + 1) + 2β  - 1 ) ⇔ V2  = β  / (ζ/α- β (ζ/α + 1) + 2β  ) ⇔ 
V2  = β  / (ζ/α- β (ζ/α) + β  ) ⇔ V2  = β  / (ζ/α (1- β) + β  ) ⇔ 
V2  = 1  / (ζ/α (1/β- 1) + 1  ) 
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For the three example values of β the equation  V2  = β  / (ζ/α (1- β) + β )  reduces to 
β = 0 V2  = 0   
β = 0.5 V2  = 0.5  / (ζ/α 0.5 + 0.5 )  = 1  / (ζ/α + 1 )   
β = 1 V2  = 1 
 

Memory traces approach  
For the memory traces approach in an equilibrium the expression ω1  = Y/X should 
remain the same, although in principle X and Y still may change. So the criterion is 

Y+∆Y / X+∆X  = Y/X 
which can be rewritten as 

(Y+∆Y) X = (X+∆X) Y  ⇔  YX+∆Y X = XY+∆X Y ⇔ X ∆Y = Y ∆X ⇔ 
∆Y/ ∆X = Y/ X 

Therefore according to temporal relation LP8a for an equilibrium it holds: 
(α V1 V2 - ζ Y) / (α V1 - ζ X) = Y/X 

This can be rewritten as: 
(α V1 V2 - ζ Y) X = (α V1 - ζ X) Y ⇔ α V1 V2 X - ζ YX = α V1 Y - ζ XY ⇔ 
α V1 V2 X = α V1 Y ⇔ 
V2 X = Y  OR     V1 = 0   ⇔ 
ω1 = Y / X = V2   OR     V1 = 0    

This can be used to obtain a value for both ω1  and V2  as follows: 
βω1V1  = (1   - βω2 +(2β-1)ω1ω2V1)V2  ⇔  β V2V1  = (1 - βω2 +(2β-1) V2ω2V1)V2 ⇔   
β V1  = 1 - βω2 +(2β-1) V2ω2V1   OR   V2 = 0  ⇔ 
β V1  - 1 + βω2  = (2β-1) V2ω2V1   OR   V2 = 0  ⇔ 
ω1 = V2  = (β V1  - 1 + βω2) / (2β-1)ω2V1  OR   V2 = 0    OR    

β = 0.5  &  V1  = 2 - ω2   ⇔ 
ω1 = V2 = (β V1  - 1 + βω2) / (2β-1)ω2V1  OR   V2 = 0    OR                   (5) 

     β = 0.5  &  V1 = ω2  = 1 
For the three specific example values of β  the following is obtained.  

β = 0 ω1 = V2   =  0     OR      ω1 = ω2 = V1 = V2 = 1 
β = 0.5 ω1 = V2  = ω1V1 / (2 - ω2 )   ⇔ 

ω1 = V2  = 0   OR   1  = V1 / (2 - ω2 )    ⇔ 
ω1 = V2  = 0   OR   V1 = 2 - ω2  ⇔ 
ω1 = V2  = 0   OR   V1 = ω2 = 1  &  ω1 = V2 

β = 1 ω1 = V2  = ω1V1  / (1   - ω2 + ω1ω2V1)   ⇔ 
ω1 = V2  = 0   OR    1 = V1  / (1   - ω2 + ω1ω2V1)  ⇔ 
ω1 = V2  = 0   OR    V1  = 1   - ω2 + ω1ω2V1  ⇔ 
ω1 = V2  = 0   OR    (1-ω1ω2)V1  = 1   - ω2  ⇔ 
ω1 = V2  = 0   OR    V1  = (1   - ω2 )/(1-ω1ω2) &  ω1 = V2  ⇔ 
ω1 = V2  = 0   OR    V1 = (1 -ω1ω2 + ω1ω2 - ω2 )/(1-ω1ω2) & ω1 = V2  
ω1 = V2  = 0   OR    V1  = 1-  (1- ω1) ω2 /(1-ω1ω2) &  ω1 = V2 

 

Case V1 = 1 and ω2 = 1 for the memory traces approach 
For ω2 = 1 this can be simplified as 

ω1 = V2  = (β V1  - 1 + β) / (2β-1)V1  OR   V2 = 0    OR   β = 0.5  &  V1  = 1 
and when also V1 = 1 it becomes: 

ω1 = V2  = (β - 1 + β) / (2β-1) = 1 OR   V2 = 0    OR   β = 0.5  &  V1  = 1 
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Table 2: Overview of expressions for a number of possible equilibria 

 General case Case V1 = 1 & ω2 = 1 
Hebbian 

Learning 
V2   =   βω1V1  /  (1  - βω2 +(2β - 1)ω1ω2V1) 
ω1  =  ηV1V2 / (ζ+ ηV1V2 ) =   
          1 / (ζ/(ηV1V2) + 1) 

ω1 =  (((η  - (1/β - 1 )ζ)  / 
                                (2ζ + (η  - (1/β)ζ)) 
V2 =  1  - (1 - β )ζ /βη  =  1  -  (1/β - 1 )ζ /η 

Temporal 
Discounting 

V2  =  βω1V1  /  (1   - βω2 +(2β-1)ω1ω2V1) 
ω1  = V1 / (ζ/α + 1) ≤ V1 

ω1  = 1 / (ζ/α + 1) 
V2  = 1  / (ζ/α (1/β- 1) + 1  ) 

Memory Traces ω1  = V2  =  (β V1  - 1 + βω2) / (2β-1)ω2V1 ω1  =  V2  = 1 

5      Discussion 

In this paper a number of learning models for the induction strength of an emotional 
response on a stimulus were analysed and compared. The introduced models on the one 
hand describe more specifically how a stimulus generates an emotional response that is 
felt, and on the other hand how the induction strength of the experienced emotional 
response is adapted over time. For feeling the emotion, a converging recursive body 
loop was used, based on elements taken from [4], [7], [8]. One of the adaptation models 
was based on a Hebbian learning rule cf. [1], [9], [10], [16]. Another one was based on 
temporal discounting, and the third one was based on memory traces. The models were 
specified in the hybrid dynamic modelling language LEADSTO, and simulations were 
performed in its software environment; cf. [2]. Moreover, a mathematical analysis was 
made to determine possible equilibria. In the comparison differences in adaptation 
speed and pattern have been found, and in the maximal value of the induction strength. 
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1    Introduction 

Agents are often used in environments that have a highly dynamic nature. In many 
applications of agent systems, varying from robot contexts to information brokering and 
virtual world contexts, some form of world model plays an important role; e.g., [7, 8, 9, 
12]. Usually in such applications a world model represents a state of the world that is 
built up by using different types of inputs and is updated with some frequency. 
Examples of challenges addressed are, for example, (i) organize data collection and 
signal processing from different types of sensor, (ii) produce local and global world 
models using the multi-sensor information about the environment, and (iii) integrate the 
information from the different sensors into a continuously updated model (cf. [8, 9]). 

For dynamic environments another challenge for such an agent, which goes beyond 
gathering and integrating information from different sources, is to be able to reason 
about the environmental dynamics in order to predict future states of the environment 
and to (avoid or) achieve the occurrence of certain (un)desired states in the future. One 
way to address this challenge is to equip the agent with a model for the environmental 
dynamics. Examples of environmental dynamics that can be described by such models 
can be found not only in the natural physical and biological reality surrounding an 
agent, but also in many relevant (local and global) processes in human-related 
autonomic environments in the real and/or virtual world such as epidemics, gossiping, 
crowd movements, social network dynamics, traffic flows.  
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When the environmental dynamics has a continuous character, such a model often 
has the form of a numerical dynamical system. A dynamical system model usually 
involves two different types of concepts: 

 

• state variables representing state aspects of the environment  
• parameters representing characteristics of the environment  

 

When values for the parameters are given, and initial values for the state variables, the 
model is used to determine values for the state variables at future points in time. In this 
way, from beliefs about environmental characteristics represented as parameter values, 
and beliefs about the initial state of the environment represented as values for the state 
variables, the agent derives predictions on future states of the environment. 

A particular problem here is that values for parameters often are not completely 
known initially: the beliefs the agent maintains about the environmental characteristics 
may (initially) not correspond well to the real characteristics. In fact the agent needs to 
be able to perform parameter estimation or tuning on the fly. The agent model proposed 
here maintains in an adaptive manner a dynamic model of the environment using results 
from mathematical analyses from the literature such as [13]. On the one hand, based on 
this model predictions about future states of the environment can be made, and actions 
can be generated that fulfill desires of the agent concerning such future states. On the 
other hand, the agent can adapt its beliefs about the environmental characteristics 
(represented by the model parameters) to the real characteristics. This may take place 
whenever observations on environmental state variables can be obtained and compared 
to predicted values for them. The model is illustrated for an environmental model 
involving the environment’s ground water level and its effect (via the moisture of the 
soil) on two interacting populations of species both for interactions of type competition 
and of type parasitism. 

The paper is organized as follows. In Section 2 the example model for the 
environment is briefly introduced. The overall model-based agent model is described in 
Section 3. Section 4 presents the method by which the agent adapts to the environmental 
characteristics. In Section 5 some simulation results are discussed. Finally, Section 6 is 
a discussion. 

2    An Example Environmental Model 

The example environment for the agent considered involves physical (abiotic) and 
biological (biotic) elements. Within this environment certain factors can be 
manipulated, for example, the (ground) water level. As desired states may also involve 
different species in the environment, the dynamics of interactions between species and 
abiotic factors and between different species are to be taken into account by the agent. 
The example model for the environmental dynamics, used for the purpose of illustration 
deals with two species s1 and s2; both depend on the abiotic factor moisture of the soil; 
see Fig. 1 for a causal diagram. Quantitative variants of the model for both a 
competitive and a parasitic environment are given as below. 
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Fig 1. Causal relations for the example environmental model 

 
Competition 
 
A differential equation form consisting of 4 first-order differential equations for the 
example environment model is as follows: 
 

𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡)� 
 
𝑑𝑑𝑑𝑑2(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑏𝑏1𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)� 
 
𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 

 
Here s1(t) and s2(t) are the densities of species s1 and s2 at time point t; moreover, c(t) 
denotes the carrying capacity for s1 and s2 at t, which depends on the moisture m(t). The 
moisture depends on the water level, indicated by w. This w is considered a parameter 
that can be controlled by the agent, and is kept constant over longer time periods. 
Moreover the parameters β,γ  are growth rates for species s1, s2. For carrying capacity 
and moisture respectively, η and λ are proportion parameters, and Θ and ω are speed 
factors. The parameters a1, a2 and b1, b2  are the proportional contributions in the 
environment for species s1 and s2 respectively.  
 
Parasitism 
Similarly as given above, the following set of differential equations represents a model 
for the case of a parasitic environment. 
 

𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑏𝑏1𝑑𝑑2(𝑡𝑡)� 
 
𝑑𝑑𝑑𝑑2(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)� 
 
𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 
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3    Using a Model for Environmental Dynamics in an Agent Model 

As a point of departure the agent model described in [2] was taken that focuses on the 
class of Ambient Intelligence applications where the ambient software has context 
awareness about environmental aspects including human behaviours and states and (re) 
acts on these accordingly, and is formally specified within the dynamical modelling 
language LEADSTO; cf. [3]. In this language, direct temporal dependencies between 
two state properties in successive states are modeled by executable dynamic properties. 
The LEADSTO format is defined as follows. Let α and β be state properties of the form 
‘conjunction of ground atoms or negations of ground atoms’. In the LEADSTO 
language the notation α →→e, f, g, h β, means: 
 

If state property α holds for a certain time interval with duration g, 
then after some delay (between e and f) state property β will hold 
for a certain time interval of length h. 

 
Here, atomic state properties can have a qualitative, logical format, such as an 
expression desire(d), expressing that desire d occurs, or a quantitative, numerical format 
such as an expression has_value(x, v) which expresses that variable x has value v. Within 
this agent model specification a dynamical domain model is represented in the format 

 
belief(leads_to_after(I:INFO_EL, J:INFO_EL, D:REAL))   

 

which represents that the agent believes that state property I leads to state property J 
with a certain time delay specified by D. Some of the temporal relations for the 
functionality within the agent model are as follows. 
 

observed_from(I, W)  &  belief(is_reliable_for(W, I))  →→   belief(I) 
communicated_from_ to(I,Y,X)  &  belief(is_reliable_for(X, I))   →→ belief(I) 
belief(at(I, T)) & belief(leads_to_after(I, J, D))   →→  belief(at(J, T+D)) 
belief(I1) &  …  & belief(In)  →→  belief(and(I1, .., In)) 

 
A differential equation such as 
 

𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡)� 
 

can be represented in this leads-to-after format as follows: 
 

belief(leads_to_after( 
 and(at(has_value(s1, V1), t),  at(has_value(s2, V2), t), at(has_value(c, V3), t)), 
 at(has_value(s1, V1+ W*V1*[V3 – W1*V1 – W2*V2]*D), t), 
 D)) 

Here W, W1, W2 are the believed parameter values for respectively parameters β, a1, a2 
representing certain environmental characteristics. As pointed out above, the agent has 
capabilities for two different aims: (1) to predict future states of the environment and 
generate actions to achieve desired future states, and (2) to adapt its environment model 
to the environmental characteristics. The latter will be discussed in more detail in the 
next section. For the former, a central role is played by the sensitivities of the values of 
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the variables at future time points for certain factors in the environment that can be 
manipulated.  More specifically, for the example, this concerns the sensitivities of s1 
and s2 for the water level w, denoted by ∂s1/∂w and ∂s2/∂w. These sensitivities cannot be 
determined directly, but differential equations for them can be found by differentiating 
the original differential equations with respect to w. This process is illustrated for both 
competition and parasitism as follows. 
 
Competition 
The following equations describe over time how the values of species s1, s2, moisture m 
and carrying capacity c at time point t are sensitive to the change in the value of the 
water level parameter w. The idea is that the orginal differential equations are 
differentiated with respect to the parameter w, and using commutation rules such as 
 

 
𝜕𝜕𝜕𝜕𝑑𝑑1
𝜕𝜕𝑡𝑡
𝜕𝜕𝑤𝑤

 = 
𝜕𝜕𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 
 
the following differential equations for the sensitivities ∂s1/∂w, ∂s2/∂w, ∂c/∂w and 
∂m/∂w are obtained: 
 

𝜕𝜕 𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  𝛽𝛽 
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡)−  𝑎𝑎2𝑑𝑑2(𝑡𝑡)) +  𝛽𝛽 𝑑𝑑1(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  𝛾𝛾 
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑏𝑏1𝑑𝑑1(𝑡𝑡)−  𝑏𝑏2𝑑𝑑2(𝑡𝑡)) +  𝛾𝛾 𝑑𝑑2(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑏𝑏1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑏𝑏2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  �𝜂𝜂 
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝜔𝜔 
 

𝜕𝜕 𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  �λ −
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝛩𝛩 
 

Fig 2, where the vertical axis represents the densities of species s1 and s2 and the 
horizontal axis represents number of years, shows the trend in change of densities of 
species over 10 years given the initial values of the water level w. Using the following 
formula, the agent can determine the change (Δw) in circumstance w to achieve the goal 
at some specific time point t in future: 
 

∆𝑤𝑤 =  (𝑑𝑑1(𝑤𝑤 + Δ𝑤𝑤) –  𝑑𝑑1(𝑤𝑤)) �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤

��  

 
where s1(w+Δw)  is the desired density at time t, s1(w) the predicted density s1 at time t 
for water level w, and (∂s1/∂w) the change in density of s1 at time t against the change in 
w. 
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Fig. 2: Predicted densities after 10 years Fig. 3: Densities, over 10 years, after incorporating 
    (w=200, m(0)=110, c(0)=88, β=0.01, ω=0.4)       (w=240, m(0)=110, c(0)=88, ω=0.4), Δw = 40 

 
Within the agent model this is specified in a generic manner as (where X can be taken 
s1 and P can be taken w): 
 
 

desire(at(has_value(X, VD), T)) &  belief(at(has_value(X, V), T))  & 
belief(has_sensitivity_for_at(X, P, S, T)) &  belief(has_value(P, W)) 
→→  intention(has_value(P, W+(VD-V)/S)) 
 

 
Fig. 2 depicts a situation where the densities of species s1 and s2 are predicted to 
decrease, given w = 200. The initial values for species s1 and s2 could be taken random 
but for this example scenario species s1 has density 55 and s2 has density 40. Under 
these settings the density of species s1 will be 49. If the agent wants to aim it to become 
55 after 10 years, then according to the model described above it has to change w to 240 
(see Fig. 3). 
 
Parasitism 
Similarly for parasitism the following set of equations have been obtained to describe 
how the values of species s1, s2, moisture m and carrying capacity c at time point t are 
sensitive to the change in the value of the water level parameter w. 

𝜕𝜕 𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  𝛽𝛽 
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡)−  𝑏𝑏1𝑑𝑑2(𝑡𝑡)) +  𝛽𝛽 𝑑𝑑1(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑏𝑏1
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑑𝑑2
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛾𝛾 
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)) +  𝛾𝛾𝑑𝑑2(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

 + 𝑎𝑎2
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑏𝑏2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  �𝜂𝜂 
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝜔𝜔 
 

𝜕𝜕 𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  �λ −
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝛩𝛩 
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Fig. 4: Predicted densities after 15 years 

(w=150, m(0)=76, c(0)=40, β=0.01, γ= 0.005, θ = 0.4, ∆t = 0.1, ω=0.4) 
 

Fig 4, where the vertical axis represents the densities of species s1 and s2 and the 
horizontal axis represents number of years, shows the trend in change of densities of 
species over 15 years given the initial values of the water level w = 150 Using the same 
formula for “Δw” given above, the agent can determine the change (Δw) in 
circumstance w to achieve the goal at some specific time point t in future: 

 

 
Fig. 5: Densities, over 15 years, after incorporating 

(w=180, m(0)=76, c(0)=40, β=0.01, γ= 0.005, θ = 0.4, ∆t = 0.1, ω=0.4), ∆w = 30 
 

Fig. 4 depicts a situation where the densities of species s1 and s2 are predicted, given 
w = 150. The initial values for species s1 and s2 could be taken random but for this 
example scenario species s1 has density 14 and s2 has density 28. Under these settings 
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the density of species s1 will be 12.34. If the agent wants to aim it to become 15 after 15 
years, then according to the model described above it has to change w to 180 (see Fig. 
5). 

4   Adaptation within the Agent Model 

This section describes the method by which the agent adapts its beliefs concerning 
parameters representing environmental characteristics to the real characteristics. The 
agent initially receives rough estimations of the values for these parameters, and 
maintains them as initial beliefs. With these initial beliefs the agent predicts the 
environmental state for after say X years. When at a certain time point the real value of 
some state variable is observed, as a next step the predicted value and observed value of 
that state variable at time X are passed to the adaptation process of the agent.  
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 6: The Ambient Agent’s Adaptation Process of the Environment Model 

The agent then tries to minimize the difference between predicted and desired value and 
adjust the beliefs on the environmental characteristics (i.e., the parameter values which 
were initially assumed). This process of adaptation is kept on going until the difference 
is negligible, i.e., until the agent has an accurate set of beliefs about the environmental 
characteristics (see Fig 6).  

Within this adaptation process sensitivities of state variables for changes in 
parameter values for environmental characteristics play an important role. For example, 
differential equations for the sensitivities of values of the variables w.r.t. the parameter 
a1 are obtained by differentiating the original differential equations for a1: 
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�
∂𝑑𝑑1
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑎𝑎1

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑎𝑎1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑎𝑎2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑑𝑑1(𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑎𝑎2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎1

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝑎𝑎1

� (𝑡𝑡)

+ γ � �
∂𝑑𝑑2
∂𝑎𝑎1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑏𝑏1 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎1

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑎𝑎1

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑎𝑎1

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑎𝑎1

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑎𝑎1

� (𝑡𝑡)(1−𝛩𝛩  ∆𝑡𝑡) 

 
These equations describe how the values of species s1, s2, moisture m and carrying 
capacity c at time point t are sensitive to the change in the value of the proportional 
contributing parameter a1 in a competitiveenvironment. The adaptation formulas for 
other parameters of the focus set are shown in Appendix A (competition) and Appendix 
B (parasitism). 

In a manner as described in Section 3, by the differential equations given above, the 
agent can derive its beliefs on sensitivities S represented as 

 
belief(has_sensitivity_for_at(X, P, S, T)) 

 

for each variable X with respect to each parameter P.  
Once these beliefs on sensitivities are available, the agent can use them to adapt 

certain parameter values. Here a control choice can be made. A first element of this 
choice is that a focus set of parameters can be chosen which are considered for 
adaptation (the values for parameters not in this focus set are considered fixed). A 
second control element is whether the value of only one parameter at a time is changed, 
or the values of all parameters in the focus set. In Section 5 example simulations are 
discussed in which only one of the parameters are adapted at a time, and also when 
more than one are adapted. A third choice element is on the adaptation speed: for 
example, will the agent attempt to get the right value in one step, or will it adjust only 
halfway; the latter choice may obtain more stable results. In Section 5 example 
simulations are discussed in which the agent attempt to get the right value in four steps. 
Specification of the adaptation model is based on relationships such as: 
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predicted_for(at(has_value(X, V1), P, W, T))  & observed(at(has_value(X, V2), T) & 
belief(has_sensitivity_for_at(X, P, S, T)) & belief(has_value(P, W)) & 
belief(adaptation_speed(AS)) 

→→ belief(adjustment_option(has_value(P, W+AS*(V2-V1)/S)) 

5    Simulation Results 

In this section the approach will be illustrated by some example simulations for the two 
types of environments used as a case study. 
 
Competition 
To test the behaviour of the model to adapt the agent’s beliefs on the environmental 
characteristics (represented by the parameters) to the real characteristics, it has been 
used to perform a number of simulation runs, using standard numerical simulation 
software, resulting in a variety of interesting patterns. The focus set of parameters for 
adaptation includes a1, a2, b1, b2, β, and γ. For the real environment characteristics these 
parameters were given the values a1=1, a2=1, b1=1, b2=1, β =0.01, γ =0.02. 

Fig 7(a, b) shows the patterns in change of densities of species during the adaptation 
process of a1 given the initial values of other parameters. Using the following formula, 
the agent can determine the change (Δa1) in a1 to minimize the difference both in 
predicted and observed densities: 

 

∆𝑎𝑎1 =  �𝑑𝑑1(𝑎𝑎1 + Δa1)–  𝑑𝑑1(𝑎𝑎1)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎1

��  

where, s1(a1+Δa1) is the observed density after X years, s1(a1) is the predicted density of 
s1 after X years for a1, and (∂s1/∂a1) is the change in density of s1 after X years against 
the change in a1.  

In Fig 7(a), vertical axis represents the predicted density of s1 and in Fig 7 (b) 
vertical axis represents adapted value of a1 by the agent. Where as in both Fig 7(a) and 
(b) horizontal axis represents number of iterations performed. For this simulation the 
initial value assumed by agent for a1 is 0.5 and the given observed density of s1 is 52.78. 
First iteration in the adaptation process reflects that the predicted density of s1(a1) 
deviates a lot from its observed density s1(a1+Δa1) (see Fig 7(a)), which means that the 
adapted value of a1 by agent is not correct (see Fig 5 (b)) and it may required to modify 
a1 (Δa1) to a certain degree to attain the observed density. In next iterations this 
deviation becomes smaller and it needs small modification in the value of a1. Finally the 
agent fully adapts the value of a1 in fourth iteration to attain the observed density of s1. 
The agent can utilize this value to achieve the target, as depicted in Section 3. The 
details are described in [6]. 

 



Chapter 05                 Adaptive Model for Environmental Dynamics 
 

Part III 
Adaptivity in Integrative Model-Based Ambient Agent Models Page 105 
 

 
 

Fig 7 (a): Change of densities of species s1 during the adaptation process of a1, (b): 
Adaptation process of a

 
 

Fig 8. (a): Adaption of a1 with initial value 0.4, (b): Adaption of a1 with initial value 
1.5 

 
Similarly the simulations for the adaptation process of other parameters of focus set i.e. 
a2, b1, b2, β,and γ  are shown in Fig 9, 10, 11, 12, and 13 respectively. The agent 
determines the change (Δa2) in a2 and Δb1 in b1 as follows (see Figures9,10). 
 

∆𝑎𝑎2 =  �𝑑𝑑1(𝑎𝑎2 + ∆𝑎𝑎2)–  𝑑𝑑1(𝑎𝑎2)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎2

��                 ∆𝑏𝑏1 =  �𝑑𝑑1(𝑏𝑏1 + Δb1)–  𝑑𝑑1(𝑏𝑏1)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

��  
 
The agent determines the change (Δb2) in b2 as follows (see Fig11). 
 

∆𝑏𝑏2 =  �𝑑𝑑1(𝑏𝑏2 + ∆𝑏𝑏2)–  𝑑𝑑1(𝑏𝑏2)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏2

��  

1 
 
As shown in Fig 7 the agent attains the observed density of s1 for the initially assumed 
value 0.5 for a1, but the proposed model in this paper is so generic that it can achieve 
the observed density for any initially assumed values for a1. For this purpose Fig 8 (a), 
and (b) show the adaptation process of a1 with different initial values assumed by the 
agent. 
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The agent determines the change (Δβ, Δγ) in β resp. γ as follows (see Fig 12 resp. 13). 
 

∆𝛽𝛽 =  �𝑑𝑑1(𝛽𝛽 + Δβ)–  𝑑𝑑1(𝛽𝛽)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝛽𝛽

��                        ∆𝛾𝛾 =  �𝑑𝑑1(𝛾𝛾 + ∆𝛾𝛾)–  𝑑𝑑1(𝛾𝛾)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝛾𝛾

��  

 

 
 

Fig. 9: Adaptation of a2 
 

 
 

Fig. 10: Adaptation of b1 
 
Fig 14 shows the adaptation process of all parameters in the focus set. For this 
simulation the initial values assumed by agent for the parameters a1, a2, b1, b2, β,and γ  
are 0.5, 0.4, 0.3, 0.2, 0.0005, and 0.07 respectively. The given observed density of s1 is 
52.78 . 
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Fig. 11: Adaptation of b2 
 

 
 

Fig.12: Adaptation of β 
 

 
 

Fig. 13: Adaptation of γ 
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Fig. 14: Adaptation of all parameters in the focus set 

In a nutshell the change in values of the parameters during the adaptation process is 
given in Table 1. 

Table 1. Values during the adaptation process 
 

  After Iteration(s) 
 Initial 1st 2nd 3rd 4th Target 
a1 0.5 0.90163 0.996124 0.999994 1 1 
b1 0.3 0.956724 0.999756 1 1 1 
a2 0.4 0.9774253 0.9999606 1 1 1 
b2 0.2 0.79576312 0.98698014 0.99994745 1 1 

β 0.0005 0.00810025 0.00991723 0.00999984 0.01 0.01 

γ 0.07 -0.0120269 0.01025877 0.01902967 0.01999006 0.02 
 
Parasitism 
In the same manner as above, to test the behaviour of the model to adapt the agent’s 
beliefs on the environmental characteristics (represented by the parameters) to the real 
characteristics for a parasitism case, it has been used to perform a number of simulation 
runs, using standard numerical simulation software, resulting in a variety of interesting 
patterns. The focus set of parameters for adaptation includes a1, b1, a2, b2, β,and γ. For 
the real environment characteristics these parameters were given the values a1=1, b1=1, 
a2=1, b2=2, β =0.01, γ =0.0005. 

Fig 15(a, b) shows the patterns in change of densities of species during the 
adaptation process of a1 given the initial values of other parameters. Using the same 
formula used in previous section on competition, the agent can determine the change 
(Δa1) in a1 to minimize the difference both in predicted and observed densities: 
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Fig 15 (a): Change of densities of species s1 during the adaptation process of a1, (b): 
Adaptation process of a1 

In Fig 15(a), the vertical axis represents the predicted density of s1 and in Fig 15 
(b) the vertical axis represents the adapted value of a1 by the agent. In both Fig 15(a) 
and (b) the horizontal axis represents the number of iterations performed. For this 
simulation the initial value assumed by agent for a1 is 0.5 and the given observed 
density of s1 is 14.66. The first iteration in the adaptation process reflects that the 
predicted density of s1(a1) deviates a lot from its observed density s1(a1+Δa1) (see Fig 
15(a)), which means that the adapted value of a1 by agent is far from correct (see Fig 15 
(b)) and it will be required to modify a1 (Δa1) to a certain degree to attain the observed 
density. In next iterations this deviation becomes smaller and it needs smaller 
modifications in the value of a1. Finally the agent fully adapts the value of a1 in the third 
iteration to attain the observed density of s1. The agent can utilize this value to achieve 
the target, as depicted in Section 3. The details are described in [6]. 

As shown in Fig 15 the agent attains the observed density of s1 for the initially 
assumed value 0.5 for a1, but the proposed model can achieve the observed density for 
any initially assumed values for a1. For this purpose Fig 16 (a), and (b) show the 
adaptation process of a1 with different initial values assumed by the agent. 
 

 
 

Fig 16. (a): Adaption of a1 with initial value 1.5, (b): Adaption of a1 with initial value 1 

An interesting scenario was the situation in which the agent assumed the right value in 
the beginning: it is observed that if the agent assumed the value correctly then during 
adaptation process there will be no change in this assumed value, as Δa1 = 0. The results 
for such a situation are shown in Fig 16  (b). 
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Fig 17 (a): Change of densities of species s1 during the adaptation process of b1, (b): 
Adaptation process of b1 

Similarly the simulations for the adaptation process of the other parameters of the focus 
set i.e. a2, b1, b2, β,and γ  are shown in Fig 17, 18, 19, 20, 21, and Fig. 22 shows the 
adaptation process of all parameters in focus set collectively.. The agent determines the 
change (Δa2) in a2 and (Δb2) in b2 in the same fashion as described earlier for the 
competition case (see Fig 18 and Fig 19). 
 

 
 

Fig. 18: Adaptation of a2 
 

 
 

Fig. 19: Adaptation of b2 
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Fig. 20: Adaptation of β 

 

 
Fig. 21: Adaptation of γ 

 
Fig 22 shows the adaptation process of all parameters in the focus set. For this 
simulation the initial values assumed by agent for the parameters a1, b1, a2, b2, β,and γ  
are 0.5, 1.6, 0.3, 0.6, 0.0195, and 0.00001 respectively. The given observed density of s1 
is 11.17. 
 
 

 
Fig. 22: Adaptation of all parameters in the focus set 

 
In a nutshell the change in values of the parameters during the adaptation process is 
given in Table 2. 
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Table 2. Values during the adaptation process 
 

  After Iteration(s) 
 Initial 1st 2nd 3rd 4th Target 
a1 0.5 0.9706335 0.9998981 1 1 1 
b1 1.6 0.955803 0.9997753 1 1 1 
a2 0.3 1.0059182 0.9999274 0.9999296 0.9999317 1 
b2 0.6 2.2731939 2.0281047 2.0303085 2.032686 2 
β 0.0195 0.0093303 0.0099968 0.01 0.01 0.01 
γ 0.00001 0.0046418 0.0049736 0.0049981 0.0049999 0.005 

6   Discussion 

In this paper an agent model is proposed that maintains a model of the environmental 
dynamics, based on a numerical (dynamical system). Moreover, it does so in an 
adaptive manner by adjusting the parameter values in the environment model that 
represent believed environmental characteristics, thus adapting these beliefs to the real 
characteristics of the environment. The described agent model can be used for any agent 
with an environment (local and/or global) that can be described in a continuous manner 
by a dynamical system (based on a set of first-order differential equations).  

The results shown in the previous section prove that the target which was set initially 
for the adaptation of the parameters of the focus set is achieved both in cases of 
competition and of parasitism. The graphs presented in the section completely show the 
adaptation process of different parameters. Moreover the results show that the method 
used is significantly precise and accurate.  

In [6] as a special case a decision support system model was presented that takes into 
account an ecological model of the temporal dynamics of environmental species and 
inter species interaction; see also [4, 5, 10, 11]. Approaches to environmental dynamics 
such as the one described in [6] are rigid in the sense that the parameters of 
environmental characteristics were assumed known initially and fixed which in reality is 
not possible because the internal dynamics of the species is a characteristic which would 
not be known by everyone. The current paper extends and generalizes this idea by 
making the parameters representing environmental characteristics adaptive (see Fig 7 to 
Fig 22). For future research, one of the plans is to validate the model using empirical 
data within an example domain. Moreover, other approaches for sensitivity analysis will 
be used to compare the convergence and speed of the adaptation process. 

Domains for which the presented agent model may be relevant do not only concern 
natural physical and biological domains but also to human-related autonomic 
environments for example in logistic, economic, social and medical domains. Such 
applications of the approach may involve both local information and global information 
of the environment. An example of the former is monitoring a human’s gaze over time 
and using a dynamical model to estimate the person’s attention distribution over time, 
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as described in [1]. Examples of the latter may concern monitoring and analysis of 
(statistical) population information about (real or virtual) epidemics, gossiping, or 
traffic flows. This allows to combine in an agent both local (e.g., using information on 
individual agents) and global (e.g., using information on groups of agents) perspectives 
on the environment. 

References 

1. Bosse, T., Maanen, P.-P. van, Treur, J., Simulation and Formal Analysis of Visual 
Attention. Web Intelligence and Agent Systems Journal, vol. 7, 2009, pp. 89-105. 
Shorter version in: L. Paletta, E. Rome (eds.), Attention in Cognitive Systems. 
Theories and Systems from an Interdisciplinary Viewpoint, Proceedings of the 
Fourth International Workshop on Attention in Cognitive Systems, WAPCV'07. 
Lecture Notes in Artificial Intelligence, vol. 4840. Springer Verlag, 2007, pp. 463-
480. 

2. Bosse, T., Hoogendoorn, M., Klein, M., and Treur, J., An Agent-Based Generic 
Model for Human-Like Ambience. In: Proceedings of the First International 
Workshop on Model Driven Software Engineering for Ambient Intelligence 
Applications. Published in: M. Mühlhäuser, A. Ferscha, and E. Aitenbichler (eds.), 
Constructing Ambient Intelligence. Communications in Computer and Information 
Science (CCIS), vol. 11, Springer Verlag, 2008, pp. 93-103. Extended version in: 
Mangina, E., Carbo, J., and Molina, J.M. (eds.), Agent-Based Ubiquitous 
Computing. Ambient and Pervasive Intelligence book series. Atlantis Press, 2008, 
pp. 41-71. 

3. Bosse, T., Jonker, C.M., Meij, L. van der, and Treur, J.. A Language and 
Environment for Analysis of Dynamics by Simulation. International Journal of 
Artificial Intelligence Tools, vol. 16, 2007, pp. 435-464. 

4. Fall, A., and Fall, J. (2001), A Domain-Specific Language for Models of Landscape 
Dynamics. Ecological Modelling 141 (2001), pp. 1-18. Earlier version: J. Fall, A. 
Fall, (1996). SELES: A spatially Explicit Landscape Event Simulator, Proc. of the 
Third International Conference on Integrating GIS and Environmental Modeling, 
Sante Fe. 

5. Gärtner , S., Reynolds, K.M., Hessburg, P.F., Hummel, S., Twery, M., (2008), 
Decision support for evaluating landscape departure and prioritizing forest 
management activities in a changing environment. Forest Ecology and Management, 
vol. 256, 2008, pp. 1666–1676. 

6. Hoogendoorn, M., Treur, J., Umair, M., An Ecological Model-Based Reasoning 
Model to Support Nature Park Managers. In: Ali, M., Chen, S.M., Chien, B.C., 
Hong, T.P. (eds.), Proceedings of the Twenty Second International Conference on 
Industrial, Engineering & Other Applications of Applied Intelligent Systems, IEA-
AIE 2009. Lecture Notes in Artificial Intelligence, vol. 5579. Springer Verlag, 2009, 
pp. 172–182. 



Chapter 05                 Adaptive Model for Environmental Dynamics 
 

Part III 
Adaptivity in Integrative Model-Based Ambient Agent Models Page 114 
 

7. Lester

8. Petriu, E.M., Whalen, T.E., Abielmona, R., Stewart, A. (2004). Robotic sensor 
agents: a new generation of intelligent agents for complex environment monitoring, 
IEEE Magazine on Instrumentation and Measurement, vol. 7, 2004, pp. 46–51. 

, J.C.,  Voerman, J.L.,  Towns, S.G.,  Charles B. Callaway, C.B. (1999). 
Deictic Believability: Coordinated Gesture, Locomotion, and Speech in Lifelike 
Pedagogical Agents. Applied Artificial Intelligence, vol. 13, 1999, pp. 383 – 414. 

9. Petriu, E.M.,  Patry, G.G., Whalen, T.E., Al-Dhaher, A.,  Groza, V.Z. (2002). 
Intelligent Robotic Sensor Agents for Environment Monitoring. In: Proc. of the 
Internat ional Symposium on Virtual and Intelligent Measurement Systems, 
VIMS2002. 

10. Rauscher, H. M., Potter, W.D. (2001). Decision support for ecosystem management 
and ecological assessments. In: Jensen, M.E.; Bourgeron, P.S., (eds.), A guidebook 
for integrated ecological assessments. New York: Springer-Verlag, pp. 162-183. 

11. Reynolds, K.M. (2005), Integrated decision support for sustainable forest 
management in the United States: fact or fiction? Computers and Electronics in 
Agriculture, vol. 49 (2005), pp. 6–23. 

12. Roth, M., Vail, D. and Veloso, M. (2003). A world model for multi-robot teams with 
communication. In: Proc. of the International Conference on Intelligent Robots and 
Systems, IROS 2003, vol. 3. IEEE/RSJ IROS-2003, 2003, pp. 2494- 2499. 

13. Sorenson, H.W. (1980). Parameter estimation: principles and problems. Marcel 
Dekker, Inc., New York. 

  



Chapter 05                 Adaptive Model for Environmental Dynamics 
 

Part III 
Adaptivity in Integrative Model-Based Ambient Agent Models Page 115 
 

APPENDIX – A: Adaptation Formulas for parameters in focus set (competition) 
 

Differential equations for the sensitivities of values of the variables w.r.t. the parameter 
a2 are obtained by differentiating the original differential equations for a2: 
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� (𝑡𝑡) −  𝑑𝑑2(𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝑎𝑎2

� (𝑡𝑡)

+ γ � �
∂𝑑𝑑2
∂𝑎𝑎2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑏𝑏1 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎2

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎2

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎2

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑎𝑎2

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑎𝑎2

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑎𝑎2

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑎𝑎2

� (𝑡𝑡)(1−𝛩𝛩  ∆𝑡𝑡)  

 
Differential equations for the sensitivities of values of the variables w.r.t. the parameter 
b1 are obtained by differentiating the original differential equations for b1: 
 

�
∂𝑑𝑑1
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑏𝑏1

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑏𝑏1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑎𝑎2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑎𝑎2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏1

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝑏𝑏1

� (𝑡𝑡)

+  γ � �
∂𝑑𝑑2
∂𝑏𝑏1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑏𝑏1 𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) − 𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏1

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑏𝑏1

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑏𝑏1

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑏𝑏1

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑏𝑏1

� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  
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Differential equations for the sensitivities of values of the variables w.r.t. the parameter 
b2 are obtained by differentiating the original differential equations for b2: 
 

�
∂𝑑𝑑1
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑏𝑏2

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑏𝑏2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑎𝑎2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑎𝑎2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏2

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝑏𝑏2

� (𝑡𝑡)

+  γ � �
∂𝑑𝑑2
∂𝑏𝑏2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑏𝑏1 𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) − 𝑑𝑑2(𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑏𝑏2

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑏𝑏2

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑏𝑏2

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑏𝑏2

� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  
 

Differential equations for the sensitivities of values of the variables w.r.t. the parameter 
β are obtained by differentiating the original differential equations for β: 
 

�
∂𝑑𝑑1
∂𝛽𝛽

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝛽𝛽

� (𝑡𝑡)

+  �( 𝑑𝑑1(𝑡𝑡)  + (∂𝑑𝑑1/∂𝛽𝛽) (𝑡𝑡)  𝛽𝛽 ) (𝑐𝑐(𝑡𝑡)  −  𝑎𝑎1𝑑𝑑1(𝑡𝑡)  −  𝑎𝑎2𝑑𝑑2(𝑡𝑡))

+  𝑑𝑑1(𝑡𝑡) 𝛽𝛽��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛽𝛽
�  (𝑡𝑡) −  𝑎𝑎1 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛽𝛽

� (𝑡𝑡) −  𝑎𝑎2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛽𝛽

� (𝑡𝑡)��    ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝛽𝛽

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝛽𝛽

� (𝑡𝑡)

+  γ  �(∂𝑑𝑑2/∂𝛽𝛽) (𝑡𝑡) �𝑐𝑐(𝑡𝑡)–  𝑏𝑏1𝑑𝑑1(𝑡𝑡)–  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�

+  𝑑𝑑2(𝑡𝑡) ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛽𝛽
�  (𝑡𝑡) −  𝑏𝑏1 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛽𝛽

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛽𝛽

� (𝑡𝑡)��    ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝛽𝛽
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑐𝑐
∂𝛽𝛽
� (𝑡𝑡) + � η �

∂𝑚𝑚
∂𝛽𝛽
� (𝑡𝑡)– �

∂𝑐𝑐
∂𝛽𝛽
� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝛽𝛽
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑚𝑚
∂𝛽𝛽
� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  

 

Differential equations for the sensitivities of values of the variables w.r.t. the parameter 
γ are obtained by differentiating the original differential equations for γ: 
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�
∂𝑑𝑑1
∂𝛾𝛾

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝛾𝛾

� (𝑡𝑡) (1 +  (𝑐𝑐(𝑡𝑡)  −  𝑎𝑎1𝑑𝑑1(𝑡𝑡)  −  𝑎𝑎2𝑑𝑑2(𝑡𝑡)) 𝛽𝛽 ∆𝑡𝑡) 

+   𝑑𝑑1(𝑡𝑡) 𝛽𝛽 ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛾𝛾
�  (𝑡𝑡) −  𝑎𝑎1 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛾𝛾

� (𝑡𝑡) −  𝑎𝑎2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛾𝛾

� (𝑡𝑡) �    ∆𝑡𝑡 

 

�
∂𝑑𝑑2
∂𝛾𝛾

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝛾𝛾

� (𝑡𝑡) (1 +  (𝑐𝑐(𝑡𝑡)  −  𝑏𝑏1𝑑𝑑1(𝑡𝑡)  −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)) 𝛾𝛾 ∆𝑡𝑡)

+  𝑑𝑑2(𝑡𝑡) �𝑐𝑐(𝑡𝑡)  −  𝑏𝑏1𝑑𝑑1(𝑡𝑡)  −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)

+ 𝛾𝛾 ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛾𝛾
�  (𝑡𝑡) −  𝑏𝑏1 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛾𝛾

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛾𝛾

� (𝑡𝑡) ��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝛾𝛾
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑐𝑐
∂𝛾𝛾
� (𝑡𝑡) +  � η �

∂𝑚𝑚
∂𝛾𝛾
� (𝑡𝑡)– �

∂𝑐𝑐
∂𝛾𝛾
� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝛾𝛾
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑚𝑚
∂𝛾𝛾
� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  

 
APPENDIX – B: Adaptation Formulas for parameters in focus set (parasitism) 
 
Basic Model 

 
𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑏𝑏1𝑑𝑑2(𝑡𝑡)� 
𝑑𝑑𝑑𝑑2(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)� 
𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 

 
Sensitivities calculations for water level 
 

𝜕𝜕 𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛽𝛽 
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡)−  𝑏𝑏1𝑑𝑑2(𝑡𝑡)) +  𝛽𝛽 𝑑𝑑1(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑏𝑏1
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 

𝜕𝜕 𝜕𝜕𝑑𝑑2
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛾𝛾 
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)) +  𝛾𝛾𝑑𝑑2(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

 + 𝑎𝑎2
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑏𝑏2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 

𝜕𝜕 𝜕𝜕𝑐𝑐𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝜔𝜔 �𝜂𝜂 
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 

𝜕𝜕 𝜕𝜕𝑚𝑚𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝜃𝜃 �𝜆𝜆 −  
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

�  

 
Change required in water level to achieve target for s1 
 

∆𝑤𝑤 =  (𝑑𝑑1(𝑤𝑤 + Δ𝑤𝑤) –  𝑑𝑑1(𝑤𝑤)) �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤

��  
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Change required in different parameters 
 

∆𝑎𝑎1 =  �𝑑𝑑1(𝑎𝑎1 + Δa1)–  𝑑𝑑1(𝑎𝑎1)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎1

��  
 

∆𝑏𝑏1 =  �𝑑𝑑1(𝑏𝑏1 + Δb1)–  𝑑𝑑1(𝑏𝑏1)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

��  
 

∆𝑎𝑎2 =  �𝑑𝑑1(𝑎𝑎2 + Δa2)–  𝑑𝑑1(𝑎𝑎2)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎2

��  
 

∆𝑏𝑏2 =  �𝑑𝑑1(𝑏𝑏2 + ∆𝑏𝑏2)–  𝑑𝑑1(𝑏𝑏2)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏2

��  
 

∆𝛽𝛽 =  �𝑑𝑑1(𝛽𝛽 + Δβ)–  𝑑𝑑1(𝛽𝛽)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝛽𝛽

��  

 

∆𝛾𝛾 =  �𝑑𝑑1(𝛾𝛾 + ∆𝛾𝛾)–  𝑑𝑑1(𝛾𝛾)� �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝛾𝛾

��  
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Sensitivities Calculations 
 
For a1 
 
�
∂𝑑𝑑1
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑎𝑎1

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑎𝑎1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏1𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑑𝑑1(𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎1

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =    �
∂𝑑𝑑2
∂𝑎𝑎1

� (𝑡𝑡)

+  𝛾𝛾 � �
∂𝑑𝑑2
∂𝑎𝑎1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) +  𝑎𝑎2 𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�  

+  𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) +  𝑎𝑎2 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎1

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎1

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑎𝑎1

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑎𝑎1

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑎𝑎1

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑎𝑎1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑎𝑎1

� (𝑡𝑡)(1−𝛩𝛩  ∆𝑡𝑡)  

 
For b1 

 
�
∂𝑑𝑑1
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑏𝑏1

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑏𝑏1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏1𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑑𝑑2(𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂b1

� (𝑡𝑡 + ∆𝑡𝑡) =    �
∂𝑑𝑑2
∂b1

� (𝑡𝑡)

+  𝛾𝛾 � �
∂𝑑𝑑2
∂b1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) +  𝑎𝑎2 𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�  

+  𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) +  𝑎𝑎2 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏1

� (𝑡𝑡)��   ∆𝑡𝑡 

 

�
∂𝑑𝑑2
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝑏𝑏1

� (𝑡𝑡)

−  γ � �
∂𝑑𝑑2
∂𝑏𝑏1

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑏𝑏2 𝑑𝑑1(𝑡𝑡)�+ 𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏1

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏1

� (𝑡𝑡)��   ∆𝑡𝑡 
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�
∂𝑐𝑐
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑏𝑏1

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑏𝑏1

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑏𝑏1

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑏𝑏1

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑏𝑏1

� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  

 
For a2 
 
�
∂𝑑𝑑1
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑎𝑎2

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑎𝑎2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏1𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎2

� (𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎2

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎2

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =    �
∂𝑑𝑑2
∂𝑎𝑎2

� (𝑡𝑡)

+  𝛾𝛾 � �
∂𝑑𝑑2
∂𝑎𝑎2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) +  𝑎𝑎2 𝑑𝑑1(𝑡𝑡) −  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�  

+  𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑎𝑎2

� (𝑡𝑡) + 𝑑𝑑1(𝑡𝑡) +  𝑎𝑎2 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑎𝑎2

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑎𝑎2

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑎𝑎2

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑎𝑎2

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑎𝑎2

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝑎𝑎2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑎𝑎2

� (𝑡𝑡)(1−𝛩𝛩  ∆𝑡𝑡)  

 
For b2 
 
�
∂𝑑𝑑1
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝑏𝑏2

� (𝑡𝑡)

+  𝛽𝛽 � �
∂𝑑𝑑1
∂𝑏𝑏2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏1𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑1(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑎𝑎1 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑏𝑏1 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏2

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝑏𝑏2

� (𝑡𝑡)

+  𝛾𝛾 � �
∂𝑑𝑑2
∂𝑏𝑏2

� (𝑡𝑡) �𝑐𝑐(𝑡𝑡) +  𝑎𝑎2 𝑑𝑑1(𝑡𝑡)−  𝑏𝑏2𝑑𝑑2(𝑡𝑡)�

+ 𝑑𝑑2(𝑡𝑡)��
𝜕𝜕𝑐𝑐
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) −  𝑎𝑎2 �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑏𝑏2

� (𝑡𝑡) − 𝑑𝑑2(𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝑏𝑏2

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑐𝑐
∂𝑏𝑏2

� (𝑡𝑡) + � η �
∂𝑚𝑚
∂𝑏𝑏2

� (𝑡𝑡)– �
∂𝑐𝑐
∂𝑏𝑏2

� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 
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�
∂𝑚𝑚
∂𝑏𝑏2

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑚𝑚
∂𝑏𝑏2

� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  

 
For β  
 
�
∂𝑑𝑑1
∂𝛽𝛽

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝛽𝛽

� (𝑡𝑡)

+  �� 𝑑𝑑1(𝑡𝑡)  + 𝛽𝛽 �
∂𝑑𝑑1
∂𝛽𝛽

� (𝑡𝑡)  � (𝑐𝑐(𝑡𝑡)  −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) –  𝑏𝑏1𝑑𝑑2(𝑡𝑡))

+  𝛽𝛽 𝑑𝑑1(𝑡𝑡) ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛽𝛽
�  (𝑡𝑡) −  𝑎𝑎1 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛽𝛽

� (𝑡𝑡) −  𝑏𝑏1�
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛽𝛽

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑑𝑑2
∂𝛽𝛽

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑2
∂𝛽𝛽

� (𝑡𝑡)

+   𝛾𝛾 ��
∂𝑑𝑑2
∂𝛽𝛽

� (𝑡𝑡) (𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) –  𝑏𝑏2𝑑𝑑2(𝑡𝑡))

+   𝑑𝑑2(𝑡𝑡) ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛽𝛽
� (𝑡𝑡) +  𝑎𝑎2 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛽𝛽

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛽𝛽

� (𝑡𝑡)��    ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝛽𝛽
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑐𝑐
∂𝛽𝛽
� (𝑡𝑡) + � η �

∂𝑚𝑚
∂𝛽𝛽
� (𝑡𝑡)– �

∂𝑐𝑐
∂𝛽𝛽
� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

�
∂𝑚𝑚
∂𝛽𝛽
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑚𝑚
∂𝛽𝛽
� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  

 
For γ  
 
�
∂𝑑𝑑1
∂𝛾𝛾

� (𝑡𝑡 + ∆𝑡𝑡) =  �
∂𝑑𝑑1
∂𝛾𝛾

� (𝑡𝑡) �1 +  �𝑐𝑐(𝑡𝑡)–  𝑎𝑎1𝑑𝑑1(𝑡𝑡)–  𝑏𝑏1𝑑𝑑2(𝑡𝑡)� 𝛽𝛽 ∆𝑡𝑡�  

+   𝑑𝑑1(𝑡𝑡) 𝛽𝛽 ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛾𝛾
�  (𝑡𝑡) −  𝑎𝑎1 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛾𝛾

� (𝑡𝑡) −  𝑏𝑏1�
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛾𝛾

� (𝑡𝑡)�    ∆𝑡𝑡 

 

�
∂𝑑𝑑2
∂γ
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑑𝑑2
∂𝛾𝛾

� (𝑡𝑡)

+  �� 𝑑𝑑2(𝑡𝑡)  + 𝛾𝛾 �
∂𝑑𝑑2
∂γ
� (𝑡𝑡)  �  (𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) –  𝑏𝑏2𝑑𝑑2(𝑡𝑡))

+  𝛾𝛾 𝑑𝑑2(𝑡𝑡) ��
𝜕𝜕𝑐𝑐
𝜕𝜕𝛾𝛾
�  (𝑡𝑡) +  𝑎𝑎2 �

𝜕𝜕𝑑𝑑1
𝜕𝜕𝛾𝛾

� (𝑡𝑡) −  𝑏𝑏2 �
𝜕𝜕𝑑𝑑2
𝜕𝜕𝛾𝛾

� (𝑡𝑡)��   ∆𝑡𝑡 

�
∂𝑐𝑐
∂𝛾𝛾
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑐𝑐
∂𝛾𝛾
� (𝑡𝑡) +  � η �

∂𝑚𝑚
∂𝛾𝛾
� (𝑡𝑡)– �

∂𝑐𝑐
∂𝛾𝛾
� (𝑡𝑡)�  𝜔𝜔  ∆𝑡𝑡 

 

�
∂𝑚𝑚
∂𝛾𝛾
� (𝑡𝑡 + ∆𝑡𝑡) =  �

∂𝑚𝑚
∂𝛾𝛾
� (𝑡𝑡)(1− 𝛩𝛩  ∆𝑡𝑡)  
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Abstract.  This paper presents a software environment providing human-aware 
ambient support for a human performing a task that demands substantial amounts 
of attention. The agent obtains human attention-awareness in an adaptive manner 
by use of a dynamical model of human attention, gaze sensoring by an eye-
tracker, and information about features of the objects in the environment which is 
parameterised for characteristics of the human specified above. The agent uses a 
built-in adaptation model to adapt on the fly, the values of these parameters to the 
personal characteristics of the human. The software agent has been implemented 
in a component-based manner within the Adobe® Flex® environment, thereby also 
integrating the Tobii® eye-tracker. It has been applied in a setup for a task where 
the human has to identify enemies and allies, and eliminate the enemies. 

Keywords: Human-aware, ambient, attention, Adobe Flex, software agent, 
human-aware, adaptive 

1    Introduction 

The area of Ambient Intelligence or Pervasive Computing envisions a world in which 
humans are surrounded by intelligent software agents that are unobtrusively embedded 

                                                 
1 Parts of this article are based on work presented at the 12th International Conference on 
Principles of Practice in Multi-Agent Systems, PRIMA’09 [10], and the 10th 
International Conference on Computational Science, ICCS’10 [17]. 
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in their direct environment, and support them in various tasks (e.g., [1, 2, 3]). One of the 
more ambitious challenges for the design of ambient or pervasive systems is to create an 
appropriate representation and awareness of a human’s states; e.g., [1, 2, 3, 22]. 
Ambient agents can provide more dedicated support when they have a certain level of 
human-awareness. This may require awareness not only of personal characteristics such 
as preferences, but also of (dynamically changing) states of the human. Examples of 
such states are emotion and stress, fatigue and exhaustion, goals and intentions, and 
attention states. Such human-aware systems can be taken to perform a certain type of 
mindreading or to possess what in the psychological and philosophical literature is 
called a Theory of Mind; e.g., [9, 13, 14]. Like in the evolutionary human history, 
within different applications such mindreading may address different types of human 
states, such as intention, attention, belief or emotion states; e.g., see [13]. Acquiring 
awareness of such states is a nontrivial challenge. Sensors may be used by the agent to 
get information about the human’s current state, such as face readers, eye-trackers or 
heart rate sensors, but sensor information can rarely be directly related in a one-to-one 
manner to the human’s states that are of concern. 

A more general situation is that such sensor information can be used in a more 
indirect manner in dynamical models that express temporal relationships between a 
number of variables including these human’s states and the sensor information; e.g., 
[20]. As humans may show substantial individual differences in characteristics in 
cognitive functioning, such a dynamical model usually includes a number of parameters 
for a number of specific characteristics of the human. Therefore they only can be used 
in a dedicated manner when sufficiently accurate estimations can be made for the values 
of these parameters as representations for the characteristics of the human considered. 
For applications in software agents this implies that such an agent does not only need a 
dynamical model of the human’s processes, but also an adaptation model describing 
how the parameter values of the former model can be adapted over time to the 
characteristics of the human. 

This paper presents a software agent that makes use of such a parameterised 
dynamical model of the human, and in addition possesses an adaptation model that on 
the fly tunes the parameter values to the human characteristics. A case study was 
undertaken to test it for a human’s attention states. Some literature on models for human 
attention can be found, for example, in [7, 16, 18, 24]. The human-attention-awareness 
for this case study uses three ingredients: (1) sensor information on the human’s gaze, 
(2) information on features of objects in the environment, and (3) a dynamical 
(differential equations) model of the dynamics of attention levels over time integrating 
the instantaneous information from (1) and (2), and using partial persistency of attention 
over time. The agent’s adaptation model was designed and implemented in a generic 
manner, but for the case study was applied to the dynamical model for attention, thereby 
addressing, among others, parameters for weights of different features of objects, the 
effect of distance between an object and gaze, and an attention persistency factor. 

The software agent and the further ambient support software environment has been 
implemented within the Adobe® Flex® development environment according to a 
component-based design, with event-driven interaction between components based on 
ActionScript. For the gaze sensoring it integrates the Tobii® eye-tracker. Before 
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entering a task performance session, initially it allows to set values for a number of 
parameters. 

In this paper in Section 2 an example of the type of application is presented. Section 
3 addresses the assessment of the attention, whereas in Section 4 it is discussed how 
intervention actions are generated. In Section 5 some more details of the developed 
software are discussed. Section 6 presents experimental results for human attentional 
state model. Section 7 presents the background ideas of the parameter adaptation 
approach developed, and in Section 8 the overall adaptation model is described. In 
Section 9 some more details of the developed software and some results for the case 
study are discussed. In Section 10 a verification of the model is presented. Section 11 is 
a discussion. 

2 The Type of Attention-Demanding Task Considered 

To address the possibilities for human-aware ambient support of attention-demanding 
tasks a specific example environment has been developed. Main characteristics of the 
type of task considered in this environment are: 
 

• it has elements of monitoring, inspection and analysis of a visually represented 
environment 

• it has elements of deciding on and performing actions to cope with 
circumstances that require intervention 

• part of the task concerns cognitive load 

• (visual) attention plays an important role 

• work load may vary over time and at times may become stressful and 
exhausting   

This context has been given the form of a (simplified) simulated environment to 
perform such a type of task. More specifically, the idea is that a person has to (1) 
inspect visually displayed moving objects in the environment, and identify whether such 
an object is dangerous (enemy) or not (ally), and (2) for each of such objects, depending 
on the identification perform some actions. The person in charge (further called player) 
faces objects traversing the screen from the top to the bottom.  
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Figure 1. Partial screenshot of the task environment 

 
The player’s task consists in classifying each object as ally or enemy, and shooting 

down the enemies while letting allies land safely. Identification of an object is a 
cognitive task, in a simplified form represented by an arithmetical calculation. In order 
to determine whether an object is an ally or an enemy, the player mouse-clicks on the 
object whereafter an arithmetical formula appears next to that object. A correct formula 
means that we are dealing with an ally while enemies show false formulas. To 
categorize an object as ally, the ← key can be pressed, for enemies the → key. A 
spoken voice will confirm the choice. Objects designated as allies turn greenish yellow 
while those identified as enemies go reddish orange. The player uses a cannon at the 
bottom of the screen to shoot down (hostile) objects. The picture in Figure 1 shows an 
identified ally to the left and an identified enemy to the right. Using scores and costs 
that are assigned it can be investigated if support measures affect the efficiency of the 
task execution. Scores are assigned according to Table 1. Costs are counted as +1 per 
fired missile; costs are calculated and shown independently of the score.  
 

Objects ally enemy 

Landed +1 -1 

shot down -1 +1 

Table 1. Score table 

3 Assessment of the Human’s Attentional State 

The assessment of the human’s attentional state concerns three different elements. First, 
from the supply side it is discussed how to estimate the amount of attention the human 
is paying to each of the different objects. Next, from the demand side it is discussed 
how to estimate the amount of attention that is required for each of the objects 
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(urgency). Finally, the two types of estimations are compared to determine a 
discrepancy assessment for each of the objects. 

3.1 Attention Estimation 

To perform a demanding task of the type considered, it is important to have sufficient 
visual attention. In such a situation, a player may be assisted by an ambient agent that 
keeps track of where his or her attention is, and provide support in case the attention is 
not where it should be. To this end, the software exploits a domain model of the state of 
attention of the player over time. Below the domain model for attentional processes of 
the player is described, as adopted from [7].  

The player’s attention at the current point in time is distributed over all objects on 
the screen (incoming unidentified objects, the object that displayed formulas, identified 
ally- and enemy-indications). Some objects get more attention, while other objects get 
less attention. This depends on two main aspects. One is the distance between the object 
and the player’s gaze direction: the shorter the distance between the gaze target and the 
object, the higher the attention level of this object is, and vice versa. Another main 
aspect is an object’s potential (capability) for attracting attention based on the object’s 
characteristics (such as brightness and size, for example: a brighter and larger object 
attracts more attention). As a first step for each object on the screen its potential for 
attracting attention is determined. For example, when object O has two characteristics, 
brightness and size, which have numerical values V1 and V2, respectively, then the value 
of the potential of the object O for attracting a player’s attention at a given time point is 
calculated as w1 * V1 + w2 * V2  where w1 and w2 are parameters (weights) reflecting the 
relative importance of the characteristics brightness and size, respectively; w1 and w2 are 
both real numbers between 0 and 1. When multiple characteristics Ci for i = 1, …, m are 
involved, the attention-attracting potential of an object O is expressed by a weighted 
sum 

 

∑ =

m

i 1
wi * Vi 

 
where Vi is the value of characteristic Ci.  The precise choice of the characteristics 
together with the values of the corresponding weights (the sum of which is set on 1 by 
normalisation) can be chosen from the following list: 
 

• brightness   
• colour   
• size   
• blinking of the object 
• a circle around an object 
• blinking of circle around object 
• time to the ground 
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• direction of movement (angle) 
• speed 
• known as enemy or ally 
• distance to the ground 

 
The values for these variables are expressed by numbers in the interval [0, 1], with 0 

no attraction potential and 1 highest attraction potential. For a specific session, initially 
a selection of them can be made and weight factors assigned. 

As a next step the player’s gaze location is taken into account, in order to combine it 
with the potential of an object for attracting the player’s attention; a location is indicated 
by a point on the screen, represented by a pair of coordinates (x,y) with respect to 
horizontal and vertical axes for the screen.  To take gaze into account the potential of 
the object for attraction of the player’s attention is divided by a function depending on 
the player’s gaze location: 

 

V(O) = (∑ =

m

i 1
wi * Vi  )  / (1 + α * d(O, G)2) 

 
Here d(O, G) is the Euclidean distance between the object O and the player’s gaze G. If 
the gaze is represented by coordinates (x1, y1) and the object’s location coordinates are 
(x2, y2) then d(O, G) can be determined as  
 

√(x1-x2) 2+(y1-y2)2 
 
and hence d(O, G)2  by (x1-x2) 2+(y1-y2)2. The parameter α  (represented by a positive 
real number) affects how fast an object loses the player’s attention as the gaze moves 
further away from the object. The higher α is, the lower the attention for objects distant 
from the player’s focus. 

It is assumed that a person can have a fixed total amount of attention A distributed 
over all available objects on the screen. Therefore the attention level AV(O) of an object 
O expresses the amount of the player’s attention directed at the object O as a proportion 
(percentage) of the player’s total attention. If there are n objects in total on the screen 
and the attention value V(Oj)  of the object Oj is indicated by Vj (1≤ j ≤ n), then the 
attention level AV(Oi)  of the object Oi is determined in a normalised form as 

 
AV(Oi)  = ( Vi / (V1+V2+….+Vn )) * A  

 
As a gaze can change from one moment to the other, and it has a strong effect on the 
attention values, these attention values can show quite instable patterns. However, it can 
be assumed that attention persists over short time periods. To model this the attention 
values for object O can be modelled with persistence as PAV(O) using the following 
difference equation: 
 
          PAV(O)t+∆t  = PAV(O)t  + β *(AV(O)t  - PAV(O)t )∆t 
 



Chapter 06 Software Agent Supporting Attention-Demanding Tasks 
 

Part III 
Adaptivity in Integrative Model-Based Ambient Agent Models Page 131 
 

Here β  is an attention flexibility parameter with a positive value between 0 and 1, and 
time step with 0 ≤ ∆t ≤ 1; a high value of β results in fast changes and a low value in a 
high persistence of the old value. Note that for ∆t = 1 this can be rewritten into a 
weighted sum form  
 

PAV(O)t+1 = β *AV(O)t  +(1-β) PAV(O)t  
 
which shows more explicitly how the parameter β expresses partial persistence of 
attention; for example, for the extreme value β = 0, the attention state would be fully 
persistent. Written in differential equation format the dynamical model is as follows: 
 

dPAV(O)/dt  = β *(AV(O) - PAV(O)) 
 
This represents a system of n differential equations for all of the n objects involved, 
which via AV(O) integrates the gaze information and information about the object 
features over time. 

3.2 Urgency Estimation 

The task considered involves high attention demands, especially when many objects are 
coming in a short period of time. Some of these objects can be ignored, for example 
because they are allies. Other objects demand more attention, for example enemies that 
have a high speed and/or that are already close to the ground. To find out which objects 
should be given attention, it is estimated how critical objects are: the urgency of objects. 
This is done based on n urgency-indication factors by a weighted sum 
 

UV(O) = ∑ =

n

i 1
wi * Ui     if  O is an enemy 

  0    if  O is an ally 
 
Here Ui  is the value of the i-th urgency factor and wi the weight of this factor (with total 
sum 1). The factors that can be considered here are: 
 

• time to the ground 
• distance to the ground 
• direction of movement (angle) 
• speed 

 
The values for these variables are expressed by numbers in the interval [0, 1], with 0 no 
urgency and 1 highest urgency. For a specific session, initially a selection of them can 
be made and weight factors assigned. 
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It has been assumed that like attention also urgency persists over shorter time periods. 
To model this the attention values for object O can be modelled with persistence as 
PUV(O) using the following difference equation: 
 
          PUV(O)t+∆t  = PUV(O)t  + γ *(UV(O)t  - PUV(O)t )∆t 
 
Here γ  is an urgency flexibility parameter with a positive value between 0 and 1, and 
time step with 0 ≤ ∆t ≤ 1; a high value of γ results in fast changes and a low value in a 
high persistence of the old value of the urgency. Note that for ∆t = 1 this can be 
rewritten into a weighted sum form  
 

PUV(O)t+1 = γ *UV(O)t  +(1-γ) PUV(O)t  
 
which shows more explicitly how the parameter γ expresses partial persistence of 
urgency; for example, for the extreme value γ = 0, the urgency state would be fully 
persistent. Written in differential equation format the dynamical model is as follows: 
 

dPUV(O)/dt  = γ *(UV(O) - PUV(O)) 
 
Again, this represents a system of n differential equations for all of the n objects 
involved, which via UV(O) integrates the gaze information and information about the 
object features over time. 

3.3 Discrepancy Assessment 

To determine whether there is enough attention for objects that demand attention some 
comparison has to be made. The attention levels that are estimated can be considered as 
offered attention utilisation, and the urgencies can be considered as demands. However, 
in principle these quantities are not expressed according to the same measure, which 
makes that they are not easily comparable. For example, the total sum of attention 
values for all objects is A, which may be set on 1, whereas the total sum of urgencies 
can easily be much higher than 1. Moreover, in general, it is not clear at forehand how 
high an attention level has to be in order to represent ‘enough attention’. Therefore 
some rescaling has been made in the comparison, in the following discrepancy 
assessment: 
 

D(O)  =  wu * U(O) -  wa * PAV(O) 
 
This uses initially set weight factors for urgency and attention level to determine the 
discrepancy for an object O. The interpretation is  
 

D(O) = 0   sufficient attention for the object  
D(O) < 0    more than sufficient attention 
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D(O) > 0    insufficient attention  
 
The resulting discrepancy assessments are used as input to determine appropriate 
intervention actions. 
 

characteristics parameter symbol range 
human 

characteristics 
 

object feature weight factors wi 0 ≤ wi ≤ 1 & Σ wi = 1 
gaze distance effect rate α 0 ≤ α  
attention flexibility rate β 0 < β ≤  1 

environmental 
characteristics 

urgency aspect weight factors ri 0 ≤ ri ≤ 1  &   
Σ ri = 1 

combined 
characteristics 

comparison weight factors si 0 ≤ si ≤  1 

Table 2. Overview of the parameters in the dynamical model 

 
As shown, the overall dynamical model involves a number of parameters some of 

which relate to characteristics of the human and some others to characteristics of the 
environment, or to a combination. As a summary an overview is given in Table 2. 

4 Selection Process for Intervention Actions 

Within the process to determine intervention actions two main decisions made are based 
on the assessment information: (1) which objects to address, and (2) which intervention 
actions to apply on the addressed objects. Below the criteria are discussed on which 
these decisions are based. For a summary, see Table 3. 

4.1 Object Focus Set 

For the first decision two criteria are considered, based on two parameters th (a real 
number ≥ 0) and k (a natural number): (a) the discrepancy of the object is > th, and (b) it 
is among the k objects with highest discrepancy. Given certain values set for these 
parameters, the combination of these criteria defines a focus set of objects addressed. A 
special case used in the example simulations shown is k = 1 and th = 0. In this case the 
object with the highest positive discrepancy is selected.  

4.2 Intervention Action Selection 

Action selection does not involve only (a) the selection of a specific type of action (for 
example, to display a pointer to the object), but also (b) determination of the intensity 
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value for that action (e.g., the size of the pointer). The actions that may be considered 
are affecting the following variables: 
 

• brightness 
• colour 
• size 
• blinking 
• a circle around an object 
• blinking of circle around an object 

 
The values for these variables are expressed by numbers in the interval [0, 1], with 0 no 
intensity and 1 highest intensity. For each object in the focus set an action and its 
intensity value is selected using sensitivity factors. A sensitivity factor S for a variable X 
addressed by a certain action with respect to discrepancy D defines how much (in the 
given situation) the discrepancy D will change upon a change in the variable, which is 
mathematically denoted by the partial derivative ∂D / ∂X. 
 
To determine a sensitivity factor S (i.e., determining the partial derivative ∂D / ∂X) both 
analytical and approximation methods or a combination of them can be used. The 
attention model is defined by a differential equation and no direct formula is given as, 
for example, was the case in the adaptation approach described in [8]. Therefore here 
this partial derivative cannot be determined by analytic calculation. As an 
approximation method, a small arbitrary change ∆X in the value of variable X can be 
tried (for example a change of 4%, which for X = 0.5 makes ∆X = 0.02), and based on 
the resulting change ∆D in the value of D (for example ∆D = -0.15) found in predicted 
discrepancy, the sensitivity factor S can be estimated by  

 
S = ∆D / ∆X  

 
which for example provides S = -0.15 / 0.02 = -7.5.  Note that the norm for the 
discrepancy D is 0, so ∆D = D can be taken. 

Given that for each action option the sensitivity factor is known, as a negative real 
number, it is used in the following manner. First it is multiplied by the remaining 
interval within [0, 1] for the variable addressed by the action: this provides the maximal 
effect -  S*(1-X ) on D that can be achieved by applying this action. An action is chosen 
where this value is maximal, while its potential impact on discrepancy is the highest. To 
approximately compensate the discrepancy the following value is taken for the intensity 
of the action: 

 
∆X  =  -  D / S 
X + ∆X  =  X -  D / S 
 

So, when D = 0.6, S = -3 and X has value 0.3 this obtains ∆X = 0.6 /3 = 0.2, so the 
action is selected with value  
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X +∆X = 0.5  
 

In case X -  D / S  exceeds 1,  the maximal intensity 1 can be taken for the action. Table 
3 shows an overview of the decisions made in intervention action selection. 
 
 

 Indication Decision parameters Decision criteria 

Object focus 
set 

objects with high 
discrepancy 

discrepancy D 
threshold th 
number of objects k 

D > th  &  
the object is among the 
k objects with highest D 

Selected 
action 

actions with high 
impact on 
discrepancy 

current intensity value X 
sensitivity S 

action with highest 
maximal impact - S*(1-
X ) 

Action 
intensity 

approximate 
compensation of 
discrepancy 

discrepancy D  
current intensity value X 
sensitivity S 

action intensity  
min(1, X -  D / S) 

Table 3. Decision criteria for selection of intervention actions 

5 The Software Environment in Adobe Flex 

In this section some details of the ambient support environment for attention-demanding 
tasks are described. This software environment has been implemented within the 
Adobe® Flex® development environment. The software was implemented according to a 
component-based design. Between the different components event-driven interaction 
takes place, implemented using ActionScript. Moreover, for the measuring gaze a 
specific sensoring component was included that connects the Tobii® eye-tracker that 
was used. An interface component allows for initially setting of values for the 
parameters. Two other components represent the assessment and action selection 
processes described in Sections 3 and 4. 

 

Table 4. Values of parameters and variables for an example session 

A number of sessions have been performed using this software environment to test 
the behaviour, and some data of one example session have been included in this section. 

 Urgency 
weight  

w1 

Urgency 
value  
U(O) 

Attention 
weight  

w2 

Attention 
value 

PAV(O) 

 
Discrepancy 

D(O) 
object1 (leftmost) 0.32 0.8 0.36 0.2 0.184 
object2  (middle) 0.32 0.6 0.36 0.8 -0.096 

object3 (rightmost) 0.32 0.4 0.36 0.3 0.02 
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Figure 2. Interface to set parameter values 

Figure 2 shows the interface component where the user sets the values of the 
parameters used in the Attention estimation, Urgency estimation and Discrepancy 
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assessment as explained in Section 3. Table 4 shows the values of urgency and attention 
estimation, and discrepancy of three objects during the session. 

Example results of the session are shown in the snapshot displayed in Figure 3, 
where 3 objects are visible; i.e. object1 (leftmost object), object2 (middle object) and 
object3 (rightmost object) with different types of support provided to them depending 
upon the estimated urgency and attention levels.  

The gaze as given by the Tobii® eye-tracker is denoted by “╬”. As can be seen from 
the data shown in Table 4, object2 has a negative discrepancy value (i.e., sufficient 
attention is given), so in line with the decision criteria described in Table 3 in Section 4, 
no support is provided to it. In this situation support is provided to the object having the 
highest discrepancy, i.e., object1.  

Figure 3 also shows the current score and the cost in this stage of the session. As can 
be seen, because of the support measures provided the cost is less as compared to the 
score earned by the human, which shows efficiency of the task execution with the given 
support. 

 

 
Figure 3. Snapshot of an example session 

6 Simulation Experiments and Results 

Based on the ambient support system described above, a number of simulations have 
been performed. A first example simulation trace for a non-attentive person included in 
this section is shown in Figure 4 as an illustration (one ally object) and Figure 5 (one 
enemy object). 

In all of the figures shown, time is on the horizontal axis, whereas in Figure 4 (I) and 
Figure 5 (I), the vertical axis shows the values of the human’s attentional state elements, 
and in Figure 4 (II) & (III) and Figure 5 (II) & (III) it shows, respectively, x- and y-
coordinates on the screen. The example trace in Figure 4 (I) shows the values of the 
elements of the human’s attentional state for an ally object. As can be noticed the 
urgency value of an ally object remains 0 for the whole simulation session, as has been 
described in Section 3.2.  
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Figure 4.  Simulation trace 1 –   Figure 5.  Simulation trace 1 – 

  for an ally object          for an enemy object (non-attentive person) 
α=0.9, β=0.95, γ=0.1, w1= w2=0.95 

It further shows that the urgency value is independent of the human’s gaze. As 
described in Section 3.1, the attention element depends on the difference between the 
human’s gaze value and the current location of the object.  

This can be seen in Figure 4 (I) and (II) & (III), where the attention value increases 
as the gaze of the human comes closer to the object and it decreases as human gaze goes 
away from it. Figure 4 (I) also shows the discrepancy element, which is the weighted 
difference between the attention and urgency elements. For this particular example 
simulation the weights for attention and urgency are same, i.e., 0.95, and as the urgency 
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for this particular object is 0 (because of being an ally), therefore the discrepancy value 
is exactly opposite to the attention value. In other words, for this simulation experiment 
the discrepancy is dependent on the attention value only. 

The example trace in Figure 5 (I) shows the values of the elements of the human’s 
attentional state for an enemy object. As can be noticed the urgency value of an enemy 
object gradually increases over the time until it reaches to the ground, as has been 
described in Section 3.2. For this example simulation the factors that have been 
considered are time and distance to ground along with object identification. 

It can also be noted that as the object’s Y coordinate increases, i.e., the object is 
coming closer to the ground (see Figure 5 (III)), the urgency value increases 
simultaneously. On the other hand, the value of the attention element shows a similar 
pattern as for the ally object described earlier, because it depends on the difference 
between the gaze and object coordinates. This can be seen in Figure 5 (I) and (II) & 
(III). 

This example simulation trace depicts a scenario where the human does not pay 
attention to the object even though the urgency value of the object increases. This can 
be seen in Figure 5 (II) & (III) where the user gaze goes away from the object.  

Figure 6 shows the simulation of an example scenario where the person pays 
attention to those objects for which the proposed software environment provides 
support, i.e., those objects that are closer to the ground and have not been paid attention 
to. 

This can be seen in Figure 6 (I), (II) & (III), where the person’s gaze comes closer to 
the object whose urgency is higher because of the ambient support provided by the 
software, as opposed to the pattern shows in Figure 5.  

The simulation experiment trace shown in Figure 7 compares two enemy objects, 
where the person pays attention to the most urgent object as compared to the least 
urgent one. As can be noticed in Figure 7 (I), the person initially pays attention to obj1 
but loses attention after a short duration. Later, as the proposed software environment 
provides support to the most urgent object, i.e., obj1, the person again starts to pay 
attention to it, and hence the attention for that object increases for the rest of the 
simulation trace. Notice that the attention value of obj2 is lower compared to obj1. It 
can also be validated by the generated pattern of movement of the human gaze and the 
object coordinates, as can be seen in Figure 7 (II) & (III). 
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Figure 6. Simulation trace 2 –            Figure 7. Simulation trace 3 – 

         for an enemy object (attentive person)   Comparison of two enemy objects 
α=0.9, β=0.95, γ=0.1, w1= w2=0.95 

7    The Adaptation Approach 

When using a dynamical model to assess a human’s states in the context of a task 
environment, the software agent has to maintain beliefs about characteristics of the 
human. Such charactistics are represented by parameters in the model. Examples of 
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such parameters are the person-specific weight factors that are used for different 
features, i.e., the wi as used in the first formula in Section 3.1.  

As often it is not possible to determine accurate values for such parameters for a 
given person at forehand, this section describes a method by which the agent adapts its 
beliefs concerning human characteristics to the real characteristics. The main idea is as 
follows. The agent initially uses rough estimations of the values for these human 
characteristics, and maintains them as beliefs. Using the dynamical model with 
parameter values as represented by these initial beliefs, the agent predicts the human 
state, up to a certain time point. When at that time point, for example by observation, 
information is obtained that can be related to the real value of one or more variables X 
of the model, this can be used as input for the adaptation process. The agent then tries to 
decrease the difference between predicted and real value for X by adjusting the beliefs 
on the human characteristics (e.g., the value of a parameter P which was initially 
assumed). This process of adaptation of the value for P by evaluating a variable X 
continues until the difference between real and predicted value for X is low enough, i.e., 
until the agent has a sufficiently accurate set of beliefs about the human’s 
characteristics.  

It is important to know, how a change in a parameter value for P affects the 
difference between predicted and real value of the variable X to make reasonable 
adjustment to this parameter value. This is called the sensitivity of the variable X for the 
parameter P. In more detail the adaptation process is described as follows. 

7.1  Sensitivities: how they are determined 

as discussed above, within the adaptation process of the parameter values, sensitivities 
of state variables X for changes in values of parameters P for human characteristics play 
an important role. The sensitivity S of variable X for parameter P is the number S such 
that a change ∆P in the value of P of parameter P will lead to a change ∆X in X which is 
(approximately) proportional to ∆P with proportion factor S: 
 
 

∆X = S ∆P 
 

For example, if the sensitivity S of X for P is -2.5, then a change in P of 0.02 leads to a 
change in X of  - 0.05. This is an approximation which is more accurate when the ∆’s 
are taken small; in fact the sensitivity is the partial derivative ∂X/∂P. As an 
approximation method, the following can be done. A small change ∆P in the parameter 
is tried to make an additional prediction for X, and based on the resulting change ∆X 
found in the two predicted values for X, by 
 

SX,P = ∆X/ ∆P  
 
 

the sensitivity S can be estimated.  For example, suppose the current value of P is 0.44 
and using this the value 0.84 of X is found. Moreover, suppose a change ∆P in P is 
made of 0.01. Then the changed value of P is 0.45, and using this parameter value, by 
the model the value of X is determined again. Suppose now a value of 0.88 for X is 
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found. Then it turns out that a difference ∆P of 0.01 in P leads to a difference ∆X = 0.04 
in X. Therefore the sensitivity is estimated as: 
 

SX,P = ∆X/ ∆P = 0.04/0.01 = 4 
 
The idea is that this is done for each of the parameters (one by one, keeping all other 
settings the same). For more details, see Section 8. 

7.2   Sensitivities: how they are used 

Given that a sensitivity SX,P of variable X for parameter P is known, it can be used in the 
following manner. First it can be noticed that sensitivities for some parameters P can be 
0 or almost 0. Apparently, such parameters do not have any serious effect on the 
outcome of the value of variable X. Therefore, changing them based on available values 
for X does not make much sense: a deviation in value of X cannot be attributed to them, 
due to their low influence. Based on the estimation of a sensitivity which has distance at 
least τS  to 0 (where τS  is a small threshold value), in principle a better guess for the 
value of P can be determined as follows. Suppose a current value of P is given, which 
leads to a deviation in X between real and predicted value of ∆X. Then the adjustment of 
P can be determined by taking 
 

new P =  P  + ∆P 
with   
 

∆P =  -λ * ∆X / SX,P 
 
 

where ∆X is the deviation found between observed and predicted value of X. For 
example, when ∆X = 0.25 and SX,P = 0.75, then for λ = 0.3 this obtains  
 

∆P = -0.3*0.25 /0.75 = -0.1  
 
However, when the sensitivity SX,P is a bit smaller, it could be possible that the 
adjustment of the value of P based on the formula above would exceed the maximum or 
minimum value of its range (for example, the interval [0, 1]). For example, when ∆X = 
0.25, λ = 0.3, and SX,P = 0.025  it would result in ∆P = -0.3*0.25 /0.025 = -3. To avoid 
problems caused by parameters coming outside their range, a kind of threshold function 
is applied that maps, for example for a parameter with values in the interval [0, 1], the 
proposed adjustment on a [0, 1] interval (which can still be multiplied by a factor for 
other intervals): 
 

∆P =    λ * th(σ, τ,  ∆X / SX,P)*(1-W) when  ∆X / SX,P ≥ 0 
∆P =  - λ * th(σ, τ,  -∆X / SX,P)*W  when  ∆X / SX,P < 0 

 
Here the threshold function th with steepness σ and threshold value τ is defined by 
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th(σ, τ,  V) = 1/(1+e-σ (V-τ) ) 
 

or, by 
 

th(σ, τ,  V) = [ 1/(1+e-σ (V-τ) ) - 1/(1+eστ) ] / [ 1 - 1/(1+eστ) ] 
    = [ 1/(1+e-σ (V-τ) ) - 1/(1+eστ) ] / [ eστ/(1+eστ) ] 
    = [ 1/(1+e-σ (V-τ) ) - 1/(1+eστ) ] * [1+e-στ ] 

 
The latter form is more complex, but allows for lower steepness values; when steepness 
values are, for example, 4 or lower, the former function does not map 0 to 0, whereas 
the latter function always maps 0 to 0. 

When for more than one variable X information about its real value is obtained, the 
adjustment ∆P for parameter P is taken as the average of all calculated adjustments 
based on the different variables X such that the sensitivity SX,P is not close to 0. For 
more details, see Section 8. 

8 The Overall Adaptation Process 

Based on the adaptation approach explained in Section 7 above, the overall adaptation 
process was modelled as follows: 

Initialisation 

1. Take VF the focus set of variables X for which information about its real value 
can be obtained and take a time point t for which information about the real 
value of all X in F is to be obtained. 

2. Take G the subset of parameters P for which adaptation is desired; the other 
parameters are kept constant. 

3. Assume initial values for all of the parameters P. 
4. Choose a value for adaptation speed λ. 

Sensitivity Determination 

5. By simulation determine predicted values VX at time point t for each X in VF, 
using the assumed values of the parameters. 

6. For each parameter P in G, by simulation determine predicted values CVX at time 
point t for each X in VF, using only for P a value changed by some chosen ∆P 
and the unchanged assumed values for the other parameters. 

7. For each parameter P in G and each variable X in VF, determine the sensitivity 
SX,P of X for P at time point t by dividing the difference between values for X 
found in 5. and 6. by ∆P: 
 

SX,P =  (CVX - VX) / ∆P 
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8. Take VF(P)  the focus set of variables X  for P of those variable X for which the 
sensitivity SX,P has distance to 0 of at least the sensitivity threshold τS:  

VF(P) = { X∈ VF  |   |SX,P| ≥ τS } 
9. Take PF the focus set of parameters for which the sensitivity for at least one 

X∈VF has distance to 0 of at least the sensitivity threshold τS:  
PF = { P∈ G  |  ∃X∈VF |SX,P| ≥ τS } = { P∈ G  |  VF(P) ≠ ∅} 

Adjustment Determination 

10. For each variable X ∈VF determine the deviation ∆X of the predicted value of X 
at t from information that is obtained about the real value of X at t. 

11. For each parameter P∈PF determine the change ∆P as 
∆P =  λ * th(σ, τ, (ΣX∈VF(P)  ∆X / SX,P) / #(VF(P)))*(1-W)  

when  (ΣX∈VF(P)  ∆X / SX,P) ≥ 0 
∆P = - λ * th(σ, τ, -(ΣX∈VF(P)  ∆X / SX,P) / #(VF(P)))*W  

when  (ΣX∈VF(P)  ∆X / SX,P) < 0 
 

12. For each parameter P∈PF adjust its value by ∆P. 
By repeating this process a number of times both for each time point considered and for 
different time points, over time an approximation is obtained. 

9 Further Details of the Implementation 

To test the adaptation approach introduced above, again some simulation 
experiments have been performed. For this, a similar setup was used as in Section 6, but 
this time including parameter adaptation. Again, the main idea for an ambient agent 
supporting this task is that it has awareness about whether or not the human pays 
enough attention to urgent situations.  

 
enemy/ 
friend 

mouse 
click 

indicated 
discrepancy 

current 
discrepancy 

deviation based on current minus 
indicated discrepancy 

enemy + Negative positive current discrepancy + 0.2 
enemy + Negative negative 0 
enemy - Positive positive 0 
enemy - Positive negative current discrepancy -  0.2 
friend + Negative positive current discrepancy + 0.2  
friend + Negative negative 0 
friend - Negative positive current discrepancy + 0.2  
friend - Negative negative 0 

Table 5.  Determination of deviations 
Using the same urgency model as before, the agent can determine how urgent the 
situations concerning certain objects are, and compare this to the amount of attention, 
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thus obtaining the discrepancies for each of the objects (according to the model 
described in Section 3.3). These discrepancies play the role of the variables indicated by 
X in Section 8. 

For the adaptation model, a crucial aspect is the way in which a deviation between 
the discrepancy value estimated by the agent and in reality can be determined. In this 
case, as an approximation the mouse clicks of the person have been used as an 
indication of discrepancy; see above Table 5. 

For example, if at some time point a mouse click occurs at a certain position of an 
enemy, it is assumed that this indicates sufficient attention for that position at that point 
in time which implies an indication that the discrepancy should be negative. Similarly, 
when for certain duration no mouse click occurs at a friendly position, this is considered 
a sign for negative discrepancy. If the current discrepancy is positive and the indicated 
negative, the deviation is determined as the current discrepancy estimation plus 0.2.  

 
Figure 8.  Positions of three objects over time compared to gaze positions in the example 

scenario: left hand sides show x-coordinates, right hand sides y-coordinates. It shows that from 
time point 0 to 200 the gaze is near object 2, around 250 near object 3, from 300 to 500 near 

object 2 again, around 800 most close to object 1, and after 900 near object 3 again. 
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Figure 8 shows for the example scenario how the three objects move compared to 
gaze positions. Object 1 (upper graphs), representing an enemy, moves almost 
vertically, and almost all the time the gaze position has some distance to this object, 
except maybe around time points 800 and 950, here the gaze is a bit closer. In contrast, 
the positions of the friendly object 2, depicted in the second row of graphs, often 
coincide with the gaze positions. The lowest part shows that the positions of object 3 
coincide with gaze positions only around time points 250 and 950. Tables 6 and 7 
describe information about the settings in the example scenario. Note that the person 
considered performs far from perfect as the gaze is often at (friendly) object 2 and not at 
object 1 which is the enemy. Therefore an appropriate estimation of discrepancy 
between urgency and attention would show a rather positive value for object 1 and a 
rather negative value for object 2. 

 
 

 Brightness  Size  Identification  
Object 1 0.9 0.2 enemy 
Object 2 0.1 0.9 friend 
Object 3 0.25 0.3 friend 

Table 6. Some of the object features 

 
α 

 
β 

Identification 
weight  

Urgency 
weight 

Attention 
weight 

 
λ 

Urgency 
flexibility 

1 0.2 1 0.3 0.9 0.02 0.02 

Table 7. Parameter values 

 
 

Figure 9.  Estimated discrepancies between urgency and attention for the three objects 

In Figure 9 it is shown how the discrepancies develop over time for each of the 
objects. It shows that initially the discrepancies are not estimated well. For example, for 
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object 1, the discrepancy starts negative. This incorrect estimation of the discrepancy 
can be explained by the parameter setting for weight factors for brightness and size: the 
brightness weight factor is initially 0.9, and object 1 happens to have a high brightness. 
The more or less converse situation is shown for object 2, which has a low brightness 
and high value for size. However, for the estimation of discrepancy the high size is not 
counted much as initially the weight factor parameter for size is only 0.2.  

Due to these apparently inadequate parameter settings, the ambient software agent 
initially has a false awareness of the person’s attention; for the agent it is as if the 
person pays enough attention to the enemy object but this is not the case in reality. By 
the adaptation process the initially inadequate parameter values for the brightness and 
size weight factors are changing to more appropriate values: from 0.2 vs 0.9 to around 
0.8 vs 0.2, as shown in Figure 10. As a result of this adaptation, the discrepancies shown 
in Figure 9 show a more faithful representation of the situation after, say time point 100 
or 150: the discrepancy for object 1 is estimated as rather high positive, and for object 2 
strongly negative. This gives the ambient software agent an appropriate awareness of 
the attention of this person who is almost all the time looking at the wrong (friendly) 
object, and does not seem to notice the enemy object. 

 

 
Figure 10.  Adaptation of the parameter values for the brightness weight factor (from 0.9 to 

around 0.2) and size weight factor (from 0.2 to around 0.8) 

10 Evaluation 

In order to evaluate whether the agent functions as expected, an automated analysis of 
dynamic properties has been performed. In this analysis, a number of dynamic 
statements that were expected to hold for the agent have been formalised in the 
language TTL [4], and have been automatically verified against simulation traces (using 
Matlab). The predicate logical language TTL supports formal specification and analysis 
of dynamic properties, covering both qualitative and quantitative aspects. TTL is built 
on atoms referring to states of the world, time points and traces, i.e. trajectories of states 
over time. In addition, dynamic properties are temporal statements that can be 
formulated with respect to traces based on the state ontology Ont in the following 
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by state(γ, t). These states can be related to state properties via the formally defined 
satisfaction relation denoted by the infix predicate |=, comparable to the Holds-predicate 
in the Situation Calculus: state(γ, t) |= p denotes that state property p holds in trace γ at 
time t. Based on these statements, dynamic properties can be formulated in a formal 
manner in a sorted first-order predicate logic, using quantifiers over time and traces and 
the usual first-order logical connectives such as ¬, ∧, ∨, ⇒, ∀, ∃. A first dynamic 
property that was expected to hold for the agent (expressed as P1 below) addresses the 
adaptation of parameter values: 
 
P1 - Smaller range of adaptation over time 
For all traces γ, and all parameters p 
the difference between the highest and the lowest value of p is larger in the first part of γ than in 
the second part. 
 

P1 ≡   ∀γ:TRACE ∀p:PARAMETER ∀x1,x2,y1,y2:REAL 
max(x1, p, γ, 0, end_time/2) & min(x2, p, γ, 0, end_time/2) & 
max(y1, p, γ, end_time/2, end_time) & min(y2, p, γ, end_time/2, end_time)  
⇒ x1 - x2 > y1 - y2 

 

Here, end_time denotes the last time point of the simulation trace, and max and min are defined as 
follows: 
 

max(x:REAL, p:PARAMETER, γ:TRACE, tb:TIME, te:TIME) ≡ 
∃t:TIME   
   state(γ, t) |= has_value(p, x) & tb ≤ t ≤ te  & 
   ¬ [ ∃t’:TIME ∃x’:REAL    state(γ, t’) |= has_value(p, x’) & tb ≤ t’ ≤ te  & x’ > x ] 
 

min(x:REAL, p:PARAMETER, γ:TRACE, tb:TIME, te:TIME) ≡ 
∃t:TIME   
   state(γ, t) |= has_value(p, x) & tb ≤ t ≤ te  & 
   ¬ [ ∃t’:TIME ∃x’:REAL     state(γ, t’) |= has_value(p, x’) & tb ≤ t’ ≤ te  & x’ < x ] 

 

Automated checks pointed out that this property indeed holds for all generated traces. 
For example, for the first half of the trace shown in Figure 10, it turns out that the 
parameter ‘brightness’ varies between 0.18 and 0.90 (a difference of 0.72), whereas for 
the second half of the trace it only varies between 0.20 and 0.17 (a difference of 0.03). 
Similarly, the parameter ‘size’ varies between 0.20 and 0.84 in the first half of that trace 
(a difference of 0.64), and between 0.79 and 0.80 in the second half (a difference of 
0.01). In addition to checking whether the parameter adaptation is performed correctly, 
it is interesting to check whether the accuracy of the model improves over time due to 
these parameter adaptations. To this end, one basically needs to check whether the 
estimated attention corresponds more to the actual attention over time. Since no 
information about the actual attention is available, the estimated attention is compared 
to the mouse clicks of the participant. In particular, the amount of hits, misses, false 
alarms, and correct rejections are counted, similar to signal detection approaches [14]. 
For the current purposes, these notions are defined as follows: 
 
hit - The model estimates a high attention level for contact c at time point t, and indeed the 

participant does click on this contact within d time points 
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miss - The model estimates a low attention level for contact c at time point t, whilst the participant 
does click on this contact within d time points 

false alarm - The model estimates a high attention level for contact c at time point t, whilst the 
participant does not click on this contact within d time points 

correct rejection - The model estimates a low attention level for contact c at time point t, and 
indeed the participant does not click on this contact within d time points 

 

These cases have been summed over all time points and all contacts. Within TTL, the 
following properties have been formalised to count the above cases (where th is a 
threshold to estimate high attention, and D is a constant to represent response time, 
which was taken 500 msec): 
 
hit hit(γ:TRACE, t:TIME, x:CONTACT) ≡ 

   ∃t’:TIME ∃i:real 
      state(γ,t) |= belief(has_value(av_for(x), i)) & i > th & 
      state(γ,t’) |= belief(clicked_on(x)) & t < t’ ≤ t+D 

 

miss miss(γ:TRACE, t:TIME, x:CONTACT) ≡ 
   ∃t’:TIME ∃i:real      state(γ,t) |= belief(has_value(av_for(x), i)) & i ≤ th & 
      state(γ,t’) |= belief(clicked_on(x)) & t < t’ ≤ t+D 

 

 
false alarm false_alarm(γ:TRACE, t:TIME, x:CONTACT) ≡ 

   ∃i:real      state(γ,t) |= belief(has_value(av_for(x), i)) & i > th & 
      ¬∃t’:TIME [ state(γ,t’) |= belief(clicked_on(x)) & t < t’ ≤ t+D ] 

 

correct rejection correct_rejection(γ:TRACE, t:TIME, x:CONTACT) ≡ 
   ∃i:real      state(γ,t) |= belief(has_value(av_for(x), i)) & i ≤ th & 
      ¬∃t’:TIME [ state(γ,t’) |= belief(clicked_on(x)) & t < t’ ≤ t+D ] 

 
By counting these occurrences, one can calculate the sensitivity and specificity of the 
model as follows: 
 

sensitivity = hits/(hits+misses) 
specificity = correctrejections/(correctrejections+falsealarms) 

 
In principle, an accurate model has a high sensitivity and a high specificity. 

However, these values also depend on the choice of the threshold th. An extremely low 
threshold (of 0) always results in a sensitivity of 1 and a specificity of 0, whereas an 
extremely high threshold (of 1) always results in a sensitivity of 0 and a specificity of 1. 
Therefore, the accuracy should be determined with the threshold as a variable. To this 
end, an ROC (Relative Operative Characteristic) analysis has been performed [12].  The 
results of this analysis are shown in Figure 11.  
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Figure 11.  ROC curves for the model in two different stages, and a random estimation. 

This figure shows the ROC curves for an example situation in which our agent was 
applied. The blue curve indicates the start of the scenario, in which the parameters were 
not yet tuned (in particular, the first 12000 entries of the log file), whereas the red curve 
indicates the end of the scenario, in which the parameters were tuned (the last 12000 
entries). The green curve indicates the results of a baseline agent which makes random 
estimations with respect to attention. Each curve contains 11 data points (representing 
11 different values for th). As shown in Figure 11, the model produces much better 
results after parameter adaptation than before. 

11    Discussion 

To function in a knowledgeable manner, ambient or pervasive support systems (e.g., [1, 
2, 22]) need to perform some form of mindreading (e.g., [9, 13, 14]) to obtain a model 
of the human(s) they are supporting. The software environment presented here focuses 
on mindreading concerning a human’s attention states (e.g., [7, 16, 18, 20, 24]), based 
on information acquired by sensoring of the gaze, features of the relevant objects in the 
environment, and a dynamical model based on differential equations integrating all this 
information. For the attention estimation the software environment adopts the model 
described in [7], which was also used in [5] and [6]. In contrast to [5] and [6], in the 
approach presented here the selection of intervention actions (as summarised in Table 3) 
is based on numerical approximation methods using sensitivity factors; these numerical 
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methods are different from and more generally applicable than the analytical approach 
used in [5] and [6], where within the action generation process no differential equation 
format for (partial) persistency of attention levels is incorporated and no dynamic 
comparison between action options is made. 

In addition to the variables for which values are calculated over time, typically such 
a dynamical model involves a number of parameters that represent characteristics of the 
human and the environment. As often individual differences between humans exist, a 
major challenge here is how the agent can acquire appropriate beliefs on values for 
parameters representing human characteristics that indeed reflect the specific person 
involved. Sometimes personal characteristics of a human can be determined at forehand 
by means of questionnaires and/or interviews. However, such methods do not guarantee 
appropriate outcomes, as what a person says he or she does is not always the same as 
what a person actually does. Therefore the option to estimate such parameters (e.g., [19, 
23]) may be a better direction to explore. If such parameter estimation is performed by 
the agent at runtime, this results in an adaptive agent that over times gets more accurate 
beliefs on the characteristics of the human. 

The software environment was implemented according to a component-based design 
within the Adobe® Flex® development environment, which makes it easy to adapt. 
Interaction between components was implemented using ActionScript, in an event-
driven manner. A sensoring component was included for the gaze sensoring which 
connects to the Tobii® eye-tracker. Initially, a prototype implementation of the 
simulation was also carried out in Microsoft Excel®  

The model was evaluated through a number of experiments, some of which were 
discussed in the paper. It was shown that after intervention actions, attention for urgent 
objects was higher. Moreover, by a formal verification process it was shown for this 
case study that the adaptive software agent satisfies a number of expected properties.  

The software agent with a capability to adapt to personal human characteristics as 
presented here may be the basis for applications in Ambient Intelligence or Pervasive 
Computing (e.g., [1], [2], [3]), where it is assumed that computing takes place in the 
background without addressing the human by an explicit interaction. When such agents 
can perform some forms of mindreading based on observations and dynamical models 
they possess, they can indeed act in the background without directly addressing the 
human. Some steps in this direction for the case of attention-reading were explored in 
[5] and [6]; however these approaches are not adaptive: parameter values need to be 
given initially. Another approach, not on attention-reading but on emotion-reading can 
be found in [8]. Although there parameter adaptation takes place, this is only for a 
simple case where only two parameters are adapted and where an analytical approach 
for parameter adjustment was used as the differential equation could be solved 
analytically to obtain an explicit formula for the sensitivity.  

The work on attention or attention-reading is related to the concept of situation 
awareness (SA), that has been defined in [11] as the perception of elements in the 
environment within a volume of time and space, the comprehension of their meaning, 
and the projection of their status in the near future. The study in [21], assessed the 
utility of measures of situation awareness and attention allocation for quantifying 
telepresence, in a teleoperation task scenario, where the participants were asked to 
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perform a simulated ordnance disposal task, but the approach taken in this study is also 
non-adaptive. The study on Situation Awareness in the context of driving [15] discusses 
some psychological theories of the components of attention and SA as they have been 
applied to driving. The study analyses and compares various models of attention 
allocation and attention capture. It distinguishes between two modes of vision: focal 
vision and ambient vision. All of the models studied in [15] are inherently non-adaptive, 
which distinguishes the work reported in the current paper from this existing work.  

Despite the encouraging outcomes, care should be taken not to over-generalise the 
results. Although the verification of dynamic properties pointed out that the model 
performed better than a model making random estimations, one should keep in mind 
that these results were obtained in an experiment that involved only few participants in 
one specific scenario. In future research, more extensive experiments involving more 
participants will be conducted. Future work will address the combination of this model 
for attention with a model that estimates the human’s work pressure and exhaustion and 
its effect on the attention. 
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Abstract. A decision support system model is described to advise nature park 
managers. The system uses an ecological model of the temporal dynamics of an 
ecological system, thereby taking into account interspecies interactions such as 
competition, parasitism and symbiosis, and abiotic factors. Applying model-based 
reasoning and dynamical systems methods to this ecological model, decision 
options on abiotic conditions are determined in order to obtain desired 
combinations of species. 

Keywords: Decision support, dynamic Modeling, environmental dynamics, 
ecological modelling, model-based reasoning, qualitative modelling, quantitative 
modelling, sensitivity analysis.  

Plants only grow in areas with suitable (abiotic) species-specific environmental 
conditions. When such abiotic conditions change over time, as a consequence the 
vegetation of a site may also change, and the effect will usually not be limited to the 
site’s flora, but in turn it often has impact on the site’s fauna too. How the occurrence of 
a given species relates to a terrain’s abiotic (physical and chemical) characteristics can 
be expressed as environmental preferences of a species. More specifically, the abiotic 
preferences of species for factors such as acidity, nutrient value and moisture, are 
decisive for the question whether or not they can be part of the vegetation on a specific 
site. The appreciation of a nature park usually lies in the type of flora and fauna that is 
offered. The goals that form the target of nature park management are often expressed 
in terms of species from flora and fauna to be achieved, and often financial support 
gained from governments or from commercial exploitation is related to the extent to 
which such goals are achieved. In contrast, measures that can be taken by a manager 
usually concern mainly the abiotic factors, such as the ground water level. Therefore, in 
the first place knowledge about abiotic preferences of species is a crucial factor to be 
used by nature managers in their management. However, in order to relate such 
measures to the aims, in addition also knowledge about the interactions with and 
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between other species is important. Nature managers responsible for terrains do not 
always possess such detailed knowledge, and in particular are not fully aware of how 
the dynamics of the relationships between abiotic factors and occurrence of interacting 
species work out over time. Ecological models have often been proposed to represent 
such dynamical relations in a mathematical or logical way (see e.g. 
[13,15,32,33,35,36]). However, methods for the way in which such ecological models 
can be used by analysis or reasoning are not addressed often.  

This paper describes a model based decision-support system  that has been designed 
to support managers in their decision making processes. Once an analysis of a terrain 
has been made, taking into account the dynamics of both abiotic and biotic factors and 
their interaction, nature managers can use such a system to manage the terrain, for 
example by taking measures on abiotic factors to achieve specific aims to improve the 
quality of the flora and fauna of the site. The decision-support system model was 
designed on the basis of temporal dynamical modelling of the dynamics of the abiotic 
and biotic factors and their relations, and temporal model-based reasoning techniques 
using this ecological model. Both a quantitative modelling and a qualitative approach 
are presented, and applied to a case study within the specified domain (see [5, 7, 8]). 
The presented model allow a manager of a nature park to set certain (long term) goals, 
and can derive using what measures are appropriate to reach these goals. These 
measures are determined on the basis of quantitative analysis methods (in particular, 
sensitivity analysis, see [1,16,18,19,24,25,37-42,44]), or qualitative model-based 
reasoning methods (e.g., see [2,3,5,6]). Note that the main contribution is not the 
modelling of the ecosystem itself, but the usage of such models to provide dedicated 
support. As a result, no validation of the models which are used as the basis for the 
decision support system has been performed. 

This paper is organised as follows. In Section 2 the domain of application is treated 
in more detail. The quantitative and qualitative models are explained in Section 3. 
Section 4 presents a model-based reasoning approach in order to enable reasoning about 
the qualitative model (e.g. determine how certain long term ecological gaols can be 
reached). A mathematical analysis approach to achieve the same is presented in Section 
5; finally, Section 6 concludes the paper. 

2. On Dynamical Relations within an Ecological Domain  

Within such decision processes to be made by a nature park manager both abiotic 
factors and biotic factors play an important role.  Every plant species needs a 
combination of abiotic conditions to grow at a given site: its abiotic preferences. For 
example, the abiotic preferences of Caltha palustris L., are: very moist or fairly wet; 
basic, neutral or slightly acid; nutrient poor, fairly nutrient rich or nutrient rich terrain. 
For the species Poa  trivialis L. a terrain needs to be fairly moist, very moist or fairly 
wet; basic or neutral; nutrient rich or very nutrient rich. Table 1 depicts the abiotic 
preferences for a number of plant species acquired from the environment experts[4]. 
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Species Moisture Acidity Nutrient Value 
vd fd fm vm fw vw bas neu sac fac Ac np fnr nr vnr 

Angelica 
 sylvestris    x x  x x     x x  

Caltha  
palustris ssp 

palustris 
   x x  x x x   x x x  

Carex acutiformis    x x  x x     x x  

Carex acuta    x x x x x x    x x x 
Deschampsia 

caespitosa   x x x  x x x    x x x 

Epilobium 
parviflorum   x x   x x x    x x  

Equisetum 
palustre   x x x x x x x   x x x  

Galium palustre    x x  x x x   x x x x 

Glyceria fluitans    x x x x x x x   x x x 

Juncus articulates    x x  x x x   x x x x 

Lathyrus pratensis   x x   x x x    x x  

Myosotis palustris    x x  x x x    x x x 
Phalaris 

arundinacea   x x x x x x      x x 

Phleum pratense 
ssp pratense   x x   x x      x x 

Poa trivialis   x x x  x x      x x 

Scirpus sylvaticus    x x x x x x    x x  
Moisture (vd: very dry, fd: fairly dry, fm: fairly moist, vm: very moist, fw: fairly wet, 

vw: very wet) 
Acidity    (bas: basis, neu: neutral, sac: slightly acid, fac: fairly acid, ac: acid) 
Nutrient value (np: nutrient poor, fnr: fairly nutrient rich, nr: nutrient rich, vnr: very nutrient rich) 

Table 1.  Examples of abiotic preferences of species 

Note that not only can the occurrence of a single species as a goal restricts the 
possible abiotic conditions of a terrain to be achieved, but the occurrence of species in 
combination usually will restrict the possible abiotic conditions to be achieved even 
further, and may lead to mutually conflicting consistent subsets of species to be taken 
into account, as has been analysed in more detail in [4, 11]. 
 For a simple approximation the abiotic preferences of a species can be used to 
determine whether or not a species can grow, as has been taken as a basis in [35]. 
However, also interaction between species can play an important role: the presence of 
another species may affect a given species in a positive or negative manner. In fact in 
addition to abiotic preferences, also biotic preferences of species should be taken into 
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account. Some well-known examples of such mutual effects between two species are 
shown in Table 2: competition [21,23,31] (e.g., in space and/or food), symbiosis 
[30,34,46] and parasitism [10,29,47]. 

 
 

interaction 
type effect of species 2 on species 1 effect of species 1 on species 

2 
competition negative negative 

symbiosis positive positive 

parasitism positive negative 
 

Table 2.  Interaction types and their effects 
Such biotic preferences imply that the suitability of a site does not only depend on 

the abiotic characteristics of the site and abiotic preferences of species. Dynamic 
patterns over time may play an important role, such as the periodic predator-prey cyclus 
as known from the literature. Dynamic modelling methods are required to address such 
patterns. 

A manager of a nature park has the possibility to manipulate certain factors on the 
site. Often such factors concern the abiotic circumstances, such as the (ground) water 
level. However, also the introduction of certain species such as grazers may be included 
in the set of instruments available to the park manager. This indicates that, in line with 
what was discussed above, both the dynamics of interactions between species and 
abiotic factors, mutual interactions between abiotic factors, and the mutual interactions 
between different species are to be taken into account within ecological decision 
making processes. In a most general setup, such a system can be formalised by  a set of 
m+n first-order differential equations for m species si  (i = 1, ..., m) and n abiotic factors 
abj (j = 1, ..., n) involved: 

 
𝑑𝑑𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

 =  𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡), … ,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) 

 
𝑑𝑑𝑎𝑎𝑎𝑎𝑗𝑗(𝑡𝑡)
𝑑𝑑𝑡𝑡  =  𝑔𝑔𝑗𝑗(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡), 𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) 

 
In this most general set up the functions fi and gj can have any form. However, in 
slightly less general cases the functions fi 

𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡), 𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) =  α𝑖𝑖 𝑑𝑑𝑖𝑖(𝑡𝑡) (Σk βik sk(t) + Σj γij abj(t)) 
 
where the βik  and γij indicate the type and extent of interaction, which are positive in 
case of increasing impact and negative in case of reducing impact. For example, in 
cases of (mutual) competition between two species si  and sk both βik  and βki are 
negative, and in cases of symbiosis both are positive; in cases that the species don’t 
affect each other, they are 0. For the abiotic factors in a less general form 

 

can be taken of the following form: 
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𝑔𝑔𝑗𝑗(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡), 𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) =  Σk µik sk(t) + Σj νij abj(t) 
  
might be taken, where the µik  and νij indicate the type and extent of interaction. For 
example, when the species have no impact on the abiotic factors (as is the case in the 
examples below), all µik  are 0. 

The methods to support nature park managers discussed in this paper can be applied 
to any specific instantiation of this general setup. In subsequent sections, they will be 
illustrated for a few more specific cases.  

3. The Example Ecological Model Used as a Case Study 

The approach introduced will be illustrated for a case study based on a not too complex 
example ecological model. In this section this example ecological model is presented 
both in qualitative and quantitative format (see details [20]). as it is only used for the 
purpose of illustration of the principles of the approach, the example model is kept in a 
simplified form with two species s1 and s2 which both depend on the abiotic factor 
moisture. Note that here the species have no impact on the abiotic factors. The method 
presented, however, can be applied to any ecological model. Fig 1 shows a causal 
diagram for this example model. The interaction between the two species can be of 
three types: competition, parasitism or symbiosis. Below, both a qualitative and a 
quantitative variant of the model are introduced. 
 
 

 
 
 
 
 
 
 

Fig. 1. Causal diagram of the example ecological model 

3.1 Quantitative example models 

First the quantitative variant of the example model is presented. According to the three 
different types of interaction between the two specifies three different (sub)variants are 
considered. Model presented in this paper is inspired from Volterra’s equation for 
describing interaction between species [43]. 
Interaction type competition 
 
A differential equation form of the model for competitive species is as follows: 
 

water 
level 

w 

moisture 
m 

species 
s1 

species 
s2 
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𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡 =  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡)� 

𝑑𝑑𝑑𝑑2(𝑡𝑡)
𝑑𝑑𝑡𝑡 =  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡)� 

𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡 =  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 

 
Here s1(t) and s2(t) are the densities of species s1 and s2 at time point t; moreover, c(t) 

denotes the carrying capacity for s1 and s2 at t (for the sake of simplicity assumed equal 
for the two species) which depends on the moisture m(t). The moisture depends on the 
water level indicated by w. This w is considered a parameter that can be controlled by 
the manager of the terrain, and is kept constant over longer time periods. Moreover the 
parameters β,γ  are growth rates for species s1, s2. For carrying capacity and moisture 
respectively, η and λ are norm proportion parameters, and Θ and ω are speed factors. 
The parameters a1, a2 and b1, b2 are proportional contributions for species s1 and s2 
respectively. 

Based on the quantitative model discussed simulations have been performed resulting 
in a variety of characteristic patterns. An example situation is where the proposed 
decision support system will assist the nature park manager to estimate the densities of 
species s1 and s2 after a certain time (e.g. 15 years) given the current abiotic 
circumstances (moisture m) that depends on water level w . In the given graphs vertical 
axis shows the densities and horizontal axis shows the number of years. Fig 2 shows the 
results for this particular scenario. 

 

 
 

Fig. 2. Predicted densities, moisture and carrying capacity after 15 years 
(w=200, m(0)=110, c(0)=88, λ=0.5, η=0.8, β=0.01, γ=0.02, Θ=0.4, ω=0.4) 

The model presented above elaborates the situation when there are only two species 
interacting with each other. The model may also be extended easily for n competing 
species si as follows. 
 
𝑑𝑑𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛼𝛼𝑖𝑖 𝑑𝑑𝑖𝑖(𝑡𝑡)�𝑐𝑐(𝑡𝑡) − 𝑎𝑎𝑖𝑖 𝑑𝑑𝑖𝑖(𝑡𝑡) − � 𝑎𝑎𝑖𝑖𝑗𝑗 𝑑𝑑𝑗𝑗(𝑡𝑡)
𝑛𝑛

𝑗𝑗=1 & 𝑗𝑗≠𝑖𝑖

�          𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖 = 1. .𝑛𝑛 
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𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡 =  𝜔𝜔 �η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)� 

𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡 =  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 

 
Here αi is the growth rate, ai and bij are the proportional contribution of species si and sj 
respectively. So by using this model the population densities of n species in competition 
can be modelled. To keep the explanation more clear and understandable the 
equilibrium is presented for two species only. 
 
Equilibrium conditions for competition 
 
For the general set up, equilibria are described by the equations 
 

𝑑𝑑𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

 =  𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡), 𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) = 0 
 

𝑑𝑑𝑎𝑎𝑎𝑎 𝑗𝑗 (𝑡𝑡)
𝑑𝑑𝑡𝑡

 =  𝑔𝑔𝑗𝑗(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) = 0 
 
For this specific example set of equations, equilibrium states can be determined by the 
following equilibrium equations: 
 

β s1 [c - a1 s1 - a2 s2] = 0 
γ s2 [c - b1 s1 - b2 s2] = 0 
η m - c = 0 
λ w – m = 0 

 
This can be solved by first taking m = λ w and c = η m = ηλ w. The equations for the 
two species can be solved easily, thus obtaining four cases: 

s1 = 0     or c - a1 s1- a2 s2 = 0  
and 

s2 = 0    or c - b1 s1 - b2 s2  = 0 
 
The four cases can be rewritten as follows: 

either s1 = s2 = 0 
or s1  = c/a1  and s2 = 0    
or  s1 = 0   and   s2 = c/b2 
or    s1  =  c (a2 - b2)/( a2 b1 -  a1 b2)    and    s2  =  - c (a1- b1)/( a2 b1 -  a1 
b2) 

 
Some examples of how equilibrium states for moisture and the carrying capacity are 
reached are shown in Fig. 3 to Fig. 5 under the conditions as described in the equations 
above. 
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Fig. 3. Example equilibrium state for Moisture and Carrying Capacity  

(w=200, m(0)=100, c(0)=80, λ=0.5, η=0.8) 
 

 
Fig. 4. Example equilibrium state for s1 =0 and s2

 
Fig. 5. Example equilibrium state for s

= 40 
(w=200, m(0)=110, c(0)=88, λ=0.5, η=0.8) 

 

1 =48 and s2

In Fig.5, it can be observed that even though c - a1 s1 - a2 s2 = 0 and c - b1 s1 - b2 s2 = 0 
hold for the initial settings of c, b1, s1, b2, and s2, the system is not exactly in 
equilibrium. This is because of the fact that the carrying capacity is dependent on 
moisture level which is not in equilibrium; given the water level it slowly changes over 
time. So in result the carrying capacity changes, which in turn affects the species. The 
trend of the system towards a new equilibrium is observable. A complete equilibrium in 

= 40 
(w=200, m(0)=110, c(0)=88, λ=0.5, η=0.8) 
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the whole system is shown in Fig.6, according to the equilibrium conditions as 
determined. 

 

 
Fig. 6. Equilibrium State for s1 =30 and s2= 50 

(w=200, m(0)=100, c(0)=80, λ=0.5, η=0.8, a1 = b1= a2 = b2 
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=1) 

Note that in this simple example model, the equilibrium states can be determined 
analytically. However, for the general case it is not assumed that equilibrium can be 
determined in an analytic manner, and it is not assumed that the terrain will even reach 
an equilibrium state within the time period considered, as shown in Fig.5. Therefore the 
presented approach is also applicable to realistic cases of ecological systems that are 
never in equilibrium. 
 
Interaction type parasitism 
 
Similar to above; a differential equation form of the model for parasitic interaction 
between species s1 (host), and  s2  (parasite) is as follows: 

 

𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎1𝑑𝑑2(𝑡𝑡)� 
 

𝑑𝑑𝑑𝑑2(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡)� 
 

𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
 

𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 

 
All the variables and the parameters used are the same as we used to describe the 

model for competitive species above. The parameters β,γ  are growth rates for species 
s1, s2. For carrying capacity and moisture respectively, η and λ are norm proportion 
parameters, and Θ and ω are speed factors. The parameters a1, b1 and a2, b2 are 
proportional contributions for species s1 and s2 respectively. Fig. 7 shows the results for 
growth of species s1 and s2 over 15 years in this parasitic environment. As mentioned 
earlier, in the given graphs vertical axis shows the densities and horizontal axis shows 
number of years. 
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Fig. 7. Predicted densities, moisture and carrying capacity after 15 years 
(w=150, m(0)=76, c(0)=40, λ=0.5, η=0.5, β=0.01, γ=0.0005, Θ=0.4, ω=0.4) 

Also here the model can easily be extended for n species; then the densities of host and 
the parasite may be determined in the following manner. To keep the extension simple 
an additional assumption is made. Firstly the role of any species will be fixed. In other 
words if a species is taken as host, it will be considered as a host for all parasite and 
vice versa. Secondly; an additional interaction of type  ‘competition’ among the host 
and parasite themselves occurs. Thus the model will be as follows. 
 
Host Species: 
 
𝑑𝑑ℎ𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛼𝛼𝑖𝑖 ℎ𝑑𝑑𝑖𝑖(𝑡𝑡)�𝑐𝑐(𝑡𝑡) − 𝑎𝑎𝑖𝑖 ℎ𝑑𝑑𝑖𝑖(𝑡𝑡) − � 𝑎𝑎𝑖𝑖𝑗𝑗 𝑝𝑝𝑑𝑑𝑗𝑗(𝑡𝑡)
𝑛𝑛

𝑗𝑗=1 & 𝑗𝑗≠𝑖𝑖

−  � ℎ𝑐𝑐𝑖𝑖𝑖𝑖 ℎ𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑚𝑚

𝑖𝑖=1 & 𝑖𝑖≠𝑖𝑖

�  𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖 = 1. .𝑚𝑚 

 
 
Parasite Species: 
 
𝑑𝑑𝑝𝑝𝑑𝑑𝑗𝑗(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛼𝛼𝑗𝑗 𝑝𝑝𝑑𝑑𝑗𝑗(𝑡𝑡)�𝑐𝑐(𝑡𝑡) − 𝑎𝑎𝑗𝑗 𝑝𝑝𝑑𝑑𝑗𝑗(𝑡𝑡) + � 𝑎𝑎𝑗𝑗𝑖𝑖 ℎ𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑚𝑚

𝑖𝑖=1 & 𝑖𝑖≠𝑗𝑗

−  � 𝑝𝑝𝑐𝑐𝑗𝑗𝑖𝑖 𝑝𝑝𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑛𝑛

𝑖𝑖=1 & 𝑖𝑖≠𝑗𝑗

�  𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 = 1. .𝑛𝑛 

 
𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 

 
Here m and n are the numbers of host and parasite species respectively at any given 
time, and αi is the growth rate for hsi  and αj is the growth rate for psj. ai, bij and cik are 
the proportional contributions for si , sj and sk respectively. The effect of competition 
among host/parasite species is reflected by the factors hcik , resp. pcjk. 
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Equilibrium conditions for parasitism 
 
For the given example the equilibrium states can be determined as follows: 

 
β s1 [c - a1 s1 - b1 s2] = 0 
γ s2 [c + a2 s1 - b2 s2] = 0 
η m – c = 0 
λ w – m = 0 

 
This can be solved by m = λ w and  c = η m = ηλ w, and  

s1 = 0    or c - a1 s1- b1 s2 = 0  
    and 
  s2 = 0    or c + a2 s1 - b2 s2 = 0 
This provides the following four cases: 
 

either s1 = s2 = 0 
or s1  = c/a1  and  s2 = 0    
or  s1 = 0   and   s2 = c/b1 
or    s1  = c(b2 - b1) /( a1b2 + a2b1)  and  s2 = c(a1 + a2) /( a1b2 + a2b1) 

 
Some examples of equilibrium states for moisture and the carrying capacity are shown 
in Fig. 8 to 10 under the conditions as described in the mathematical relations above. 
 

 
 

Fig. 8. Equilibrium State for Moisture and Carrying Capacity  
(w=180, m(0)=90, c(0)=45, λ=0.5, η=0.5) 
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Fig. 9. Equilibrium State for s1 =0 and s2

 
Fig. 10. Equilibrium State for s

= 30 
(w=200, m(0)=110, c(0)=88, λ=0.5, η=0.5) 

 

1 =29 and s2

 
 

Fig. 11. Equilibrium state, densities, moisture and carrying capacity  
(w=180, m(0)=90, c(0)=45, λ=0.5, η=0.5, β=0.01, γ=0.0005, a

= 58 
(w=200, m(0)=110, c(0)=87, λ=0.5, η=0.5) 

In Fig.10, it is observed that the system is not exactly in an equilibrium state even 
though the conditions for the species hold for the initial settings of c, a1, a2, s1, b1, b2, 
and s2. It is because of the fact that the carrying capacity is dependent on moisture level 
which is not in an equilibrium state. So in result the carrying capacity changes and the 
system has a trend towards an equilibrium as can be observed. 
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Another example scenario for a complete equilibrium in the system is shown in Fig. 11 
below. 
 
Interaction type symbiosis 
 
As a third case the example model for symbiotic interaction between species is 
discussed. A differential equation form of the model is as follows: 
 

𝑑𝑑𝑑𝑑1(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎1 𝑑𝑑1(𝑡𝑡) +  𝛼𝛼 𝑑𝑑1(𝑡𝑡) 𝑑𝑑2(𝑡𝑡)� 
𝑑𝑑𝑑𝑑2(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�𝑐𝑐(𝑡𝑡) −  𝑎𝑎2 𝑑𝑑2(𝑡𝑡) +  𝛼𝛼 𝑑𝑑1(𝑡𝑡) 𝑑𝑑2(𝑡𝑡)� 
𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 
 

Similarly here s1(t) and s2(t) are the densities of species s1 and s2 at time point t; 
moreover, c(t) denotes the carrying capacity for s1 and s2 at t, which depends on the 
moisture m(t). The moisture depends on the water level indicated by w. This w is 
considered a parameter that can be controlled by the manager of the terrain, and is kept 
constant over longer time periods. Moreover the parameters β,γ  are growth rates for 
species s1, s2. For carrying capacity and moisture respectively, η and λ are norm 
proportion parameters, and Θ and ω are speed factors. The parameters a1 and b2 are 
proportional contribution in the symbiotic environment for species s1 and s2 
respectively. An additional parameter α is introduced in this model which is the “mutual 
interest” of one species has over the other one in a symbiotic interaction. 
 

 
Fig. 12. Predicted densities, moisture and carrying capacity after 15 years 

(w=200, m(0)=110, c(0)=88, λ=0.5, η=0.8, β=0.0025, γ=0.0025, Θ=0.4, ω=0.4) 

Based on this quantitative model a number of simulations have been performed 
resulting in characteristic patterns. An example situation is where the proposed decision 
support system will assist the nature park manager to estimate the densities of species s1 
and s2 after a certain time (e.g. 15 years) given the current abiotic circumstances 
(moisture m) that depends on water level w . Similar to above discussed cases, in the 
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given graphs vertical axis shows the densities and horizontal axis shows number of 
years. Fig 12 shows the results for this particular situation. 
 
The symbiosis model for n-species will be as follow: 
 

𝑑𝑑𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝛼𝛼𝑖𝑖 𝑑𝑑𝑖𝑖(𝑡𝑡)�𝑐𝑐(𝑡𝑡) − 𝑎𝑎𝑖𝑖 𝑑𝑑𝑖𝑖(𝑡𝑡) + � 𝜎𝜎𝑖𝑖𝑗𝑗𝑑𝑑𝑗𝑗(𝑡𝑡)
𝑛𝑛

𝑗𝑗=1 & 𝑗𝑗≠𝑖𝑖

�  𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖 = 1. .𝑛𝑛 

𝑑𝑑𝑐𝑐(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜔𝜔 (η  𝑚𝑚(𝑡𝑡) −  𝑐𝑐(𝑡𝑡)) 
𝑑𝑑𝑚𝑚(𝑡𝑡)
𝑑𝑑𝑡𝑡

=  𝜃𝜃 (𝜆𝜆 𝑤𝑤 −𝑚𝑚(𝑡𝑡)) 
 
Here αi is the growth rate for si and ai is the proportional contribution for si. Moreover σij 
is the mutual interest between si and sj. 
 
Equilibrium conditions for symbiosis 
 
For this example set of equations, equilibrium can be determined as follows: 
 

𝛽𝛽 𝑑𝑑1(𝑐𝑐 −  𝑎𝑎1𝑑𝑑1 +  𝛼𝛼𝑑𝑑1𝑑𝑑2) = 0 
𝛾𝛾 𝑑𝑑2(𝑐𝑐 −  𝑎𝑎2𝑑𝑑2 +  𝛼𝛼𝑑𝑑1𝑑𝑑2) = 0 
𝜆𝜆 𝑤𝑤 −𝑚𝑚 =  0 
η  𝑚𝑚 −  𝑐𝑐 =  0 

This can be solved by taking 𝑚𝑚 =  𝜆𝜆 𝑤𝑤 , 𝑐𝑐 =  η  𝑚𝑚 =  η  𝜆𝜆 𝑤𝑤. Moreover, 
𝑑𝑑1 = 0  or 𝑐𝑐 −  𝑎𝑎1𝑑𝑑1 +  𝛼𝛼𝑑𝑑1𝑑𝑑2 = 0    and 
𝑑𝑑2 = 0  or 𝑐𝑐 −  𝑎𝑎2𝑑𝑑2 +  𝛼𝛼𝑑𝑑1𝑑𝑑2 = 0 

 

  
Fig. 13. Equilibrium State for Moisture and Carrying Capacity  

(w=240, m(0)=120, c(0)=96, λ=0.5, η=0.8) 

The four cases may be rewritten as follows 
either  𝑑𝑑1 = 𝑑𝑑2 = 0 
or  𝑑𝑑1 = 0  and 𝑑𝑑2 = 𝑐𝑐/ 𝑎𝑎2 
or  𝑑𝑑2 = 0  and 𝑑𝑑1 = 𝑐𝑐/𝑎𝑎1 
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or  𝑑𝑑1 =
𝑎𝑎2±�𝑎𝑎22−4α(𝑐𝑐𝑎𝑎 2

𝑎𝑎1
)

2𝛼𝛼
 and 𝑑𝑑2 =

a1±�𝑎𝑎12−4α(𝑐𝑐𝑎𝑎 1
𝑎𝑎2

)

2𝛼𝛼
 

The equilibrium states for moisture and the carrying capacity may be observed in Fig. 
13 to 15 under the conditions as described in mathematical relation above. 
 

  
Fig. 14. Equilibrium State for s1 =0 and s2

  
Fig. 15. Equilibrium State for s1 =48 and s2= 48 

(w=240, m(0)=120, c(0)=96, λ=0.5, η=0.8, α = −0.02, a1 = b2 =1) 

Similarly as discussed above for competition and parasitism, note that in this simple 
example model, the equilibrium can be determined analytically. However, for the 
general case it is not assumed that equilibrium can be determined in an analytic manner, 
and it is not assumed that the terrain will reach an equilibrium state within the time 
period considered as it is already shown in Fig.13 to Fig. 15. 
 

= 48 
(w=240, m(0)=110, c(0)=96, λ=0.5, η=0.8) 

In Fig.14, it is observed that the system in not exactly in equilibrium even though s1 = 0 
holds for initial settings. Like before, it is because of the fact that the carrying capacity 
is dependent on moisture level which is not in equilibrium and therefore changing over 
time. So in result the carrying capacity changes which continuously affects the density 
of species s2. But a trend of the system towards an equilibrium is still observable. A 
complete equilibrium in the system may be observed in Fig.15. 
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3.2 Qualitative example model 

Below, an example model is introduced where a qualitative perspective is taken. 
Hereby, a number of dependency rules are specified that indicate how the abiotic world 
and species interact. These dependencies are represented by means of causal 
relationships in leadsto_after format (cf. [2]). This format is as follows: 
 

leadsto_after: INFO_ELEMENT x INFO_ELEMENT x DURATION 
 
indicating that the second information element causally depends on the first information 
element, within time duration d.  The truth of information elements at time points is 
indicated by the at predicate: 
 

at: INFO_ELEMENT x TIME 
 
which specifies that the information element is true at the given time point. Given these 
constructs, properties of states can easily be derived. A simple forward causal reasoning 
rule is the following: 
 

   leadsto_after(I1, I2, D) ∧ at(I1, T) → at(I2, T+D) 
 
More specifics about such reasoning rules are given in Section 4. Below, two variants of 
a model are specified. One whereby the density of a species depends solely on the 
abiotic factors, and one which allows for interaction with other species. Note that all the 
rules expressed below have assumptions underlying the exact timing parameters as well 
as the precise influences of various factors. Modifications to the rules can be made 
depending on the precise requirements imposed by the specific ecosystem being 
modelled. This can be seen as the qualitative equivalent of the parameters as present in 
the quantitative variant of the model. 

 

 
Non-interacting species model 
 
A simple model whereby the densities of species merely depend upon the moisture level 
(which in turn is dependent upon the water level) can be represented using the following 
leadsto_after rules: 
 

leadsto_after(waterlevel(X), moisture(X), 1)   where X can e.g. be low, medium or 
high. 
 
Furthermore, for the dependency between abiotic factors and the density of the 
population, the following (generic) relationship can be identified: 
 

leadsto_after(and(X, abiotic_preference_for(S, X, pos), has_density(S, D1), 
next_higher_density(D1, D2)), has_density(S, D2), 1) 

leadsto_after(and(X, abiotic_preference_for(S, X, neg), has_density(S, D1), 
next_higher_density(D2, D1)), has_density(S, D2), 1) 
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Hereby, the preferences can be made explicit, for instance the fact that a particular 
species prefers high moisture: 
 
   abiotic_preference_for(species1, moisture(high), pos). 

 

 
Interacting species model 
 
Not having any influence of the different species residing at a particular location is not 
very realistic. Therefore, the model can be extended to incorporate this factor as well. 
Hereby, a larger number of leadsto_after rules are required as more complex 
interactions occur. Two example rules are shown below. 
 

leadsto_after(and(X, abiotic_preference_for(S1, X, pos), abiotic_preference_for(S2, X, pos), 
biotic_preference_for(S1, S2, pos),  
                              has_density(S1, D1), next_higher_density(D1, D2)), 
                      has_density(S1, D2), 1) 
leadsto_after(and(X, abiotic_preference_for(S1, X, pos), abiotic_preference_for(S2, X, neg), 
biotic_preference_for(S1, S2, neg),  
                               has_density(S1, D1), next_higher_density(D1, D2)), 
                         has_density(S1, D2), 1) 

 
Hereby, the abiotic interactions can be set in the same way as specified before, whereas 
the biotic preferences are explicitly represented, for instance a competition between two 
species 1 and 2: 
 

biotic_preference_for(species1, species2, neg)  biotic_preference_for(species2, species1, neg) 
 

parasitism between species 1 and 2: 
 

biotic_preference_for(species1, species2, pos)  biotic_preference_for(species2, species1, neg) 
 
or symbiosis between species 1 and 2: 
 

biotic_preference_for(species1, species2, pos)  biotic_preference_for(species2, species1, pos) 

4. Decision Support by Model-Based Temporal Reasoning 

This section shows how model-based temporal reasoning can be utilized to support 
nature park managers in reaching the goals they want to set for a certain nature region. 
The model based-reasoning approach is therefore presented first, after which examples 
are shown using the qualitative modelling approach. The rules within the reasoning 
mechanism are specified in an executable logical format called LEADSTO [3]. The 
basic building blocks of this language are temporal causal relations denoted by α →→e, f, 

g, h β, which means: 
 

  if state property α holds for a certain time interval with duration g, 
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  then after some delay (between e and f) state property β will hold for a certain time interval of 
length h. 
 
where α and β are state properties of the form ‘conjunction of literals’ (where a literal is 
an atom or the negation of an atom), and e, f, g, h non-negative real numbers. The 
LEADSTO language features a simulation engine; for more details, see [3]. 

For both temporal forward and backward simulation well-known reasoning 
techniques can be applied. An example of a temporal forward reasoning rule is shown 
below. Hereby a focusing mechanism is used as well, indicating what information 
elements to focus on. How this focusing mechanism is used is stated in the example 
case. Note that the subscript below the LEADSTO arrow has been left out, meaning that 
the standard parameters 0,0,1,1 are used. 

 

P1: Positive forward simulation 
If I holds at T and it is known that I leads to J after duration D, and J is in focus, then the J holds after 
D. 

∀I,J:INFO_ELEMENT ∀D:DURATION ∀T:TIME 
at(I, T) ∧ leads_to_after(I, J, D) ∧ in_focus(J)  →→   at(J, T+D) 

More forward reasoning rules exist, see [2] for more details. For backward reasoning 
the abduction principle can be applied: 

 

P2: Positive backward simulation 
If it is believed that J holds at T and that I leads to J after duration D, and I is in focus, then it is 
believed that I holds before duration D. 

∀I,J:INFO_ELEMENT ∀D:DURATION ∀T:TIME 
at(J, T) ∧ leads_to_after(I, J, D) ∧ in_focus(I) →→   at(I, T-D) 
 

The results of applying this rule are not guaranteed to be correct since there could be 
multiple leads_to_after rules that cause J to occur. Again, see [2] for more details and 
backward simulation rules. 

In the example case, two species of plants are considered s1 and s2

Preference of s1for 
abiotic factor  

. The density of 
the species can have three values: low, medium, and high; for the water level and 
moisture the same values are allowed. The specific interactions are listed in Table 3.  
  

Preference of s2 
for abiotic factor  

Interaction between 
s1 and s2 

Growth of density of 
s1 

pos pos pos +1 
pos pos neg 0 
pos neg pos 0 
pos neg neg +1 
neg pos pos 0 
neg pos neg -1 
neg neg pos -1 
neg neg neg 0 

Table 3. Density change conditions 
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For instance, when looking at the first column in the table, in case s1 has a preference 
for the current abiotic circumstances, and so does s2, and they have a positive 
interaction, then the density of s1 grows by one as well (e.g. from medium to high). Of 
course, in case the highest value is reached, the growth no longer occurs. Below,  three 
specific cases are addressed, one for symbiosis between s1 and s2

 
 

Fig. 16. Forward causal reasoning for symbiosis case 
 

, one for a competitive 
relationship. Note that it is assumed that at least a low population size of each species is 
present. If also no plants of a species would be taken into account the interaction 
between the species would become dependent upon the presence of these species. In the 
quantitative model this information is taken into account. 

 

 
Interaction type symbiosis 
 
The first case considered is symbiosis. Hence, the two plants have a positive influence 
upon each other. Furthermore, both plants prefer medium or high moisture, and dislike 
low moisture. The manager of the park want to find out what would happen in case he 
decides to lower the water level in the park. Using forward simulation the proposed 
support system starts reasoning (given the initial conditions that the current density of 
both plants is high, and the water level will be low during the coming 5 time periods, for 
instance years). Fig. 16 shows the results. Hereby, the left part of the figure denotes the 
atoms that occur during the simulation run, whereas the right side indicates the 
simulation time line where a dark box indicates the atom is true at that time point, and a 
light box indicates false. Note that the arguments in the atoms specify the real world 
time points derived, which do not have any relationship with the simulation time. 
 

at(has_density(species1, high), 1)
at(has_density(species2, high), 1)

at(waterlevel(low), 0)
at(waterlevel(low), 1)
at(waterlevel(low), 2)
at(waterlevel(low), 3)
at(waterlevel(low), 4)
at(moisture(low), 1)
at(moisture(low), 2)
at(moisture(low), 3)
at(moisture(low), 4)
at(moisture(low), 5)

at(has_density(species1, medium), 2)
at(has_density(species2, medium), 2)

at(has_density(species1, low), 3)
at(has_density(species2, low), 3)
at(has_density(species1, low), 4)
at(has_density(species2, low), 4)

time 0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
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Fig 17. Backward causal reasoning for competitive case. 

It can be seen in the trace that at simulation time 1 the predicted moisture levels are 
calculated, all being low as well: 

at(moisture(low, 1)     at(moisture(low, 2)     at(moisture(low, 3)     at(moisture(low, 4) 

Furthermore, the densities are calculated. Due to both species disliking the low moisture 
level, both population densities are predicted to decrease to a medium density within 2 
years: 

at(has_density(species1, medium), 1)  at(has_density(species2, medium), 1) 

After that, the densities will even decrease to a low level. 

focus(waterlevel(medium))
at(has_density(species1, low), 4)

at(has_density(species2, high), 4)
focus(moisture(medium))

focus(waterlevel(low))
focus(moisture(low))
at(moisture(low), 3)
at(moisture(low), 2)

at(waterlevel(low), 2)
at(moisture(low), 1)

at(waterlevel(low), 1)
time 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

focus(waterlevel(medium))
at(has_density(species1, medium), 4)
at(has_density(species2, medium), 4)

observed_density_at(species1, medium, 1)
observed_density_at(species2, low, 1)

observed_waterlevel_at(low, 1)
focus(moisture(medium))
at(moisture(medium), 3)
at(moisture(medium), 3)
at(moisture(medium), 2)
at(moisture(medium), 2)

at(waterlevel(medium), 2)
at(moisture(medium), 1)
at(moisture(medium), 1)

at(waterlevel(medium), 1)
focus(waterlevel(low))
focus(moisture(low))
at(moisture(low), 1)
at(moisture(low), 2)
at(moisture(low), 3)
at(moisture(low), 1)
at(moisture(low), 2)
at(moisture(low), 3)

at(waterlevel(low), 1)
at(waterlevel(low), 2)

solution_found
time 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
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Interaction type competition 
 
In the second case, there are two competitive species, whereby s2 prefers low moisture, 
and does not prefer other moisture types, whereas s1 prefers non-low moisture types. 
The manager of the nature park wants to establish a medium level of both s1 and s2, to 
be established after four years. The current densities are medium for s1 and low for s2. 
The manager can ask for advice from the support system, and also has to set a focusing 
mechanism since the backward reasoning can deliver a lot of results. Therefore, the 
manager sets a preference for a medium water level, after which a low water level 
should be considered. In Fig. 17 the resulting trace is shown. 
 
It can be seen that the initial goals of the manager are inputted into the system: 
 

at(has_density(species1, low), 4)           at(has_density(species2, high), 4) 
 
Furthermore, the initial levels are shown as well: 
 

observed_density_at(species1, medium, 1)           observed_density_at(species2, low, 1)  
observed_waterlevel_at(low, 1) 

 
Thereafter the reasoning starts (of which only the moisture and water levels are shown 
for the sake of brevity). The focus is initially set to a medium water level to establish 
the overall goal: focus(waterlevel(medium)). The backward reason does however not 
result in possible solutions, therefore the focus is set to a low water level. Here, a 
solution is indeed found (indicated by the predicate solution_found), namely to 
immediately set the water level to low next year, resulting in the goal being reached. 
 
Interaction type parasitism 
 
Finally, the case of parasitism has been modelled. For this case, the two species have 
similar preference for the abiotic factors: they both prefer medium or high moisture. 
The biotic preferences however completely differ: species1 has a positive relationship 
with species2 (i.e. it is the parasite) whereas in the opposite direction a negative 
relationship is present. In Fig. 18 the results of a forward simulation where the water 
level has been set to low is shown. The Figure shows that this results in a decrease of 
the density of species1 (since it does not like the circumstances, nor are the conditions 
favourable for the species it profits from). For species2 however, no decrease is seen as 
the parasite reduces in density, and hence, species2 is doing well. 
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Fig. 18. Forward causal reasoning for parasitism case. 

 
Fig. 19. Backward causal reasoning for parasitism case. 

An example of a backward reasoning approach for parasitism is shown in Fig. 19. Here, 
the goal is set by the nature park manager to obtain a medium density of both species at 
time point 4. The initial densities are medium and high for species 1 and 2 respectively. 
Eventually, a solution is found by setting the water-level to low again (medium was 
tried, but did not succeed). 

at(has_density(species1, high), 1)
at(has_density(species2, high), 1)

at(waterlevel(low), 0)
at(waterlevel(low), 1)
at(waterlevel(low), 2)
at(waterlevel(low), 3)
at(waterlevel(low), 4)
at(moisture(low), 1)
at(moisture(low), 2)
at(moisture(low), 3)
at(moisture(low), 4)
at(moisture(low), 5)

at(has_density(species1, medium), 2)
at(has_density(species2, high), 2)
at(has_density(species1, low), 3)

at(has_density(species2, high), 3)
at(has_density(species1, low), 4)

at(has_density(species2, high), 4)
time 0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

focus(waterlevel(medium))
at(has_density(species1, medium), 4)
at(has_density(species2, medium), 4)

observed_density_at(species1, medium, 1)
observed_density_at(species2, high, 1)

observed_waterlevel_at(low, 1)
focus(moisture(medium))
at(moisture(medium), 3)
at(moisture(medium), 2)

at(waterlevel(medium), 2)
at(moisture(medium), 1)

at(waterlevel(medium), 1)
focus(waterlevel(low))
focus(moisture(low))
at(moisture(low), 1)
at(moisture(low), 2)
at(moisture(low), 3)

at(waterlevel(low), 1)
at(waterlevel(low), 2)

solution_found
time 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
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5. Decision Support based on Parameterised Temporal Projection 
and Sensitivities 

In this section it is discussed how a quantitative ecological model can be used to provide 
decision support. The general idea is that sensitivities are determined for the outcome of 
certain goal variables at a certain (future) time point, with respect to the parameters for 
which measures can be taken. For example, the value of the density of species s1 at time 
point 10 has a sensitivity of 0.03 for the water level w means that any change ∆w in the 
water level will lead to a change 0.03∆w in the density of s1

to a parameter p the following differential equations for the sensitivities 𝜕𝜕𝑑𝑑𝑖𝑖(𝑡𝑡)
𝜕𝜕𝑝𝑝

  and  
𝜕𝜕𝑎𝑎𝑎𝑎 𝑖𝑖(𝑡𝑡)

𝜕𝜕𝑝𝑝
 are obtained: 

 

. A particular challenge 
addressed here is how such sensitivties can be determined. The approach taken is to 
derive differential equations for these sensitivities from the original ecological model, 
and obtain the sensitivity values by simulating these differential equations. Once the 
sensitivties are known, the parameter value can be changed in order to get the desired 
(goal) value for the density.  
 
For the general set up the following can be done. By differentiation of the original 
differential equations 
 

𝑑𝑑𝑑𝑑𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

 =  𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡), 𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) 
 
𝑑𝑑𝑎𝑎𝑎𝑎𝑗𝑗(𝑡𝑡)
𝑑𝑑𝑡𝑡

 =  𝑔𝑔𝑗𝑗(𝑑𝑑1(𝑡𝑡), … , 𝑑𝑑𝑚𝑚(𝑡𝑡), 𝑎𝑎𝑎𝑎1(𝑡𝑡), … , 𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡)) 
 

𝜕𝜕𝜕𝜕𝑑𝑑 𝑖𝑖𝜕𝜕𝑝𝑝
𝜕𝜕𝑡𝑡

=
𝜕𝜕𝜕𝜕𝑑𝑑 𝑖𝑖𝜕𝜕𝑡𝑡
𝜕𝜕𝑝𝑝

  = 𝜕𝜕𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  
𝜕𝜕𝑝𝑝

       

    =  Σk≤m  𝜕𝜕𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚 (𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  
𝜕𝜕𝜕𝜕𝑖𝑖

   𝜕𝜕𝑑𝑑𝑖𝑖(𝑡𝑡)
𝜕𝜕𝑝𝑝

   

+ Σk≤n  
𝜕𝜕𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  

𝜕𝜕𝜕𝜕𝑖𝑖+𝑚𝑚
   𝜕𝜕𝑎𝑎𝑎𝑎𝑖𝑖(𝑡𝑡)

𝜕𝜕𝑝𝑝
  

 
𝜕𝜕𝜕𝜕𝑎𝑎𝑎𝑎 𝑗𝑗𝜕𝜕𝑝𝑝
𝜕𝜕𝑡𝑡

=
𝜕𝜕𝜕𝜕𝑎𝑎𝑎𝑎 𝑗𝑗𝜕𝜕𝑡𝑡
𝜕𝜕𝑝𝑝

  = 𝜕𝜕𝑔𝑔𝑗𝑗 (𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  
𝜕𝜕𝑝𝑝

      

       =  Σk≤m  𝜕𝜕𝑔𝑔𝑗𝑗 (𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  
𝜕𝜕𝜕𝜕𝑖𝑖

  𝜕𝜕𝑑𝑑𝑖𝑖(𝑡𝑡) 
𝜕𝜕𝑝𝑝

   

+ Σk≤n  
𝜕𝜕𝑔𝑔𝑗𝑗 (𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  

𝜕𝜕𝜕𝜕𝑖𝑖+𝑚𝑚
   𝜕𝜕𝑎𝑎𝑎𝑎𝑖𝑖(𝑡𝑡)

𝜕𝜕𝑝𝑝
  

 
Here  𝜕𝜕𝑓𝑓𝑖𝑖(𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚 (𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  

𝜕𝜕𝜕𝜕𝑖𝑖
 denotes the derivative of the function 𝑓𝑓𝑖𝑖 with 

respect to its k-th argument, and similarly for 𝜕𝜕𝑔𝑔𝑗𝑗 (𝑑𝑑1(𝑡𝑡),…,𝑑𝑑𝑚𝑚(𝑡𝑡),𝑎𝑎𝑎𝑎1(𝑡𝑡),…,𝑎𝑎𝑎𝑎𝑛𝑛(𝑡𝑡))  
𝜕𝜕𝜕𝜕𝑖𝑖

. Note that 
here it is assumed (based on continuity and differentiability conditions) that the 
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differential operator 𝜕𝜕
𝜕𝜕𝑝𝑝

   commutes with the other differential operators. The obtained 
differential equations can be used to determine the sensitivities for parameter p by 
simulation over time. This approach to determine sensitivities will be illustrated in more 
detail for the example models. 
 
Competition 
 
Differential equations for the sensitivities of values of the variables w.r.t. the parameter  
w are obtained by differentiating the original differential equations for w: 
 

𝜕𝜕 𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛽𝛽 
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡))

+  𝛽𝛽 𝑑𝑑1(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑑𝑑2
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛾𝛾 
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡))

+  𝛾𝛾 𝑑𝑑2(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑐𝑐𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  �𝜂𝜂 
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝜔𝜔 
 

𝜕𝜕 𝜕𝜕𝑚𝑚𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  �𝜆𝜆 −  
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

�  𝜃𝜃 
 
Note that here it is assumed (based on continuity and differentiability conditions) that 
the differential operator 𝜕𝜕

𝜕𝜕𝑤𝑤
   commutes with the other differential operators. The 

obtained equations describe how the values of species s1, s2, moisture m and carrying 
capacity c at time point t are sensitive to the change in the value of the water level 
parameter w. Fig. 2 shows the trend in change of densities of species over 15 years 
given the initial values of abiotic circumstance (water level w). Using the following 
formula, the nature park manager can determine the change (Δw) in abiotic 
circumstance w to achieve the goal at some specific time point in future. 
 

∆𝑤𝑤 =  (𝑑𝑑1(𝑤𝑤 + Δ𝑤𝑤) –  𝑑𝑑1(𝑤𝑤)) �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤

��  
 
where   s1(w+Δw)  is the desired density at time t, s1(w) the predicted density s1 at time t 
for water level w, and (∂s1/∂w) the change in density of s1 at time t against the change in 
w. Fig. 2 depicts a situation where the densities of species s1 and s2 are predicted to 
decrease, given w = 200. Under these settings the density of species s1 will be 49. If the 
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nature park manager wants to aim it to become 55 after 15 years, then according to the 
model described above he or she has to change w to 237 (see Fig. 20). 

 

 
 

Fig. 20. Densities, moisture and carrying capacity over 15 years, after incorporating Δw= 37 
(w=237, m(0)=110, c(0)=88, λ=0.5, η=0.8, β=0.01, γ=0.02, Θ=0.4, ω=0.4) 

 
Parasitism 
 
In the same way differential equations for the sensitivities of values of the variables 
w.r.t. the parameter w are obtained by differentiating the original differential equations 
for w for this model: 
 

𝜕𝜕 𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  𝛽𝛽 
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) −  𝑎𝑎1𝑑𝑑2(𝑡𝑡))

+  𝛽𝛽 𝑑𝑑1(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑑𝑑2
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛾𝛾 
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

 (𝑐𝑐(𝑡𝑡) +  𝑎𝑎2𝑑𝑑1(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡))

+  𝛾𝛾𝑑𝑑2(𝑡𝑡) �
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

 + 𝑎𝑎2
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

� 
 

𝜕𝜕 𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  �𝜂𝜂 
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝜔𝜔 
 

𝜕𝜕 𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

 =  �λ −
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝛩𝛩 
These equations describe how the values of species s1, s2, moisture m and carrying 
capacity c at time point t are sensitive to the change in the value of the water level 
parameter w. Fig. 7 shows the trend in change of densities of species over 15 years 
given the initial values of abiotic circumstance (water level w). Using the following 
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formula, the nature park manager can determine the change (Δw) in abiotic 
circumstance w to achieve the goal at some specific time point in future. 

∆𝑤𝑤 =  (𝑑𝑑1(𝑤𝑤 + Δ𝑤𝑤) –  𝑑𝑑1(𝑤𝑤)) �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤

��  
where s1(w+Δw)  is the desired density at time t, s1(w) the predicted density s1 at time t 
for water level w, and (∂s1/∂w) the change in density of s1 at time t against the change in 
w. Fig. 7 depicts a situation where the densities of species s1 and s2 are predicted to 
decrease, given w = 150. Under these settings the density of species s1 will be 12. If the 
nature park manager wants to aim it to become 15 after 15 years, then according to the 
model described above he or she has to change w to 179 (see Fig. 21). 

 

 
 

Fig. 21. Densities, moisture and carrying capacity over 15 years, after incorporating Δw= 29 
(w=179, m(0)=76, c(0)=40, λ=0.5, η=0.5, β=0.01, γ=0.0005, Θ=0.4, ω=0.4) 

 
Symbiosis 
 
Similarly differential equations for the sensitivities of values of the variables w.r.t. the 
parameter w are obtained by differentiating the original differential equations for w: 
 

𝜕𝜕 𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛽𝛽 
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 �𝑐𝑐(𝑡𝑡) −  𝑎𝑎1𝑑𝑑1(𝑡𝑡) +  𝛼𝛼 𝑑𝑑1(𝑡𝑡)𝑑𝑑2(𝑡𝑡)�

+  𝛽𝛽 𝑑𝑑1(𝑡𝑡)�
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎1
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

+  𝛼𝛼 �𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

+  
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 𝑑𝑑2(𝑡𝑡)�� 
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𝜕𝜕 𝜕𝜕𝑑𝑑2
𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  𝛾𝛾 
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

 �𝑐𝑐(𝑡𝑡) −  𝑎𝑎2𝑑𝑑2(𝑡𝑡) +  𝛼𝛼 𝑑𝑑1(𝑡𝑡)𝑑𝑑2(𝑡𝑡)�

+  𝛾𝛾 𝑑𝑑2(𝑡𝑡)�
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  𝑎𝑎2
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

+  𝛼𝛼 �𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑑𝑑2(𝑡𝑡)
𝜕𝜕𝑤𝑤

+  
𝜕𝜕𝑑𝑑1(𝑡𝑡)
𝜕𝜕𝑤𝑤

 𝑑𝑑2(𝑡𝑡)�� 

𝜕𝜕 𝜕𝜕𝑐𝑐𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  �𝜂𝜂 
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

−  
𝜕𝜕𝑐𝑐(𝑡𝑡)
𝜕𝜕𝑤𝑤

�𝜔𝜔 
 

𝜕𝜕 𝜕𝜕𝑚𝑚𝜕𝜕𝑤𝑤
𝜕𝜕𝑡𝑡

=  �𝜆𝜆 −  
𝜕𝜕𝑚𝑚(𝑡𝑡)
𝜕𝜕𝑤𝑤

�  𝜃𝜃 
 
These equations describe how the values of species s1, s2, moisture m and carrying 
capacity c at time point t are sensitive to the change in the value of the water level 
parameter w. Fig. 12 shows the trend in change of densities of species over 15 years 
given the initial values of abiotic circumstance (water level w). Using the following 
formula, the nature park manager can determine the change (Δw) in abiotic 
circumstance w to achieve the goal at some specific time point in future. 

∆𝑤𝑤 =  (𝑑𝑑1(𝑤𝑤 + Δ𝑤𝑤) –  𝑑𝑑1(𝑤𝑤)) �
𝜕𝜕𝑑𝑑1
𝜕𝜕𝑤𝑤

��  
where s1(w+Δw)  is the desired density at time t, s1(w) the predicted density s1 at time t 
for water level w, and (∂s1/∂w) the change in density of s1 at time t against the change in 
w. Fig. 12 depicts a situation where the densities of species s1 and s2 are predicted to 
increase, given w = 200. Under these settings the density of species s1 will be 45. If the 
nature park manager wants to aim it to become 50 after 15 years, then according to the 
model described above he or she has to change w to 237 (see Fig. 22). 

 

 
 

Fig. 22. Densities, moisture and carrying capacity over 15 years, after incorporating Δw= 37 
(w=237, m(0)=110, c(0)=88, λ=0.5, η=0.8, β=0.0025, γ=0.0025, Θ=0.4, ω=0.4) 
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6. Comparison of the Qualitative and Quantitative Approaches 

Two types of models have now been introduced which can both be used to support the 
nature park manager in the decision making process. Of course, one can wonder what 
the added value of having two different types of models is. In this Section, first the pros 
and cons of the two approaches are presented to argue why both types of models can be 
useful. Thereafter, an example comparison between the simulation results of the 
qualitative and the quantitative models is presented to illustrate how the different 
outcomes can be related to each other.  
 
General Comparison 
 
As mentioned before, two types of models to support the nature park manager in his/her 
decision have been introduced in this paper. 

The qualitative model has as an advantage that the logical rules underlying the model 
can be used to explain why a certain advise has been given, making it more 
understandable for the nature park manager. Furthermore, in case it is difficult to 
express precise quantities with respect to certain aspects of the model, the quantitative 
model can also be a good option as the relationships can be expressed using qualitative 
terms that might be easier to relate in the domain at hand. 

 
Table 4. Pros and cons for qualitative and quantitative model 

Criterion Quantitative model Qualitative model 
Precision of outcome + - 
Usability in case of incomplete 
information 

- + 

Explainability of outcome - + 
 
The quantitative model has the advantage that it is more precise (of course also 

depending on how fine grained the qualitative scale being used is). Accumulating 
effects can for instance be taken into account more easily, and the equilibrium can be 
calculated in a very precise manner.   

Table 4 presents an overview of the pros and cons of the two approaches. Depending 
on the precise requirements for the support at hand, a decision can be made which one 
of the two approaches is best to use. 
  
Comparison of Specific Simulation Traces 
 
Next to the more general differences as explained above, the simulation results of the 
two approaches can also be compared on a more detailed level. This is shown for one 
simulation run, thereby comparing the simulations as shown in Figure 16 for the 
qualitative model and a similar setting for the quantitative model.  
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Table 5. Mapping between qualitative and quantitative values 
Quantitative range Qualitative value 
moisture level < 30 low moisture 
moisture level [30, 60] medium moisture 
moisture level > 60 high moisture 
density specie S1/S2 <20 low density 
density specie S1/S2 [20,40] medium density 
density specie S1/S2 >40 high density 

 
Fig. 23. Quantitative simulation with qualitative scales: moisture and carrying 

capacity 

For the qualitative model, the time scale is assumed to reflect 5 years per time step. 
In that case, the model predicts a low value for moisture and water throughout the entire 
simulation, and an initial value “high” for both specie1 and specie 2, going via a 
medium value at time point 2 to a low value. Table 5 shows a mapping between the 
quantitative and qualitative values. 
Figure 23 shows the moisture level as predicted by the quantitative model, thereby also 
including the qualitative terms and the timeline accompanying the qualitative 
simulation. It can be seen that the quantitative model predicts all value to be within the 
low range, which is the same as the prediction of the qualitative model. 

Figure 24 shows the densities in a similar manner. When the initial value in each of 
the 5-year time spans is taken, the results of the qualitative model again match with the 
qualitative model.  
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Fig. 24. Quantitative simulation with qualitative scales: densities 

 
One can see that based upon this approach, a mapping can be created, and it can be 
verified whether the patterns exhibited by the different simulations indeed match. This 
can be done for all the cases addressed in this paper. In case discrepancies are found, 
modifications can be made in the models based upon thorough investigation to see 
which models is incorrect. 

7. Conclusions and Related Work 

In this paper, an approach has been presented to support managers of nature parks, 
thereby taking into account interaction between species. In order to make this support 
possible an ecological model is assumed to be available; both quantitative and 
qualitative approaches have been presented. For both types of models, approaches have 
been proposed to simulate populations over time as well as to achieve that a certain goal 
is reached within a certain period by deriving how the circumstances can be adjusted to 
achieve such a goal. A qualitative approach has advantages in possibilities for 
explanation. However, in contrast to qualitative approaches, quantitative approaches 
cover also cases where only small gradual changes occur that accumulate over time into 
larger differences. Both approaches have been extensively evaluated using a dedicated 
case study.  

In [4, 11] methods to support nature park managers are described addressing how 
abiotic preferences of a species can be used to determine whether or not a species can 
grow. Interactions between species that can play an important role, as addressed in the 
current paper are not taken into account.  During the last decade, decision support 
for nature park managers is an area that is addressed more and more, often in 
combination with GIS-systems; see, for example, [32]. Some of the more known 
systems proposed are SELES [11] and EMDS [15,33]. Both approaches allow taking 
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into account spatial aspects, which are not addressed yet in the current paper. SELES 
subsumes aspects of cellular automata, discrete event simulation, and Markov chains, 
and is primarily based on stochastic Monte Carlo simulations, with fewer possibilities 
for deterministic models.  A difference of the approach put forward in the current paper 
is that deterministic models are addressed and that both qualitative and quantitative 
models are supported. EMDS is a mainly qualitative approach and has fewer 
possibilities to take into account the dynamics of processes over longer time periods. 
The decision component of EMDS was worked out based on hierarchical multi-criteria 
decision making. A difference of the approach put forward in the current paper is the 
emphasis on modelling the dynamics of the processes over time, and the possibility for 
both qualitative and quantitative models. 

Other qualitative models have been proposed as well. Salles et al. [36], for example 
introduce a qualitative model for two interacting species. They form a qualitative theory 
of these interactions, and implement them within the GARP system [6]. Using this 
system, a variety of interactions can be simulated using forward simulation. They do 
however not address the possibility to perform backward reasoning such as addressed in 
this paper. In [35] another qualitative approach is proposed, modelling more complex 
interactions between populations in a so-called ant’s garden setting. Again, reasoning 
backward in order to determine how a certain desired state can be reached is not 
addressed. The authors attempt to run a number of simulations to see whether they 
result in the appropriate end result. 

Control systems are playing a critical role in many fields nowadays. Control system 
approaches are available varying from single in-single out [26, 22] to multi-input-multi-
output theory [9] to handle various problems on the human and animal scale 
analytically. They are being used currently in almost every sphere of life and so that in 
biological and as well as in ecological systems (e.g., agriculture, biomedicine, 
environment, etcetera). The control approaches being used and their perspective 
directions in these domains, especially for ecological systems are discussed in detail 
(see [9,12,28,45,48]). Currently environmental and climate control of green houses, 
warehouses and animal houses, post-harvest drying system, milking robots for animals, 
crop protection are major application fields in agriculture domain [39]. According to 
[44] a control system for agriculture should be capable of handling complex agricultural 
systems and execute the tasks with high efficiency and minimum environmental impact. 
Similarly for the biomedical domain the applications vary from patient and clinician 
interaction to healthcare and public health policy and management [45]. Moreover [45, 
12] also describe the future need of control systems in different domains especially for 
ecological systems. It is believed that integrated hybrid modeling is the key tool to 
develop efficient control systems. These models should be described logically, 
qualitatively and as well as quantitatively so that the control system may work with 
highest efficiency, and provide adequate decision making capabilities. 

There are different approaches discussed in literature which have been used to 
develop control system for different applications in domains like agriculture, biomedical 
systems and environmental systems. These control systems are modeled, for example, 
by non-linear partial differential equations [14] for technological hot water production, 
fuzzy control techniques [27] for controlling relative humidity in fruit-storage houses, 
and adaptive fuzzy approaches [48] to design an adaptive controller for an ecological 
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system. In contrast to the approaches being used in these domains, the approach 
presented in the current paper uses a mathematical sensitivity analysis approach 
[1,16,18,19,24,25,37-42,44] to model the proposed control system. Based on this a 
control mechanism for an ecological system is presented which can be used to predict 
the population of species and provide support if needed, to meet the target of the 
densities of species to a nature park manager. The approaches used in [48,14] are most 
close to the presented approach; in [14] also non linear differential equation are used but 
they are applied to a different domain i.e. hot water production and in [48] the domain 
is the same as in the current paper, but the approach is different: a  fuzzy control 
approach. In current paper both qualitative and quantitative models are presented along 
with a controlling system for the densities of the species. As far as we know this 
approach has not been used to develop control systems for the ecological domain. The 
simulation results shows that suggested control system works efficiently in all type of 
interacting species, i.e. competitive, parasitism and symbiosis to control their densities 
with the help of water level manipulation, whereas in [48] the control system and its 
results are simulated only for a competitive environment. So the system introduced here 
further extends the existing work on control system especially for ecological domain.  
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1    Introduction 

In decision making tasks different options are compared in order to make a reasonable 
choice out of them. Options usually have emotional responses associated to them 
relating to a prediction of a rewarding or aversive consequence. In decisions such an 
emotional valuing often plays an important role. In recent neurological literature this 
has been related to a notion of value as represented in the amygdala [1, 2, 14, 15, 17]. In 
making decisions experiences with the environment (from the past) play an important 
role. By learning processes the decision making mechanism is adapted to these 
experiences, so that the decision choices made are reasonable or in some way rational, 
given the enviroment reflected in these past experiences. In this sense the emotion-
related valuing in the amygdala as a basis for decision making may be expected to 
satisfy some rationality criterion. The question to which extent this indeed is the case 
for certain biologically plausible learning models is the focus of this paper. 

The decision model considered involves predictive as-if body loops through feeling 
states in order to reach decisions for selections of actions (e.g., [3, 6, 8]). The type of 
learning considered is Hebbian learning (cf. [10, 12]), in four different variations by 
applying it to different types of connections in the decision model. To assess their extent 
of rationality, a rationality measure is introduced reflecting the environment’s 
behaviour. 

 In this paper, in Section 2 the decision model and the different variants of adaptivity 
considered are introduced. Section 3 presents a number of simulation results. In Section 
4 measures for rationality are discussed, and the different models are evaluated. Finally, 
Section 5 is a discussion. 
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2    The Adaptive Decision Models Addressed 

Traditionally an important function attributed to the amygdala concerns the context of 
fear. However, in recent years much evidence on the amygdala in humans has been 
collected showing a function beyond this fear context. In humans many parts of the 
prefrontal cortex (PFC) and other brain areas such as hippocampus, basal ganglia, and 
hypothalamus have extensive, often bidirectional connections with the amygdala [11, 
15, 18]. A role of amygdala activation has been found in various tasks involving 
emotional aspects [16]. Usually emotional responses are triggered by stimuli for which 
a prediction is possible of a rewarding or aversive consequence. Feeling these emotions 
represents a way of experiencing the value of such a prediction: to which extent it is 
positive or negative. This idea of value is also the basis of work on the neural basis of 
economic choice in neuroeconomics. In particular, in decision-making tasks where 
different options are compared, choices have been related to a notion of value as 
represented in the amygdala [1, 2, 14, 15, 17, 19]. 

Any mental state in a person induces emotions felt by this person, as described in [7, 
8, 9]; e.g., [9], p. 93:  ‘… few if any exceptions of any object or event, actually present or 
recalled from memory, are ever neutral in emotional terms. Through either innate design or by 
learning, we react to most, perhaps all, objects with emotions, however weak, and subsequent 
feelings, however feeble.’ More specifically, in this paper it is assumed that responses in 
relation to a sensory representation state roughly proceed according to the following 
causal chain for a body loop (based on elements from [4, 7, 8]): 

 

sensory representation   →  preparation for bodily response  →  body state modification  →  
sensing body state  →  sensory representation of body state →  induced feeling 
 

In addition, an as-if body loop uses a direct causal relation 
 

preparation for bodily response  →  sensory representation of body state 
 

as a shortcut in the causal chain; cf. [7]. This can be considered a prediction of the 
action effect by internal simulation (e.g., [13]). The resulting induced feeling is a 
valuation of this prediction. If the level of the feeling (which is assumed positive) is 
high, a positive valuation is obtained. 

The body loop (or as-if body loop) is extended to a recursive (as-if) body loop by 
assuming that the preparation of the bodily response is also affected by the level of the 
induced feeling:  

 

induced feeling  →  preparation for  the bodily response   
 

Such recursion is suggested in [8], pp. 91-92, noticing that what is felt is a body state 
which is under control of the person: ‘The brain has a direct means to respond to the object as 
feelings unfold because the object at the origin is inside the body, rather than external to it. The 
brain can act directly on the very object it perceives. (…) The object at the origin on the one hand, 
and the brain map of that object on the other, can influence each other in a sort of reverberative 
process that is not to be found, for example, in the perception of an external object.’ In this way 
the valuation of the prediction affects the preparation. A high valuation will strengthen 
activation of the preparation. 
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Informally described theories in scientific disciplines, for example, in biological or 
neurological contexts, often are formulated in terms of causal relationships or in terms 
of dynamical systems. To adequately formalise such a theory the hybrid dynamic 
modelling language LEADSTO has been developed that subsumes qualitative and 
quantitative causal relationships, and dynamical systems; cf. [4]. This language has 
been proven successful in a number of contexts, varying from biochemical processes 
that make up the dynamics of cell behaviour to neurological and cognitive processes; 
e.g. [4, 5]. Within LEADSTO a dynamic property or temporal relation a →→D b denotes 
that when a state property a occurs, then after a certain time delay (which for each 
relation instance can be specified as any positive real number D), state property b will 
occur. Below, this D is the time step ∆t. A dedicated software environment is available 
to support specification and simulation. A specification of the model in LEADSTO 
format can be found in Appendix A. 

An overview of the basic decision model involving the generation of emotional 
responses and feelings is depicted in Fig. 1. This picture also shows representations 
from the detailed specifications explained below. However, note that the precise 
numerical relations are not expressed in this picture, but in the detailed specifications 
below, through local properties LP0 to LP6. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1. Overview of the model for decision making evaluated from a rationality perspective 

 
Note that the effector state for bi combined with the (stochastic) effectiveness of 

executing bi in the world (indicated by effectiveness rate λi between 0 and 1) activates 
the sensor state for bi via body loop as described above. By a recursive as-if body loop 
each of the preparations for bi generates a level of feeling for bi which is considered a 
valuation of the prediction of the action effect by internal simulation. This in turn 
affects the level of the related action preparation for bi. Dynamic interaction within 
these loops results in equilibrium for the strength of the preparation and of the feeling, 
and depending on these values, the action is actually activated with a certain intensity. 
The specific strengths of the connections from the sensory representation to the 
preparations, and within the recursive as-if body loops can be innate, or are acquired 
during lifetime. The computational model is based on such neurological notions as 
valuing in relation to feeling, body loop and as-if body loop. The adaptivity in the 

srs(bi) feeling(bi) 

 sensor_state(w) 
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 ω1i 
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 ω3i 
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model is based on Hebbian learning. The detailed specification of the model is 
presented below starting with how the world state is sensed. 

 

 
LP0  Sensing a world state 
If  world state property w occurs of level V1 
   and  the sensor state for w occurs has level V2 
then  the sensor state for w will have level V2 + γ [V1 – V2] ∆t. 
 

𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑤𝑤) 

𝑑𝑑𝑠𝑠
 = γ [world_state(w)  - sensor_state(w)]  (1) 

 

From the sensor state, sensory representation is updated by dynamic property LP1. 
 

LP1  Generating a sensory representation for a sensed world state 
If  the sensor state for world state property w has level V1,  
   and the sensory representation for w has level V2 
then  the sensory representation for w will have level V2 + γ [V1 – V2] ∆t. 
 

𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 (𝑤𝑤) 
𝑑𝑑𝑠𝑠

 = γ [sensor_state(w)  - srs(w)] (2) 
 

The combination function h to combine two inputs which activate a subsequent state 
uses the threshold function th thus keeping the resultant value in the range [0, 1] : 

 

th(σ, τ, V) = � 1
1+𝑠𝑠−𝜎𝜎 (𝑉𝑉−𝜏𝜏) −   1

1+𝑠𝑠𝜎𝜎𝜏𝜏 � ∗ (1 + 𝑠𝑠−𝜎𝜎𝜏𝜏 ) (3) 
 

where σ is the steepness and τ is the threshold value. The combination function is: 
 

h(σ, τ, V1, V2, ω1, ω2) =  th (σ, τ, ω1V1 + ω2V2) (4) 
 

where V1 and V2 are the current activation level of the states and ω1 and ω2 are the 
connection strength of the links from these states. 

Dynamic property LP2 describes the update of the preparation state for bi from the 
sensory representation of w and feeling of bi. 

 

LP2  From sensory representation and feeling to preparation of a body state 
If  a sensory representation for w with level V occurs  
   and the feeling associated with body state bi has level Vi 
   and  the preparation state for bi has level Ui 
   and  ω1i is the strength of the connection from sensory representation for w to preparation for bi 
   and  ω2i is the strength of the connection from feeling of bi to preparation for bi 
   and  σi     is the steepness value for preparation of bi   and  τi     is the threshold value for preparation of bi 
   and  γ1    is the person’s flexibility for bodily responses 
then  after ∆t  the preparation state for body state bi will have level Ui + γ1 [h(σi, τi, V, Vi, ω1i, ω2i ) - Ui] ∆t. 
 

𝑑𝑑𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑠𝑠(𝑏𝑏𝑝𝑝) 

𝑑𝑑𝑠𝑠
 = γ [ h(σi, τi, srs(w), feeling(bi), ω1i, ω2i)  - preparation(bi) ] (5) 

 

Dynamic property LP3 describes the update of the sensory representation of a body 
state from the respective preparation state and sensor state. 

 

LP3  From preparation  and sensor state to sensory representation of a body state 
If  preparation state for bi has level Xi 
   and sensor state for bi has level Vi 
   and  the sensory representation for body state bi has level Ui 
   and  ω3i is the strength of the connection from preparation state for bi to sensory representation for bi 
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   and  σi     is the steepness value for sensory representation of bi 
   and  τi     is the threshold value for sensory representation of bi 
   and  γ2    is the person’s flexibility for bodily responses 
then  after ∆t  the sensory representation for bi will have level Ui + γ2 [ h(σi, τi, Xi, Vi, ω3i, 1)- Ui ] ∆t. 
 

𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠(𝑏𝑏𝑝𝑝) 

𝑑𝑑𝑠𝑠
 = γ [ h(σi, τi, preparation(bi), sensor_state(bi), ω3, 1) - srs(bi) ] (6) 

 

Dynamic property LP4 describes update of feeling bi from the sensory representation. 
 

LP4 From sensory representation of a body state to feeling 
If  the sensory representation for body state bi has level V1,  
   and bi is felt with level V2 
then   bi will be felt with level V2 + γ [V1 – V2] ∆t). 
 

𝑑𝑑𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑝𝑝𝑠𝑠𝑓𝑓(𝑏𝑏𝑝𝑝) 

𝑑𝑑𝑠𝑠
 = γ [srs(bi)  - feeling(bi)] (7) 

 

LP5 describes how the effector state for bi is updated from the preparation state. 
 

LP5 From preparation to effector state 
If  the preparation state for bi has level V1,  
   and the effector state for body state bi has level V2. 
then  the effector state for body state bi will have level V2 + γ [V1 – V2] ∆t. 
 

𝑑𝑑𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑒𝑒𝑠𝑠𝑠𝑠𝑠𝑠_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑏𝑏𝑝𝑝) 

𝑑𝑑𝑠𝑠
 = γ [preparation_state(bi)  - effector_state(bi)] (8) 

 

LP6 describes update of the sensor state for bi from the effector state for bi. 
 

LP6  From effector state to sensor state of a body state 
If  the effector state for bi has level V1,  
   and λi is world preference/ recommendation for the option bi 
   and  the sensor state for body state bi has level V2,  
then  the sensor state for bi will have level  V2 + γ [λi V1 – V2] ∆t 
 

𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑏𝑏𝑝𝑝) 

𝑑𝑑𝑠𝑠
 = γ [λi effector_state(bi)  - sensor_state(bi)] (9) 

 

For the considered case study it was assumed that three options are available to the 
agent and the objective is to see how rationally an agent makes its decisions using a 
given adaptive model: under constant as well as in stochastic world characteristics and 
in both cases static as well as changing worlds. The dynamic properties LP7 to LP9 
describe a Hebbian learning mechanism for the connection strengths  

(A) from sensory representation for w to preparation for option bi  
(B) from feeling bi to preparation for bi 
(C) from preparation for bi to sensory representation of bi 

These have been explored separately (A), (B), or (C), and in combination (ABC). 
 

LP7 Hebbian learning (A): connection from sensory representation of w to preparation of bi 
If  the connection from sensory representation of w to preparation of bi has strength ω1i 
  and the sensory representation for w has level V  
  and  the preparation of bi has level Vi  
  and  the learning rate from sensory representation of w to preparation of bi is η 
  and  the extinction rate from sensory representation of w to preparation of bi is ζ 
then  after ∆t  the connection from sensory representation of w to preparation of bi will have  
 strength ω1i + (ηVVi (1 - ω1i) - ζω1i) ∆t. 
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𝑑𝑑ω1𝑝𝑝

𝑑𝑑𝑠𝑠
 = ηsrs(w)preparation(bi) (1 - ω1i) - ζω1i (10) 

 

LP8  Hebbian learning (B): connection from feeling bi to preparation of bi 
If  the connection from feeling associated with body state bi to preparation of bi has strength ω2i 
  and the feeling for bi has level Vi  
  and  the preparation of bi has level Ui  
  and  the learning rate from feeling of bi to preparation of bi is η 
  and  the extinction rate from feeling of bi to preparation of bi is ζ 
then  after ∆t  the connection from feeling of bi to preparation of bi will have  
 strength ω2i + (ηViUi (1 - ω2i) - ζω2i) ∆t. 
 

𝑑𝑑ω2𝑝𝑝
𝑑𝑑𝑠𝑠

 = η feeling(bi)preparation(bi) (1 - ω2i) - ζω2i (11) 

LP9 Hebbian learning (C): connection from preparation of bi to sensory representation of bi 
If  the connection from preparation of bi to sensory representation of bi has strength ω3i 
  and the preparation of bi has level Vi    and  the sensory representation of bi has level Ui  
  and  the learning rate from preparation of bi to sensory representation of bi is η 
  and  the extinction rate from preparation of bi to sensory representation of bi is ζ 
then  after ∆t  the connection from preparation of bi to sensory representation of bi will have 
 strength ω3i + (ηViUi (1 - ω3i) - ζω3i) ∆t. 
 

𝑑𝑑ω3𝑝𝑝
𝑑𝑑𝑠𝑠

 = η preparation(bi) srs(bi) (1 - ω3i) - ζω3i (12) 

3   Simulation Results 

In this section some of the simulation results, performed using numerical software, are 
described in detail. The simulation results address different scenarios reflecting different 
types of world characteristics, from constant to stochastic world, and from static to 
changing world. Moreover, learning the connections was done one at a time (A), (B), 
(C), and learning multiple connections simultaneously (ABC). Due to space limitation 
the graphs for only (A) are shown here. A summary of the results is given in Table 1. 
Results for the rationality factors are presented in the next section. For all simulation 
results shown, time is on the horizontal axis whereas the vertical axis shows the 
activation level of the different states. Step size for all simulations is ∆t = 1. Fig. 2 
shows simulation results for the model under constant, static world characteristics: λ1 = 
0.9, λ2 = 0.2, and λ3 = 0.1 . Other parameters are set as: learning rate η = 0.04, 
extinction rate ζ = 0.0015, initial connection strength ω2i= ω3i= 0.8, speed factors γ = 
1, γ1 = 0.5, γ2 = 1, steepness σ = 2 and threshold τ = 1.2 for preparation state, and σ = 
10 and τ = 0.3 for sensory representation of bi. For initial 80 time units the stimulus w is 
kept 1 and for next 170 time units it is kept 0 and same sequence of activation and 
deactivation for stimulus is repeated for rest of simulation. 
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Fig. 2 Constant World:  (a) Connection strengths (A)  (b) Effector States for bi  

Initial values ω11= ω12= ω13= 0.5; η= 0.04,  ζ= 0.0015      

Moreover it depicts the situation in which only one type of links (ω1i) is learned as 
specified in LP7 using the Hebbian approach (A) for the connection from sensory 
representation of w to preparation state for bi. It is shown that the model adapts the 
connection strengths of the links ω1i according to the world characteristics given by λi. 
So ω11 strengthens more and more over time, resulting in the higher activation level of 
the effector state for b1 compared to the activation level of the effector states for the 
other two options b2 and b3. 

Similar experiments were carried out for a stochastic world with four different cases 
as mentioned earlier. To simulate the stochastic world, probability distribution functions 
(PDF) were defined for λi according to a Normal Distribution. Using these PDFs, the 
random numbers were generated for λi limiting the values for the interval [0, 1] with 
μ1=0.9, μ2=0.2 and μ3=0.1 for λi respectively. Furthermore the standard deviation for all 
λi was taken 0.1. Fig. 3 shows the world state w and stochastic world characteristics λi. 
Fig. 4 shows the simulation results while learning is performed for the links (A) from 
sensory representation of w to preparation state for bi.  

 

 
Fig. 3. Stochastic World 

It can be seen from these results that also in a stochastic scenario the agent model 
successfully learnt the connections and adapted to the world characteristics rationally 
with results quite similar to the results for a static world. 
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Fig. 4 Stochastic World: (a) Connection strengths (A)  (b) Effector States  

Initial values ω11= ω12= ω13= 0.5; η= 0.04, ζ= 0.0015     
 

Another scenario was explored in which the (stochastic) world characteristics were 
changing drastically from μ1=0.9, μ2=0.2 and μ3=0.1 for λi respectively to μ1=0.1, 
μ2=0.2 and μ3=0.9 for λi respectively with standard deviation of 0.1 for all. Fig. 5 and 
Fig. 6 show the results for such a scenario. The results show that the agent has 
successfully adapted to the changing world characteristics over time. The initial settings 
in this experiment were taken from the previous simulation results shown in Figs. 3 and 
4 to keep the continuity of the experiment. It can be observed that the connection 
strength for option 3 becomes higher compared to the other options, and consequently 
the value of the effector state for b3 becomes higher than for the other two by the end of 
experiment. 

 

 
Fig. 5 World State 

 

 
Fig. 6 Changing World: (a) Connection strengths (A)   (b) Effector States  

Initial values ω11=0.78, ω12= 0.53, ω13= 0.52;  η= 0.04,ζ= 0.0015  
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Table 1. Overview of the simulation results for all links (A), (B), (C) and (ABC) 

 
 
Similar results were observed for all other cases (B), (C), and (ABC) as summarised in 
Table 1. Note that the table contains the values of different connection strengths and the 
activation level of effector states after the completion of simulation experiments. This 
shows a rational behavior of the agent in this particular scenario. 

4  Evaluating Agent Models on Rationality 

In the previous section it was shown that the agent model behaves rationally in different 
scenarios. These scenarios and its different cases are elaborated in detail in the previous 
section, but the results were assessed with respect to their rationality in a qualitative and 
rather informal manner. For example, no attempt was made to assign an extent or level 
to the rationality observed during these experiments. The current section addresses this 
and to this end two different formally defined measures to assess the extent of the 
rationality are introduced; one rationality measure is based on a discrete scale and the 
other one on a continuous scale.  
 
Method 1 (Discrete Rationality Measure) 
The first method presented is based on the following point of departure: an agent which 
has the same respective order of effector state activation levels for the different options 
compared to the order of world characteristics λi will be considered highly rational. So 

Link Scenario ωx1 ωx2 ωx3 ES1 ES2 ES3

Static 0.78 0.53 0.52 0.56 0.15 0.14

Stocastic 0.78 0.53 0.52 0.56 0.15 0.14
Change 
World

0.40 0.38 0.80 0.09 0.09 0.58

Static 0.89 0.58 0.46 0.65 0.38 0.31

Stochastic 0.89 0.59 0.47 0.65 0.39 0.32
Change 
World

0.42 0.57 0.89 0.30 0.37 0.65

Static 0.88 0.29 0.23 0.63 0.28 0.26

Stochastic 0.88 0.29 0.23 0.63 0.28 0.27
Change 
World

0.04 0.08 0.87 0.25 0.26 0.63

0.81 0.55 0.54

0.85 0.30 0.29

0.85 0.30 0.29

0.80 0.55 0.54

0.84 0.30 0.29

0.84 0.30 0.29

0.64 0.64 0.94

0.02 0.03 0.96

0.02 0.03 0.96

A

0.13

Stocastic 0.57 0.13 0.13

Changed 
World

0.16 0.16 0.75

B

C

ABC

Static 0.59 0.13
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in this method the rank of the average value λi at any given time unit is determined, and 
compared with the rank of the respective effector state levels. More specifically, the 
following formula is used to determine the irrationality factor IF.  
 

𝐼𝐼𝐼𝐼 = � 𝑠𝑠𝑏𝑏𝑠𝑠(𝑠𝑠𝑠𝑠𝑠𝑠𝑟𝑟(𝑠𝑠𝑠𝑠𝑝𝑝) − 𝑠𝑠𝑠𝑠𝑠𝑠𝑟𝑟(𝜆𝜆𝑝𝑝))
𝑠𝑠

𝑝𝑝=1

 
(13) 

 

where n is the number of options available. This irrationality factor tells to which extent 
the agent is behaving rationally in the sense that the higher the irrationality factor IF is, 
the lower is the rationality of the agent. It is assumed that the there is uniqueness in 
ranking and none of the two values assign a similar rank. To calculate the discrete 
rationality factor DRF, the maximum possible irrationality factor Max. IF can be 
determined as follows. 
 

Max. IF  =  𝑠𝑠(𝑠𝑠 +1)
2

 −  𝑒𝑒𝑠𝑠𝑝𝑝𝑓𝑓𝑝𝑝𝑠𝑠𝑓𝑓(𝑠𝑠
2

) (14) 
 

Here ceiling(x) is the first integer higher than x. Note that Max. IF  is approximately ½n2. 
As a higher IF means lower rationality, the discrete rationality factor DRF is calculated 
as: 
 

DRF  = 1 - 𝐼𝐼𝐼𝐼
𝑀𝑀𝑠𝑠𝑀𝑀 .  𝐼𝐼𝐼𝐼

 (15) 
 

On this scale, for each n only a limited number of values are possible; for example, for n 
= 3 three values are possible: 0, 0.5, and 1. In general ½ Max. IF  +1 values are possible, 
which is approximately ¼n2 + 1. As an example, suppose during a simulation average 
values of λ1= 0.107636, λ2 = 0.203044, and λ3 = 0.888522 are given, whereas the 
effector state values are ES1=0.170554, ES2= 0.12367 and ES3 = 0.43477 at a given 
time point. So according to the given data the world’s ranks will be 3, 2, 1 for λ1, λ2, λ3 
and the agent’s ranks 2, 3, 1 for ES1, ES2, ES3 respectively. So according to the given 
formulas IF= 2, Max. IF = 4 and DRF = 0.5. So in this particular case at this given time 
point the agent is behaving rationally for 50%. 
 
Method 2 (Continuous Rationality Measure)  
The second method presented is based on the following point of departure: an agent 
which receives the maximum benefit will be the highly rational agent. This is only 
possible if ESi is 1 for the option whose λi is the highest. In this method to calculate the 
continuous rationality factor CRF, first to account for the effort spent in performing 
actions, the effector state values ESi  are normalised as follows. 
 

nESi = 𝐸𝐸𝐸𝐸𝑝𝑝
∑ 𝐸𝐸𝐸𝐸𝑝𝑝

𝑠𝑠
𝑝𝑝=1

 (16) 
 

Here n is number of options available. Based on this the continuous rationality factor 
CRF is determined as follows, with Max(λi) the maximal value of the different λi. 
 

CRF  =  ∑ 𝑠𝑠𝐸𝐸𝐸𝐸𝑝𝑝  𝜆𝜆𝑝𝑝
𝑠𝑠
𝑝𝑝=1
𝑀𝑀𝑠𝑠𝑀𝑀 (𝜆𝜆𝑝𝑝)

 (17) 
 

This method enables to measure to which extent the agent is behaving rationally in a 
continuous manner. For the given example used to illustrate the previous method CRF= 
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0.6633. So according to this method the agent is considered to behaving for 66.33% 
rationally in the given world.  
 

 
Fig. 7. Rationality during learning ω1i (A)  Fig. 8. Rationality during learning ω2i (B) 

 

 
Fig. 9. Rationality during learning ω3i  (C)    Fig. 10. Rationality for learning ω1i, ω2i, ω3i (ABC) 

 
Fig. 7 to Fig. 10 show the two types of rationality (depicted as percentages) of the agent 
for the different scenarios with changing stochastic world. In these figures the  first 250 
time points show the rationality achieved by the agent just before changing world 
characteristics drastically for the simulations shown from Fig. 4. From time point 250 
onwards, it shows the rationality of the agent after the change has been made (see Fig. 
6). It is clear from the  results (Fig. 7 to Fig. 10) that the rationality factor of the agent in 
all four cases improves over time for the given world. 

5  Discussion 

This paper focused on how the extent of rationality of an adaptive decision model can be 
analysed. In particular, this was explored for variants of a decision model based on 
valuing of predictions involving feeling states generated in the amygdala; e.g., [1, 2, 6, 
8, 14, 15, 17]. The adaptation was based on using four different variations of Hebbian 
learning; cf. [10, 12].  

To assess the extent of rationality with respect to given world characteristics, two 
measures were introduced, and using these extents of rationality of the different models 
over time were analysed. It was shown how by the learning processes indeed a high 
level of rationality was obtained, and how after a major world change after some delay 
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this rationality level is re-obtained. It turned out that emotion-related valuing of 
predictions in the amygdala as a basis for adaptive decision making according to 
Hebbian learning satisfies reasonable rationality measures.  
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Appendix A  Model Specifications in LEADSTO format 
 

 LP0  Sensing a world state 
world_state(w, V1) & sensor_state(w, V2)  →→  sensor_state(w, V2 + γ [V1 – V2] ∆t) 
LP1  Generating a sensory representation for a sensed world state 

sensor_state(w, V1) &  srs(w, V2) →→  srs(w, V2 + γ [V1 – V2] ∆t) 
LP2  From sensory representation and feeling to preparation of a body state 

 srs(w, V)  &  feeling(bi, Vi)  &  preparation_state(bi, Ui)  &   
has_connection_strength(srs(w), preparation(bi), ω1i)  &   
has_connection_strength(feeling(bi), preparation(bi), ω2i)  &  
has_steepness(prep_state(bi), σi) & has_threshold(prep_state(bi), τi)  
→→  preparation(bi, Ui + γ1 (h(σi, τi, V, Vi, ω1i, ω2i) - Ui) ∆t) 
LP3  From preparation  and sensor state to sensory representation of a body state 
preparation_state (bi, Xi)  &  sensor_state(bi, Vi)  &  srs (bi, Ui) & 
has_connection_strength(preparation(bi), srs(bi), ω3i)  &  has_steepness(srs(bi), σi)  & 
has_threshold(srs(bi), τi)  →→  srs(bi, Ui + γ2 (h(σi, τi, Xi, Vi, ω3i, 1) - Ui) ∆t) 
LP4 From sensory representation of a body state to feeling 

  srs(bi, V1)  & feeling(bi, V2) →→  feeling(bi, V2 + γ [V1 – V2] ∆t) 
LP5 From preparation to effector state 
preparation_state(bi, V) & effector_state(bi, V2) →→  effector_state(bi, V2 + γ [V1 – V2] ∆t)) 
LP6  From effector state to sensor state of a body state 
effector_state(bi,V1) & effectiveness_rate(bi, λi) & sensor_state(bi,V2) 
 →→  sensor_state(bi, V2 + γ [λi V1 – V2] ∆t) 
LP7 Hebbian learning (A): connection from sensory representation of w to preparation of bi 
has_connection_strength(srs(w), preparation(bi), ω1i) &  srs(w, V)  &  preparation(bi, Vi)  &   
has_learning_rate(srs(w), preparation(bi), η)  &   has_extinction_rate(srs(w), preparation(bi), ζ)  
→→   has_connection_strength( w, bi, ω1i + (ηVVi (1 - ω1i) - ζω1i) ∆t) 
LP8  Hebbian learning (B): connection from feeling bi to preparation of bi 
has_connection_strength(feeling(bi), preparation(bi), ω2i) &  feeling(bi, Vi)  &  preparation(bi, Ui)  &   
has_learning_rate(feeling(bi), preparation(bi), η)  &  has_extinction_rate(feeling(bi), preparation(bi), ζ)  
→→   has_connection_strength(feeling(bi), preparation(bi), ω2i + (ηViUi (1 - ω2i) - ζω2i) ∆t) 
LP9 Hebbian learning (C): connection from preparation of bi to sensory representation of bi 
has_connection_strength(preparation (bi), srs(bi), ω3i) &  preparation (bi, Vi)  &  srs(bi, Ui)  &   
has_learning_rate(preparation (bi), srs(bi), η)  &   has_extinction_rate(preparation (bi), srs(bi), ζ)  
→→   has_connection_strength(preparation (bi), srs(bi), ω3i + (ηViUi (1 - ω3i) - ζω3i) ∆t) 
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Abstract. In this paper three adaptive agent models incorporating triggered 
emotional responses are explored and evaluated on their rationality. One of the 
models is based on temporal discounting second on memory traces and the third 
one on hebbian learning with mutual inhibition. The models are assessed using a 
measure reflecting the environment’s behaviour and expressing the extent of 
rationality. Simulation results and the extents of rationality of the different models 
over time are presented and analysed. 

Keywords. adaptive agent model, memory traces, temporal discounting, mutual 
inhibition, Hebbian learning, rationality 

Adaptive agents develop decision making capabilities over time based on experiences 
with their environment. In order to do so, such agents exploit certain learning 
mechanisms, for example, involving emotional responses triggered by situations. By the 
learning processes the decision making is adapted to the characteristics of the 
environment, so that the decisions made are in some way rational, given the enviroment 
as reflected in the agent’s experiences. In this paper the focus is on three of such 
learning mechanisms: temporal discounting, memory traces and Hebbian learning with 
inhibition. To assess their extent of rationality, a rationality measure is used reflecting 
the environment’s characteristics. 

The adaptation model based on temporal discounting adapts connections based on 
the frequency of occurrence of certain situations, thereby valuing occurences further 
back in time lower. A second alternative considered is a case-based memory modelling 
approach based on memory traces e.g. [20, 21]. The adaptation model based on Hebbian 
learning (cf. [10, 12]) with inhibition involves predictive as-if body loops through 
feeling states in order to make decisions (e.g., [3, 6, 8]). For the Hebbian learning 

                                                           
1 Corresponding Author: Jan Treur. E-mail: j.treur@vu.nl. 
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different variations are considered, by applying it to different types of connections in 
the decision model.  

In this paper, in Section 1 the basic agent model is introduced. Section 2 and 
Section 3 presents the adaptation model based on temporal discounting and memory 
traces respectively. In Section 4 the adaptation model based on Hebbian learning with 
mutual inhibition is introduced. Simulation results are presented in a separate appendix. 
In Section 5 two measures for rationality used are presented, and the different 
adaptation models are evaluated based on these measures. Finally, Section 6 is a 
discussion. Due to space limitation only the graphs for rationality over time for different 
scenario are presented here. The overview of other simulation results are given in Table 
1 to Table 5 in Appendix A. 

1. The Basic Agent Model Used 

This section describes the basic agent model in which other three adaptation models 
discussed in Section 2, Sections 3 and 4 are incorporated. In this agent model emotional 
responses triggered by the environment play a role; see Figure 1 for an overview. More 
specifically, in this paper it is assumed that responses in relation to a sensory 
representation state roughly proceed according to the following causal chain for a body 
loop (based on elements from [4, 7, 8]): 

sensory representation   →  preparation for bodily response  →  body state modification  →  
sensing body state  →  sensory representation of body state →  induced feeling 

In addition, an as-if body loop uses a direct causal relation 
preparation for bodily response  →  sensory representation of body state 

as a shortcut in the causal chain; cf. [7]. This can be considered a prediction of the 
action effect by internal simulation (e.g., [13]). The resulting induced feeling provides 
an emotion-related valuation of this prediction (cf. [1, 2, 14, 15, 17]). If the level of the 
feeling (which is assumed positive here) is high, a positive valuation is obtained. The 
body loop (or as-if body loop) is extended to a recursive (as-if) body loop by assuming 
that the preparation of the bodily response is also affected by the level of the induced 
feeling:  

induced feeling  →  preparation for  the bodily response   
Such recursion is suggested in [8], pp. 91-92. In this way the emotion-related 

valuation of the prediction affects the preparation. Through this recursive loop a high 
valuation will strengthen activation of the preparation. 

To adequately formalise such a theory the hybrid dynamic modelling language 
LEADSTO has been developed and used in different context; cf. [4,5]. An overview of 
the basic model for the generation of emotional responses and feelings is depicted in 
Figure. 1. This picture also shows representations from the detailed specifications 
explained below. However, note that the precise numerical relations are not expressed 
in this picture, but in the detailed specifications below, through local properties LP0 to 
LP6. 

Note that the effector state for bi combined with the (stochastic) effectiveness of 
executing bi in the world (indicated by effectiveness rate λ i between 0 and 1) activates 
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the sensor state for bi via body loop as described above. By a recursive as-if body loop 
each of the preparations for bi generates a level of feeling for bi which is considered a 
valuation of the prediction of the action effect by internal simulation. This in turn 
affects the level of the related action preparation for bi

 
Figure. 1. Overview of the basic model with mutual inhibition 

. Dynamic interaction within 
these loops results in equilibrium for the strength of the preparation and of the feeling, 
and depending on these values, the action is actually activated with a certain intensity. 
The specific strengths of the connections from the sensory representation to the 
preparations, and within the recursive as-if body loops can be innate, or are acquired 
during lifetime. The computational model is based on such neurological notions as 
valuing in relation to feeling, body loop and as-if body loop. In this paper the 
considered adaptation mechanisms for the model are based on Hebbian learning with 
mutual inhibition (Section 4), temporal discounting (Section 2), and memory traces 
(Section 3). 
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The detailed specification of the basic model is presented below starting with how 
the world state is sensed. 
 
LP0  Sensing a world state 

If  world state property w occurs of level V 
then  the sensor state for w will have level V. 
 

world_state(W, V) →→  sensor_state(W, V) 
 
From the sensor state a sensory representation of the world state is generated by 
dynamic property LP1. 
 
LP1  Generating a sensory representation for a sensed world state 

If  the sensor state for world state property w has level V,  
then  the sensory representation for w will have level V. 
 

sensor_state(W, V)  →→   srs(W, V) 
 

The combination function h to combine two inputs which activates a subsequent state is 
used along with the threshold function th to keep the resultant value in the interval [0, 1] 
as follows: 

h(σ, τ, V1, V2, ω1, ω2) =  th (σ, τ, ω1 V1 + ω2 V2) 

where V1 and V2 are the current activation level of the states and ω1 and ω2 are the 
connection strength of the link between the states; here 

th(σ, τ, V) = � 1
1+𝑒𝑒−𝜎𝜎 (𝑉𝑉−𝜏𝜏) −   1

1+𝑒𝑒𝜎𝜎𝜏𝜏
� ∗ (1 + 𝑒𝑒−𝜎𝜎𝜏𝜏 ) 

where σ is the steepness and τ is the threshold of the given function. Alternatively for 
higher value of στ , following threshold function might be used. 

th(σ, τ, V) = 
1

1+𝑒𝑒−𝜎𝜎(𝑉𝑉−𝜏𝜏) 

Dynamic property LP2 describes the generation of the preparation state from the 
sensory representation of the world state and the feeling.  

 
LP2  From sensory representation and feeling to preparation of a body state 

If  a sensory representation for w with level V occurs  
   and  the feeling associated with body state bi has level Vi 
   and the preparation state for bi has level Ui 
   and ω1i  is the strength of the connection from sensory representation for w to preparation for bi 
   and ω2i  is the strength of the connection from feeling of bi  to preparation for bi 
   and σ i     is the steepness value for preparation of bi 
   and τ i     is the threshold value for preparation of bi 
   and γ1    is the person’s flexibility for bodily responses 
then  after ∆t  the preparation state for body state bi  will have 
  level Ui  + γ1 (h(σ i , τ i , V, Vi, ω1i , ω2i )- Ui) ∆t. 
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srs(w, V)  &  feeling(bi, Vi)  &  preparation_state(bi, Ui) &   
has_connection_strength(srs(w), preparation(bi), ω1i)  & 
has_connection_strength(feeling(bi), preparation(bi), ω2i)  & 
has_steepness(prep_state(bi), σ i) & has_threshold(prep_state(bi), τ i) 
→→  preparation(bi, Ui + γ1 (h(σ i , τ i , V, Vi, ω1i, ω2i ,)- Ui) ∆t) 

 
Dynamic property LP3 describes the generation of sensory representation of a body 
state from the respective preparation state and sensory state. 
 
LP3  From preparation  and sensor state to sensory representation of a body state 

If  preparation state for bi  has level Xi 
   and  sensor state for bi has level Vi 
   and the sensory representation for bi has level Ui 
   and ω3i  is the strength of the connection from preparation state for bi  to sensory representation for bi 
   and σ i  is the steepness value for sensory representation of bi 
   and τ i  is the threshold value for sensory representation of bi 
   and γ2 is the person’s flexibility for bodily responses 
then  after ∆t  the sensory representation for body state bi  will have 
  level Ui  + γ2 (h(σ i , τ i , Xi, Vi, ω3i , 1)- Ui) ∆t. 

 
preparation_state (bi, Xi)  &  sensor_state(bi, Vi)  &  srs (bi, Ui) &   
has_connection_strength(preparation(bi), srs(bi), , ω3i)  & 
has_steepness(srs(bi), σ i) & has_threshold(srs(bi), τ i

→
) 

→   srs(bi, Ui + γ2 (h(σ i , τ i , Xi, Vi, ω3i , 1)- Ui) ∆t) 
 

Dynamic property LP4 describes how the feeling is generated from the sensory 
representation of the body state. 
 
LP4 From sensory representation of a body state to feeling 

If  the sensory representation for body state bi  has level V,  
then   bi will be felt with level V. 
 

srs(bi, V)  →→  feeling(bi, V) 
 

LP5 describes how an effector state is generated from respective preparation state. 
 
LP5 From preparation to effector state 

If  the preparation state for bi  has level V,  
then  the effector state for body state bi

→

 will have level V. 
 

preparation_state(bi, V)  →   effector_state(bi, V) 
 

Dynamic property LP6 describes how a sensor state is generated from an effector state. 
 
LP6 From effector state to sensor state of a body state 

If  the effector state for bi  has level Vi ,  
   and λ i  is world characteristics/ recommendation for the option bi 
then  the sensor state for body state bi  will have level  λ i  Vi  
 

effecor_state(bi,Vi) & has_contribution(effecor_state(bi), sensor_state(bi), λ i ) 
→→  sensor_state(bi, λ i  Vi) 
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For the case studies addressed three options are assumed available in the world for the 
agent and the objective is to see how rationally an agent makes decisions using a given 
adaptation model (under static as well as stochastic world characteristics). As 
mentioned the current paper focuses on two learning mechanisms, i.e., temporal 
discounting and Hebbian learning with mutual inhibition; these will be discussed in 
details in Section 2 and Section 3. 

2. An Adaptation Model based on Temporal Discounting 

In this section the model is extended with the ability of the adaptation of the links (ω1i, 
ω2i, and ω3i; see Figure. 1) among different state using the temporal discounting 
approach. Appendix A shows some simulation results in detail. The dynamic properties 
LP7 to LP9 describe the mechanism of learning of the connection strengths between 
sensory representation of the world state to preparation, feeling to preparation, and 
preparation to sensory representation using this approach. 

 
LP7a  Temporal discounting learning rule for sensory representation of world state 

If  the connection from sensory representation of w to preparation of bi has strength ω1i 
  and the sensory representation for w has level V and V>0 
  and  the discounting rate from sensory representation of w to preparation of bi is η i 
  and  the extinction rate from sensory representation of w to preparation of bi  is ζ i 
then  after ∆t  the connection from sensory representation of w to preparation of bi will have 

strength ω1i + (η i (V- ω1i)- ζ i  ω1i) ∆t. 
 

has_connection_strength(srs(w), preparation(bi), ω1i)  &  srs(w, V)  &  V>0  & 
has_discounting_rate(srs(w), preparation(bi), η i)  &  has_extinction_rate(srs(w), preparation(b), ζ i)     
→→   has_connection_strength(srs(w), preparation(bi), ω1i  + (η i (V- ω1i) - ζ i ω1i) ∆t) 

 
LP7b  Temporal discounting learning rule for sensory representation of world state 

If  the connection from sensory representation of w to preparation of bi has strength ω1i 
  and the sensory representation for w has level 0  
  and  the extinction rate from sensory representation of w to preparation of bi  is ζ i 
then  after ∆t  the connection from sensory representation of w to preparation of bi  will have 

strength ω1i - ζ i  ω1i  ∆t. 
 

has_connection_strength(srs(w), preparation(bi), ω1)  &  srs(w, 0)  & 
has_extinction_rate(srs(w), preparation(bi), ζ i

→
)     

→    has_connection_strength(srs(w), preparation(bi), ω1i  - ζ i ω1i  ∆t) 
 

LP8a  Temporal discounting learning rule for feeling of bi 
If  the connection from feeling of bi  to preparation of bi has strength ω2i 
  and the feeling for bi  has level Vi and Vi >0 
  and  the discounting rate from feeling of bi to preparation of bi is η i 
  and  the extinction rate from feeling of bi  to preparation of bi  is ζ i 
then  after ∆t  the connection from feeling of bi to preparation of bi  will have 

strength ω2i + (η i (Vi - ω2i)- ζ i  ω2i) ∆t. 
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has_connection_strength(feeling(bi), preparation(bi), ω2i)  &  feeling(bi, Vi)  &  Vi >0  & 
has_discounting_rate(feeling(bi), preparation(bi), η i) & 
has_extinction_rate(feeling(bi), preparation(bi), ζ i)     
→→   has_connection_strength(feeling(bi), preparation(bi), ω2i + (η i (Vi - ω2i) - ζ i ω2i) ∆t) 

 
LP8b  Temporal discounting learning rule for feeling of bi 

If  the connection from feeling of bi  to preparation of bi has strength ω2i 
  and the feeling for bi  has level 0 
  and  the extinction rate from feeling of bi  to preparation of bi  is ζ i 
then  after ∆t  the connection from feeling of bi to preparation of bi  will have 

strength ω2i - ζ i  ω2i  ∆t. 
 

has_connection_strength(feeling(bi), preparation(bi), ω2i)  &  feeling(bi, 0) & 
has_extinction_rate(feeling(bi), preparation(bi), ζ i)     
→→   has_connection_strength(feeling(bi), preparation(bi), ω2i - ζ i ω2i  ∆t) 
 

LP9a  Temporal discounting learning rule for preparation of bi 
If  the connection from preparation of bi to sensory representation of bi  has strength ω3i 
  and the preparation for bi has level Vi and Vi >0 
  and  the discounting rate from preparation of bi  to sensory representation of bi  is η i 
  and  the extinction rate from preparation of bi to sensory representation of bi  is ζ i 
then  after ∆t  the connection from preparation of bi  to sensory representation of bi  will have 

strength ω3i + (η i (Vi - ω3i)- ζ i  ω3i) ∆t. 
 

has_connection_strength(preparation(bi), srs(bi), ω3i)  &  preparation(bi, Vi)  &  Vi >0  & 
has_discounting_rate(preparation(bi), srs(bi), η i)  &  has_extinction_rate(preparation(bi), srs(bi), ζ i

→
)     

→    has_connection_strength(preparation(bi), srs(bi), ω3i  + (η i (Vi - ω3i) - ζ i ω3i) ∆t) 
 
LP9b  Temporal discounting learning rule for preparation of bi 

If  the connection from preparation of bi to sensory representation of bi  has strength ω3i 
  and the preparation for bi has level 0 
  and  the extinction rate from preparation of bi to sensory representation of bi  is ζ i 
then  after ∆t  the connection from preparation of bi  to sensory representation of bi  will have 

strength ω3i - ζ i  ω3i  ∆t. 
 

has_connection_strength(preparation(bi), srs(bi), ω3i)  &  preparation(bi, 0) & 
has_extinction_rate(preparation(bi), srs(bi), ζ i

→
)     

→    has_connection_strength(preparation(bi), srs(bi), ω3i   - ζ i ω3i

3. An Adaptation Model based on Memory Traces 

 ∆t) 

The dynamic properties LP7 to LP9 describe the mechanism of learning of the 
connection strengths between sensory representation of the world state to preparation, 
feeling to preparation, and preparation to sensory representation using this approach. 

 
LP7a  Discounting memory traces from srs(w) to prep(bi) 

If  the sensory representation for “w” has strength V 
  and  the preparation of “bi” has strength Vi  
  and  the discounted number of memory traces with state srs(w) are X  
  and  the discounted number of memory traces with state srs(w) and successor state preparation(bi) are Y   
  and  the discounting rate from sensory representation of w to preparation of “bi” is α i 
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  and the extinction rate from srs(w) to preparation of bi is ζ i 
then  the discounted number of memory traces with state srs(w) is X + α i  V- ζ i  X 
  and  the discounted number of memory traces with state srs(w) and successor state preparation(bi) 

 is Y + α i  VVi - ζ i  Y 
 

srs(w, V)  &  preparation(bi, Vi) & has_discounting_rate(srs(w), preparation(bi), α i ) & 
has_extinction_rate(srs(w), preparation(bi), ζ i ) & memory_traces_including(srs(w), X) & 
memory_traces_including_both(srs(w), preparation(bi), Y) 
→→memory_traces_including(srs(w),X + α i  V- ζ i  X ) & 

memory_traces_including_both(srs(w), preparation(bi), Y + α i  VVi - ζ i

→

 Y) 
 

Given these numbers the induction strength of the connection from sensory 
representation to preparation state is determined as Y/X. 

 

LP7b  Generation of preparations(bi) based on discounted memory traces 
If  the discounted number of memory traces with state srs(w) is X   
  and  the discounted number of memory traces with state srs(w) and successor state preparation(bi) is Y   
then  the connection strength from srs(w) to preparation(bi) is Y/X     
 

memory_traces_including(srs(w), X) & 
memory_traces_including_both(srs(w), preparation(bi),Y) 
→    has_connection_strength(srs(w), preparation(bi), Y/X)   

 
LP8a  Discounting memory traces from feeling(bi) to prep(bi) 
If  the feeling for “bi” has strength Vi 

  and  the preparation of “bi” has strength Ui  
  and  the discounted number of memory traces with state feeling(bi) are X  
  and  the discounted number of memory traces with state feeling(bi)  
  and successor state preparation(bi)  are Y   
  and  the discounting rate from feeling of bi to preparation of “bi” is α i 
  and the extinction rate from feeling(bi) to preparation of bi is ζ i 

then  the discounted number of memory traces with state feeling(bi) is X + α i  Vi- ζ i  X 
  and  the discounted number of memory traces with state feeling(bi)  
  and successor state preparation(bi) is Y + α i  ViUi - ζ i  Y  
 

feeling(bi, Vi)  &  preparation(bi, Ui)  &  has_discounting_rate(feeling(bi), preparation(bi), α i )  & 
has_extinction_rate(feeling(bi), preparation(bi), ζ i) & memory_traces_including(feeling(bi), X) & 
memory_traces_including_both(feeling(bi), preparation(bi), Y)  
→→memory_traces_including(feeling(bi), X + α i  Vi- ζ i  X) &  

memory_traces_including_both(feeling(bi), preparation(bi), Y + α i  ViUi - ζ i  Y)   
 

Given these numbers the induction strength of the connection from feeling to 
preparation state is determined as Y/X. 
 
LP8b  Generation of preparations(bi) based on discounted memory traces 
If  the discounted number of memory traces with state feeling(bi) is X   

  and  the discounted number of memory traces with state feeling(bi)  
  and successor state preparation(bi)  is Y   

then  the connection strength from feeling(bi) to preparation(bi) is Y/X     
 

memory_traces_including(feeling(bi), X) & 
memory_traces_including_both(feeling(bi

→
),preparation(bi), Y) 

→    has_connection_strength(feeling(bi), preparation(bi), Y/X)   
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LP9a  Discounting memory traces from prep(bi) to srs(bi) 
If  the preparation for “bi” has strength Vi 

  and  the sensory representation of “bi” has strength Ui   
  and  the discounted number of memory traces with state preparation(bi) are X  
  and  the discounted number of memory traces with state preparation(bi) and successor state srs(bi) are Y   
  and  the discounting rate from preparation of bi  to sensory representation of “bi” is α i 
  and the extinction rate from prepration(bi) to srs(bi) is ζ i 

then  the discounted number of memory traces with state preparation(bi) is X + α i  Vi- ζ i  X  
  and  the discounted number of memory traces with state preparation(bi) 
  and successor state srs(bi) is Y + α i  ViUi - ζ i  Y  
 

preparation(bi, Vi)  &  srs(bi, Ui)  &  has_discounting_rate(preparartion(bi), srs(bi), α i ) & 
has_extinction_rate(feeling(bi), preparation(bi), ζ i) & memory_traces_including(preparation(bi), X) &  
memory_traces_including_both(preparation(bi),srs(bi), Y) 
→→memory_traces_including(preparation(bi), X + α i  Vi- ζ i  X) &  

memory_traces_including_both(preparation(bi), srs(bi), Y + α i  ViUi - ζ i  Y)  
 

Given these numbers the induction strength of the connection from feeling to 
preparation state is determined as Y/X. 
 
LP9b  Generation of sensory representation(bi) based on discounted memory traces 
If  the discounted number of memory traces with state preparation (bi) is X   

  and  the discounted number of memory traces with state preparation(bi) and successor state srs(bi) is Y   
then  the connection strength from preparation(bi) to srs(bi) is Y/X     
 

memory_traces_including(preparation(bi), X)  & 
memory_traces_including_both(preparation(bi

→
), srs(bi), Y) 

→    has_connection_strength(preparation (bi

4. An Adaptation Model for Hebbian Learning and Inhibition 

), srs(bi), Y/X)   

In this section, the basic agent model described in Section 1 is extended with two 
additional features. One is mutual inhibition for preparation states and the other one is 
adaptation of connection strength using a Hebbian learning approach. Later in this 
section the overview of the model is discussed with detailed specifications in 
LEADSTO.  

An overview of the extended model for the generation of emotional responses and 
feelings is depicted in Figure. 1 with the extension of mutual inhibition at preparation 
states. This picture also shows representations from the detailed specifications 
explained in Section 1. In the current section only the local property LP2 is discussed 
which incorporate the effect of mutual inhibition in calculation of the value of the 
preparation state. Moreover, local properties LP7 to LP9 will define the Hebbian 
learning approach. 

Dynamic property LP2 describes the generation of the preparation state from the 
sensory representation of the world state and the feeling thereby taking into account 
mutual inhibition. For this particular case the combination function is defined as: 

g(σ, τ, V1, V2, V3, V4, ω1, ω2, θ  1, θ  2) =  th (σ, τ, ω1 V1 + ω2 V2+ θ  1 V3 + θ  2 V4) 
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where θmi is the strengths of the mutual inhibition link from preparation state for bm to 
preparation state for  bi (which have negative values). 
 
LP2  From sensory representation and feeling to preparation of a body state with mutual inhibition 
If  a sensory representation for w with level V occurs  
  and the feeling associated with body state bi has level Vi 
  and  the preparation state for each bm has level Um 
  and  ω1i  is the strength of the connection from sensory representation for w to preparation for bi 
  and  ω2i  is the strength of the connection from feeling of bi to preparation for bi 
  and  θmi is for each m the strength of the inhibition connection from preparation state for bj  

 to preparation for bi 
  and  σ i     is the steepness value for preparation of bi 
  and  τ i     is the threshold value for preparation of bi 
  and  γ1    is the person’s flexibility for bodily responses 
  and j≠i, k≠i, j≠k 
then  after ∆t  the preparation state for body state bi  will have  
 level Ui  + γ1 (g(σ i, τ i , V, Vi, Uj, Uk, ω1i , ω2i  , θ ji , θki)- Ui) ∆t 

srs(w, V)  &  feeling(bi, Vi)  &  ∧m preparation_state(bm, Um) &   
has_connection_strength(srs(w), preparation(bi), ω1i)  &   
has_connection_strength(feeling(bi), preparation(bi), ω2i)  & 
has_steepness(prep_state(bi), σ i) & has_threshold(prep_state(bi), τ i) & j≠i, k≠i, j≠k 
→→  preparation(bi, Ui + γ1 (g(σ i , τ i , V, Vi , Uj, Uk, ω1i, ω2i  , θ ji , θki)- Ui) ∆t) 

 
Moreover, the connection strength of the different links using Hebbian learning are 
updated according to the local properties LP7 to LP9 given below.  
 
LP7  Hebbian learning rule for connection from sensory representation of stimulus to preparation 
If  the connection from sensory representation of w to preparation of bi has strength ω1i 

  and the sensory representation for w has level V  
  and  the preparation of bi has level Vi   
  and  the learning rate from sensory representation of w to preparation of bi is η 
  and  the extinction rate from sensory representation of w to preparation of bi  is ζ 

then  after ∆t  the connection from sensory representation of w to preparation of bi will have 
strength ω1i + (ηVVi (1 - ω1i) - ζω1i) ∆t. 
 

has_connection_strength(srs(w), preparation(bi), ω1i) &  srs(w, V)  &  preparation(bi, Vi)  &   
has_learning_rate(srs(w), preparation(bi), η)  & has_extinction_rate(srs(w), preparation(bi

→
), ζ)  

→    has_connection_strength( w, bi, ω1i  + (ηVVi (1 - ω1i) - ζω1i) ∆t) 
 
LP8  Hebbian learning rule for connection from feeling to preparation 
If  the connection from feeling associated with body state bi  to preparation of bi has strength ω2i 

  and the feeling for bi has level Vi  
  and  the preparation of bi has level Ui   
  and  the learning rate from feeling of bi to preparation of bi  is η 
  and  the extinction rate from feeling of bi to preparation of bi  is ζ 

then  after ∆t  the connection from feeling of bi to preparation of bi 
 will have strength ω2i  + (ηViUi (1 - ω2i) - ζω2i) ∆t. 
 

has_connection_strength(feeling(bi), preparation(bi), ω2i) & 
has feeling(bi, Vi)  & preparation(bi, Ui)  & has_learning_rate(feeling(bi), preparation(bi), η)  & 
has_extinction_rate(feeling(bi), preparation(bi), ζ)  
→→   has_connection_strength(feeling(bi), preparation(bi), ω2i  + (ηViUi (1 - ω2i) - ζω2i) ∆t) 

 



Chapter 09                       Temporal Discounting, Memory Traces, 
                           Hebbian Learning with Inhibition, and Rationality 

 

Part IV 
Rationality Analysis of Approaches to Adaptivity Page 221 

 

LP9  Hebbian learning rule for connection from preparation to sensory representation of bi 
If  the connection from preparation of bi to sensory representation of bi  has strength ω3i 

  and the preparation of bi has level Vi  
  and  the sensory representation of bi has level Ui   
  and  the learning rate from preparation of bi to sensory representation of bi  is η 
  and  the extinction rate from preparation of bi to sensory representation of bi  is ζ 

then  after ∆t  the connection from preparation of bi to sensory representation of bi will have 
strength ω3i + (ηViUi (1 - ω3i) - ζω3i) ∆t. 
 

has_connection_strength(preparation (bi), srs(bi), ω3i) & preparation (bi, Vi) & srs(bi, Ui) & 
has_learning_rate(preparation (bi), srs(bi), η)  & has_extinction_rate(preparation (bi), srs(bi), ζ)  
→→   has_connection_strength(preparation (bi), srs(bi), ω3i  + (ηViUi (1 - ω3i) - ζω3i

5. Evaluating the Models on Rationality 

) ∆t) 
 
In Appendix A an overview of simulation results is shown. 

In the simulation experiments it was shown that the agent model behaves rationally in 
different scenarios (see Table1 to Table 5 ). These scenarios and its different cases are 
elaborated in detail in Appendix A, but the results were assessed with respect to the 
extent of their rationality only in a rather informal manner. In the current section the 
rationality is determined more formally by two methods developed earlier: by one 
rationality measure based on a discrete scale and another one based on a continuous 
scale.  

5.1. Method 1 (Discrete Rationality Measure) 

The first method presented is based on the following point of departure: an agent which 
has the same respective order of effector state activation levels for the different options 
compared to the order of world characteristics λ i will be considered highly rational. 
More specifically, the following formula is used to determine the irrationality factor IF.  

𝐼𝐼𝐼𝐼 = �𝑎𝑎𝑎𝑎𝑎𝑎(𝑟𝑟𝑎𝑎𝑟𝑟𝑟𝑟(𝑒𝑒𝑎𝑎𝑖𝑖) − 𝑟𝑟𝑎𝑎𝑟𝑟𝑟𝑟(𝜆𝜆𝑖𝑖))
𝑟𝑟

𝑖𝑖=1

 

 
where n is the number of options available. To calculate the discrete rationality factor 
DRF, the maximum possible irrationality factor Max. IF can be determined as follows. 

Max. IF  =  𝑟𝑟(𝑟𝑟+1)
2

 −  𝑐𝑐𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑟𝑟𝑐𝑐(𝑟𝑟
2

) 
Here ceiling(x) is the first integer higher than x. Note that Max. IF  is 

approximately ½n2. As a higher IF means lower rationality, the discrete rationality 
factor DRF is calculated as: 

DRF  = 1 - 𝐼𝐼𝐼𝐼
𝑀𝑀𝑎𝑎𝑀𝑀 .  𝐼𝐼𝐼𝐼
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5.2. Method 2 (Continuous Rationality Measure) 

The second method presented is based on the following point of departure: an agent 
which receives the maximum benefit will be the highly rational agent. This is only 
possible if ESi is 1 for the option whose λ i is the highest. In this method to calculate the 
continuous rationality factor CRF, first to account for the effort spent in performing 
actions, the effector state values ESi  are normalised as follows. 

nESi = 𝐸𝐸𝐸𝐸𝑖𝑖
∑ 𝐸𝐸𝐸𝐸𝑖𝑖
𝑟𝑟
𝑖𝑖=1

 

Here n is number of options available. Based on this the continuous rationality 
factor CRF Is determined as follows, with Max(λi) the maximal value of the different 
λ i

5.3. Rationality for Temporal Discounting 

. 
CRF  =  ∑ 𝑟𝑟𝐸𝐸𝐸𝐸𝑖𝑖  𝜆𝜆𝑖𝑖

𝑟𝑟
𝑖𝑖=1
𝑀𝑀𝑎𝑎𝑀𝑀 (𝜆𝜆𝑖𝑖)

 
This method enables to measure to which extent the agent is behaving rationally in 

a continuous manner. 

First the temporal discounting method is discussed. In Figure 2 to Fig. 5 the first 250 
time points show the rationality achieved by the agent just before changing world 
characteristics drastically for the simulations shown Table 1. From time point 250 
onwards, it shows the rationality of the agent after the change has been made (see Table 
1). It is clear from the results (Fig. 2 to Fig. 5) that the rationality factor of the agent in 
all four cases improves over the time for the given world. 
 

 
Figure. 2. Rationality during learning ω1i   Figure. 3. Rationality during learning ω
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Figure. 4. Rationality during learning ω3i    Figure. 5. Rationality during learning ω1i , ω2i, ω

5.4. Rationality for Memory Traces 

3i 

Similar set of experiments were executed for Memory Traces approach under same 
setting as discussed in previous section 6.3. The result for the rationality over time is 
given from Figure 6 to Figure 9 below. Overview of these results is given in the Table 
5. 
 

 
Figure. 6. Rationality during learning ω1i    Figure. 7. Rationality during learning ω2i

 
Figure. 8. Rationality during learning ω

, 

3i    Figure. 9. Rationality during learning ω1i , ω2i, ω

5.5. Rationality for Hebbian Learning with Mutual Inhibition  

3i 

 

In this section the results for the rationality measures for Hebbian learning with 
inhibition are presented and it is shown how the change in mutual inhibition factor 
effects the rationality. For this purpose the rationality was measured for inhibition 
factors from 0.0 to 0.2 for all four cases of learning different links between states i.e. 
learning of the connection strengths between sensory representation to preparation, 
feeling to preparation and preparation to sensory representation one at a time and 
simultaneously. Due to space limitation only the rationality results related to learning all 
links simultaneously are presented in this paper from Figure 10 to Figure. 13. 
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Figure. 10. θ1 = θ2 = θ3 = 0.0   Figure. 11. θ1 = θ2 = θ3

 
Figure. 12. θ

 = 0.05 

1 = θ2 = θ3 = 0.10  Figure. 13. θ1 = θ2 = θ3

6. Discussion 

 = 0.15 

The results show that the inhibition factor has a positive effect on the rationality 
measure in both aspects i.e. discrete and continuous. With the increase in inhibition 
factor either the rationality level is increased or the rationality level is achieved faster. 

This paper focused on three different adaptive agent models: the first based on 
temporal discounting, the second on memory traces and the third based on Hebbian 
learning with mutual inhibition; cf. [10, 12]. For all described adaptive models an 
analysis of the extent of rationality was made. The basic agent model in which 
adaptation models were incorporated is based on emotion-related valuation of 
predictions, involving feeling states generated in the amygdala; e.g., [1, 2, 6, 8, 14, 
15, 17].  

The assessment of the extent of rationality with respect to given world 
characteristics, was based on two measures. It was shown how by the learning 
processes indeed a high level of rationality was obtained, and how after major 
world changes with some delay this rationality level is re-obtained. It turned out 
that emotion-related valuing of predictions in the amygdala as a basis for adaptive 
decision making according to temporal discounting, to memory traces and to 
Hebbian learning all satisfy reasonable rationality measures. 
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Appendix A - Simulation Results 
As mentioned earlier in this paper we are presenting an overview of the simulation 
results by help of Table to Table instead of detailed graphs due to space limitation. The 
data in the given tables shows the final connection strengths of different links along 
with the activation level of effector states (ESi

 
 

Next Table 2 shows the results for Hebbian Learning approach without any mutual 
inhibition among the different links i.e . θ1 = θ2 = θ3 = 0.0 

Table 2. Overview of Model using Hebbian Learning without Mutual inhibition 

). Table 1 presents the summarized 
results for Temporal Discounting approach. 

Table 1. Overview of Model using Temporal Discounting 

 

Link Scenario ωx1 ωx2 ωx3 ES1 ES2 ES3 World State
Static 0.97 0.97 0.97 0.71 0.66 0.63

Stochastic 0.97 0.97 0.97 0.71 0.66 0.63
Change 
World

0.97 0.97 0.97 0.63 0.66 0.71 λ1=0.1,λ2=0.2,
λ3=0.9

Static 0.92 0.37 0.28 0.60 0.29 0.27

Stochastic 0.92 0.36 0.28 0.06 0.29 0.27

Change 
World

0.28 0.36 0.92 0.27 0.29 0.60
λ1=0.1,λ2=0.2,

λ3=0.9

Static 0.57 0.27 0.26 0.59 0.28 0.26

Stochastic 0.56 0.27 0.26 0.59 0.28 0.26

Change 
World

0.26 0.27 0.57 0.26 0.28 0.59
λ1=0.1,λ2=0.2,

λ3=0.9

0.98 0.98 0.98

0.90 0.16 0.10

0.52 0.32 0.32

0.98 0.98 0.98

0.88 0.17 0.11

0.50 0.32 0.32

0.98 0.98 0.98

0.12 0.17 0.89

0.32 0.32 0.51

λ1=0.1,λ2=0.2
,λ3=0.9

λ1=0.9,λ2=0.2,
λ3=0.1

λ1=0.9,λ2=0.2,
λ3=0.1

λ1=0.9,λ2=0.2,
λ3=0.1

λ1=0.9,λ2=0.2,
λ3=0.1

Changed 
World

0.33 0.34 0.62

B

C

ABC

Static 0.63 0.34

A

0.33

Stochastic 0.61 0.34 0.33

Link Scenario ωx1 ωx2 ωx3 ES1 ES2 ES3 World State
Static 0.78 0.53 0.52 0.56 0.15 0.14

Stochastic 0.78 0.53 0.52 0.56 0.15 0.14
Change 
World

0.40 0.38 0.80 0.09 0.09 0.58 λ1=0.1,λ2=0.2,
λ3=0.9

Static 0.89 0.58 0.46 0.65 0.39 0.31

Stochastic 0.89 0.57 0.47 0.66 0.38 0.32

Change 
World

0.43 0.56 0.88 0.31 0.37 0.65
λ1=0.1,λ2=0.2,

λ3=0.9

Static 0.88 0.29 0.23 0.63 0.28 0.26

Stochastic 0.88 0.3 0.24 0.63 0.29 0.27

Change 
World

0.05 0.08 0.87 0.25 0.26 0.63
λ1=0.1,λ2=0.2,

λ3=0.9

0.81 0.55 0.55

0.85 0.30 0.29

0.85 0.30 0.29

0.81 0.55 0.55

0.85 0.30 0.29

0.85 0.30 0.29

0.65 0.65 0.93

0.02 0.03 0.96

0.02 0.03 0.96

A

λ1=0.9,λ2=0.2,
λ3=0.1

B

λ1=0.9,λ2=0.2,
λ3=0.1

C

λ1=0.9,λ2=0.2,
λ3=0.1

λ1=0.1,λ2=0.2
,λ3=0.9

ABC

Static 0.59 0.13 0.13

Changed 
World

0.16 0.16 0.76

λ1=0.9,λ2=0.2,
λ3=0.1

Stochastic 0.58 0.13 0.13
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Table 3 shows the data of Hebbian Learning approach with mutual inhibition factor 0.1 
i.e. θ1 = θ2 = θ3 = 0.1 

Table 3. Overview of Model using Hebbian Learning with Mutual inhibition 

 
 
During our experiment a number of simulations were run for different interesting 
scenarios. One of those was to study the effect of change of inhibition factors on the 
learning of different links among different states. The effect of change of inhibition 
factor from 0.0 to 0.2 on the connection strength (sensory representation and 
preparation states) and effector states are shown in Table 4. 
 

Table 4. Effect of Mutual Inhibition Factors 

 
 
The results for the Memory Traces approach are presented in Table 5 below. 
 
 
 
 

Link Scenario ωx1 ωx2 ωx3 ES1 ES2 ES3 World State
Static 0.76 0.49 0.48 0.53 0.11 0.11

Stochastic 0.76 0.49 0.48 0.53 0.11 0.11
Change 
World

0.31 0.26 0.78 0.06 0.04 0.55 λ1=0.1,λ2=0.2,
λ3=0.9

Static 0.88 0.44 0.36 0.63 0.27 0.25

Stochastic 0.88 0.44 0.37 0.63 0.27 0.25

Change 
World

0.30 0.38 0.88 0.24 0.26 0.62
λ1=0.1,λ2=0.2,

λ3=0.9

Static 0.87 0.24 0.20 0.61 0.24 0.22

Stochastic 0.87 0.24 0.21 0.61 0.24 0.22

Change 
World

0.03 0.05 0.86 0.22 0.22 0.60
λ1=0.1,λ2=0.2,

λ3=0.9

0.73 0.52 0.52

0.73 0.29 0.28

0.73 0.29 0.28

0.72 0.52 0.52

0.72 0.29 0.29

0.72 0.29 0.29

0.61 0.61 0.95

0.01 0.02 0.96

0.01 0.02 0.96

A

λ1=0.9,λ2=0.2,
λ3=0.1

B

λ1=0.9,λ2=0.2,
λ3=0.1

C

λ1=0.9,λ2=0.2,
λ3=0.1

λ1=0.1,λ2=0.2
,λ3=0.9

ABC

Static 0.42 0.11 0.11

Changed 
World

0.14 0.14 0.79

λ1=0.9,λ2=0.2,
λ3=0.1

Stochastic 0.41 0.11 0.11

Inhibition ω11 ω12 ω13 ES1 ES2 ES3

0.00 0.65 0.65 0.69 0.17 0.16 0.21

0.05 0.68 0.68 0.94 0.19 0.18 0.79

0.10 0.63 0.63 0.95 0.15 0.15 0.79

0.15 0.61 0.61 0.95 0.13 0.13 0.79

0.20 0.56 0.55 0.95 0.11 0.10 0.82
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Table 5. Overview of Model using Memory Traces 

 
 

Link Scenario ωx1 ωx2 ωx3 ES1 ES2 ES3 World State
Static 0.29 0.25 0.25 0.51 0.45 0.44

Stocastic 0.29 0.25 0.25 0.51 0.45 0.44
Change 
World

0.69 0.69 0.70 0.89 0.89 0.91 λ1=0.1,λ2=0.2,
λ3=0.9

Static 0.86 0.03 0.02 0.99 0.04 0.04

Stochastic 0.88 0.03 0.03 0.99 0.04 0.04

Change 
World

0.03 0.03 0.98 0.04 0.04 0.99
λ1=0.1,λ2=0.2,

λ3=0.9

Static 0.13 0.03 0.01 0.04 0.03 0.03

Stochastic 0.13 0.03 0.01 0.04 0.03 0.03

Change 
World

0.01 0.03 0.13 0.03 0.03 0.04
λ1=0.1,λ2=0.2,

λ3=0.9

0.77 0.18 0.17

0.94 0.21 0.19

0.99 0.08 0.03

0.77 0.18 0.17

0.87 0.22 0.21

0.98 0.08 0.04

0.19 0.21 0.84

0.23 0.22 0.98

0.09 0.08 0.99

A

λ1=0.9,λ2=0.2,
λ3=0.1

B

λ1=0.9,λ2=0.2,
λ3=0.1

C

λ1=0.9,λ2=0.2,
λ3=0.1

λ1=0.1,λ2=0.2
,λ3=0.9

ABC

Static 0.99 0.35 0.31

Changed 
World

0.31 0.34 1.00

λ1=0.9,λ2=0.2,
λ3=0.1

Stocastic 0.99 0.36 0.32
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Abstract.  In this paper it is explored how adaptive collective decision making can 
be evaluated with respect to learning speed and rationality of the decisions. A 
collective decision model is presented based on interacting adaptive agents that learn 
from their experiences by a Hebbian learning mechanism. The decision making 
process makes use of emotion-related valuing of decision options on the one hand 
based on predictive loops through feeling states, and on the other hand based on 
contagion. The resulting collective decision making process is analysed from the 
perspective of learning speed and rationality. Simulation results and the extent of 
rationality of the model over time are presented and analysed. It is shown how the 
collectiveness amplifies both learning speed and rationality of the decisions. 
 
Keywords: collective decision making, adaptive agent model, emotion-related 
valuing, Hebbian learning, rationality.  

1    Introduction 

Usually adaptive agents base their decisions on experiences with their decisions 
made earlier, in relation to the valuation and feeling for the effects of decision 
options. In this way they are tuned to the environment and become more rational 
over time with respect to the world characteristics; e.g., [24]. Collective decision 
making in groups of agents involves such individual decision making processes, but 
also mutual contagion processes. In recent years some of the mechanisms 
underlying such social processes have been described in the area of Social 
Neuroscience (e.g., [9]). Two main concepts in these processes are mirror neurons 
and internal simulation. Mirror neurons are neurons that are not only active to 
prepare for a certain action or body change, but also when somebody else who is 
performing or tending to perform this action or body change is observed (e.g., [15], 
[21]). Internal simulation is mental processing that copies processes that (may) take 
place externally. Two different examples of internal simulation are (1) predicting 
the effects of a prepared action (e.g., [2], [13], [17]), and (2) copying another 
individual’s mental processes (e.g., [6], [7], [11]).  
 More specifically, in an individual decision making process, before a decision 
option is chosen, by an internal simulation the expected effects of the option are 
predicted. For these predicted effects valuations are made, in relation to the affective 
state associated to this effect (e.g., [1], [6], [8], [16], [18]). To achieve a collective 
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decision, in addition these feelings and valuations for a considered option by different 
agents affect each other as a form of contagion. By this contagion, a decision option can 
get a shared positive valuation and feeling, which can be the basis of a common 
decision. To analyse the effect of the collectiveness on the decision process and its 
rationality is the focus of the current paper. The decision making within the agent model 
involving valuing of the decision options by predictive valuation through feeling states, 
is adopted from [3], [24]; this decision model is based on cognitive and neurological 
literature such as [6, 8, 14, 15, 16, 17, 18, 19, 20]). The adaptation model used is based 
on Hebbian learning (cf. [10, 12]). 

 In this paper, first in Section 2 the multi-agent model is introduced. Section 3 
presents the adaptation model based on Hebbian learning. Simulation results are 
presented in Section 4. Section 5 presents a mathematical analysis addressing equilibria, 
and the comparison of the learning speed for the cases with and without contagion. 
Section 6 describes tests of the learning speeds for some of the generated simulation 
traces and compares this with predictions made on the basis of the mathematical 
analysis. In Section 7 two measures for rationality used are presented, and the adaptive 
joint decision making models are evaluated based on these measures. Finally, Section 8 
is a discussion. 

2    The Basic Model for the Agents and their Contagion  

This section describes the basic agent model used. Part of this model has been adopted 
from [24], which addresses especially the single agent case. The contagion mechanism 
has been added to this, and was adopted from [14]. 
 

Decision making based on emotion-related valuing In this part of the model 
emotional responses triggered by the environment play a role; see Fig. 1 for an 
overview. More specifically, it is assumed that responses in relation to a sensory 
representation state of a world stimulus w roughly proceed according to the following 
causal chain for a body loop (based on elements from [4, 7, 8]): 

 

sensory representation   →  preparation for bodily response  →  body state modification  →  
sensing body state  →  sensory representation of body state →  induced feeling 
 

In addition, an as-if body loop uses a direct causal relation 
 

preparation for bodily response  →  sensory representation of body state 
 

as a shortcut in the causal chain; cf. [7]. This can be considered a prediction of the 
action effect by internal simulation (e.g., [13]). The resulting induced feeling provides 
an emotion-related valuation of this prediction (cf. [1], [6], [8], [16], [18], [20], [22], 
[23]). If the level of the feeling (which is assumed positive here) is high, a positive 
valuation is obtained. This valuation has a reinforcing effect on the preparation state. 
Therefore the body loop (or as-if body loop) is extended to a recursive (as-if) body loop 
by assuming that the preparation of the bodily response is also affected by the level of 
the induced feeling:  
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induced feeling  →  preparation for  the bodily response   
 

Such recursion is also suggested in [8], pp. 91-92. Through this recursive loop a high 
valuation will strengthen activation of the preparation, which can lead to a high 
activation level as a basis for a decision for the option. 
 

The role of contagion in a collective decision  Within the collective decision making 
model an additional mechanism for contagion has been incorporated, based on 
mirroring of the preparation states (adopted from [14]). An important element is the 
contagion strength γBA from person B to person A. This indicates the strength by which a 
preparation state S (for an option bi) of A is affected by the corresponding preparation 
state S of B. It depends on characteristics of the two persons: how expressive B is, how 
open A is, and how strong the connection from B to A is. In the model it is defined by  

γBA = εB αBA δA  
Here, εB is the expressiveness of B, δA the openness of A, and αBA the channel strength 
from B to A. Note the labels in Fig. 1 for these concepts. The level qSA of preparation 
state S in agent A (with values in the interval [0, 1]) over time is determined as follows. 
The overall contagion strength γA from the rest of the group towards agent A is γA = ΣB≠A 
γBA. The aggregated impact qSA* of all these agents upon state S of agent A is the 
following weighted average:  
 

qSA*(t)  = ΣB≠A γBA qSB(t)  / γA 
 

This is an additional external impact on the preparation state S of A, which has to be 
combined with the impact from the internal emotion-related valuing process. Note that 
for the case that there is only one other agent, this expression for qSA*(t)  can be 
simplified to qSB(t). 

Informally described theories in scientific disciplines, for example, in biological or 
neurological contexts, often are formulated in terms of causal relationships or in terms 
of dynamical systems. To adequately formalise such a theory the hybrid dynamic 
modelling language LEADSTO has been developed that subsumes qualitative and 
quantitative causal relationships, and dynamical systems; cf. [4]. This language has 
been proven successful in a number of contexts, varying from biochemical processes 
that make up the dynamics of cell behaviour to neurological and cognitive processes 
e.g. [4], [5]. Within LEADSTO the dynamic property or temporal relation a →→D b 
denotes that when a state property a occurs, then after a certain time delay (which for 
each relation instance can be specified as any positive real number D), state property b 
will occur. Below, this D will be taken as the time step ∆t. In LEADSTO both logical 
and numerical calculations can be specified in an integrated manner, and a dedicated 
software environment is available to support specification and simulation. A formal 
specification of the model in LEADSTO can be found in current section. 

An overview of the multi-agent model is depicted in Fig. 1. This picture also shows 
representations from the detailed specifications explained below. However, note that 
the precise numerical relations are not expressed in this picture, but in the detailed 
specifications below, through local properties LP0 to LP11. 
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Fig. 1. Overview of the multi-agent model: two agents 

 
Note that the effector state for bi combined with the (stochastic) effectiveness of 

executing bi in the world (indicated by the world characteristic or effectiveness rate λi 
between 0 and 1) activates the sensor state for bi via the body loop as described above. 
By a recursive as-if body loop each of the preparations for bi generates a level of feeling 
for bi which is considered a valuation of the prediction of the action effect by internal 
simulation. This in turn affects the level of the related action preparation for bi. 
Dynamic interaction within these loops results in equilibrium for the strength of the 
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preparation and of the feeling, and depending on these values, the action is actually 
activated with a certain intensity. The specific strengths of the connections from the 
sensory representation to the preparations, and within the recursive as-if body loops can 
be innate, or are acquired during lifetime. The computational model is based on such 
neurological notions as valuing in relation to feeling, body loop and as-if body loop, as 
briefly discussed above. In this paper the considered adaptation mechanisms for the 
model is based on Hebbian learning (Section 3). The detailed specification of the basic 
model is presented below, starting with how the world state is sensed. 
 

LP0  Sensing a world state 
If  world state property w occurs of level V 
then  the sensor state for w will have level V. 

world_state(W, V) →→  sensor_state(W, V) 
 

From the sensor state a sensory representation of the world state is generated by 
dynamic property LP1. 
 

LP1  Generating a sensory representation for a sensed world state 
If  the sensor state for world state property w has level V,  
then  the sensory representation for w will have level V. 

sensor_state(W, V)  →→  srs(W, V) 
 

The combination function h to combine two inputs which activates a subsequent state is 
used along with the threshold function th to keep the resultant value in the interval [0, 1] 
as follows: 
 

h(σ, τ, V1, V2, ω1, ω2) =  th (σ, τ, ω1 V1 + ω2 V2) 
 

where V1 and V2 are the current activation level of the states and ω1 and ω2 are the 
connection strength of the link between the states; here 
 

th(σ, τ, V) = � 1
1+𝑒𝑒−𝜎𝜎 (𝑉𝑉−𝜏𝜏) −   1

1+𝑒𝑒𝜎𝜎𝜏𝜏
� ∗ (1 + 𝑒𝑒−𝜎𝜎𝜏𝜏 ) 

 

where σ is the steepness and τ is the threshold of the given function. Alternatively for 
higher value of στ , following threshold function might be used. 
 

th(σ, τ, V) = 
1

1+𝑒𝑒−𝜎𝜎(𝑉𝑉−𝜏𝜏) 
 

Dynamic property LP2 describes the generation of the preparation state from the 
sensory representation of the world state and the feeling thereby taking into account 
mutual inhibition. For the case of three agents the combination function is defined as: 

g(σ, τ, V1, V2, V3, V4, ω1, ω2, θ ji, θ ki) =  th (σ, τ, ω1 V1 + ω2 V2+ θ ji V3 + θ ki V4) 

where θmi is the strength of the inhibition link from preparation state for bm to 
preparation state for  bi (which have negative values). 
 

LP2  From sensory representation and feeling to preparation of a body state with mutual 
inhibition 
If   a sensory representation for w with level V occurs  
   and the feeling associated with body state bi has level Vi 
   and  the preparation state for each bm has level Um 
   and  ω1i is the strength of the connection from sensory representation for w  
  to preparation for bi 
   and  ω2i is the strength of the connection from feeling of bi to preparation for bi 
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   and  θmi is for each m the strength of the inhibiting connection from preparation state  
  for bm  to preparation state for bi 
   and  σi     is the steepness value for preparation of bi 
   and  τi     is the threshold value for preparation of bi 
   and  γ1    is the person’s flexibility for bodily responses 
   and j≠i, k≠i, j≠k 
then    after ∆t  the preparation state for body state bi will have  
   level Ui + γ1 (g(σi, τi, V, Vi, Uj, Uk, ω1i, ω2i , θji, θki)- Ui) ∆t 

srs(w, V)  &  feeling(bi, Vi)  &  ∧m preparation_state(bm, Um) &   
has_connection_strength(srs(w), preparation(bi), ω1i)  &   
has_connection_strength(feeling(bi), preparation(bi), ω2i)  & 
∧m≠i  has_connection_strength(preparation_state(bm), preparation(bi), θmi)  & 
has_steepness(prep_state(bi), σi) & has_threshold(prep_state(bi), τi) & j≠i, k≠i, j≠k 
→→  preparation(bi, Ui + γ1 (g(σi, τi, V, Vi , Uj, Uk, ω1i, ω2i , θji, θki)- Ui) ∆t) 

 

Dynamic property LP3 describes the generation of sensory representation of a body 
state from the respective preparation state and sensory state. 
 

LP3  From preparation  and sensor state to sensory representation of a body state 
If   preparation state for bi has level Xi 
   and  sensor state for bi has level Vi 
   and  the sensory representation for bi has level Ui 
   and  ω3i is the strength of the connection from preparation state for bi to  
  sensory representation for bi 
   and  σi     is the steepness value for sensory representation of bi 
   and  τi     is the threshold value for sensory representation of bi 
   and  γ2    is the person’s flexibility for bodily responses 
then    after ∆t  the sensory representation for body state bi will have  

level Ui + γ2 (h(σi, τi, Xi, Vi, ω3i, 1)- Ui) ∆t. 
prep_state(bi, Xi)  &  sensor_state(bi, Vi)  &  srs (bi, Ui) &   
has_connection_strength(prep_state(bi), srs(bi), , ω3i)  &   
has_steepness(srs(bi), σi) & has_threshold(srs(bi), τi) 
→→  srs(bi, Ui + γ2 (h(σi, τi, Xi, Vi, ω3i, 1)- Ui) ∆t) 

 

Dynamic property LP4 describes how the feeling is generated from the sensory 
representation of the body state. 
 

LP4 From sensory representation of a body state to feeling 
If  the sensory representation for body state bi has level V,  
then   bi will be felt with level V. 

srs(bi, V)  →→  feeling(bi, V) 
 

LP5 describes how an effector state is generated from respective preparation state, 
thereby taking into account the expressiveness εA. 
 

LP5 From preparation to effector state 
If   the preparation state for bi has level V,  
   and  εA is the expressiveness 
then   the effector state for body state bi will have level εAV. 

prep_state(bi, V)  →→  effector_state(bi, εAV) 
 

Dynamic property LP6 describes how a sensor state is generated from an effector state. 
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LP6 From effector state to sensor state of a body state 
If   the effector state for bi has level Vi,  
   and  λi is world characteristics/ recommendation for the option bi 
then   the sensor state for body state bi will have level  λi Vi  

effecor_state(bi,V) & 
has_contribution(effecor_state(bi), sensor_state(bi), λi) 
→→  sensor_state(bi, λi Vi) 

 

The following two properties model the contagion mechanism, first in LP7 from 
effector state of one agent to a sensor state of another agent (taking into account the 
channel strength ), and next the further internal processing in the form of a sensory 
representation (taking into account the openness δA). 
 

LP7 From effector state to sensor state of another agent (contagion) 
If   the effector state for bi has level Vi,  
   and  αBA is the channel strength 
then   the sensor state for body state bi will have level  αBA Vi  

effecor_state(bi,V) & has_contribution(effecor_state(bi), sensor_state(bi), αBA) 
→→  sensor_state(B, bi, αBAVi) 

 

LP8  Generating a sensory representation for a sensed state of another agent 
If   the sensor state for state property bi  of agent B has level V,  
then   the sensory representation for state property bi  of agent B will have level δAV. 

sensor_state(B, bi, V)  →→  srs(B, bi, δAV) 
 

For the case studies addressed three options are assumed available in the world for the 
agent and the objective is to see how rationally agents make joint decisions using the 
given adaptation model (under static as well as stochastic world characteristics).  

3 An Adaptation Model by Hebbian Learning 

From a Hebbian perspective [12], strengthening of a connection over time may take 
place when both nodes are often active simultaneously (‘neurons that fire together wire 
together’). The principle goes back to Hebb [12], but has recently gained enhanced 
interest (e.g., [10]). In the adaptive computational model three connections that play a 
role in decision making can be adapted based on a Hebbian learning principle. More 
specifically, for such a connection from node i to node j its strength ωij  is adapted using 
the following Hebbian learning rule, taking into account a maximal connection 
strength 1, a learning rate η, and an extinction rate ζ (usually taken small):  
 

 

𝒅𝒅ω𝑖𝑖𝑖𝑖(𝑡𝑡)

𝒅𝒅𝑡𝑡
 = η ai(t)aj(t)(1 - ωij(t)) - ζωij(t)  =  η ai(t)aj(t) - (η ai(t)aj(t) + ζ) ωij(t)   

 
 

Here ai(t) and aj(t)  are the activation levels of node i and j at time t and ωij(t)   is the 
strength of the connection from node i to node j at time t. A similar Hebbian learning 
rule can be found in [10], p. 406. By the factor 1 - ωij(t) the learning rule keeps the level 
of ωij(t)  bounded by 1 (which could be replaced by any other positive number); 
Hebbian learning without such a bound usually provides instability. When the 
extinction rate is relatively low, the upward changes during learning are proportional to 
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both ai(t)  and aj(t); maximal learning takes place when both are 1. Whenever one of 
ai(t)   and aj(t) is 0 (or close to 0) extinction takes over, and ωij slowly decreases. This 
learning principle has been applied for example to the connection from sensory 
representation of w to the preparation state for bi in Fig. 1, according to the following 
instantiation of the general learning rule above:  
 

𝒅𝒅ω1𝑖𝑖𝑖𝑖(𝑡𝑡)

𝒅𝒅𝑡𝑡
  = η srs(w)(t) prep_state(bi)(t)(1 - ω1𝑖𝑖𝑖𝑖(t)) - ζω1𝑖𝑖𝑖𝑖(t)        

 

In this section the basic agent model described in Section 2 is extended with a Hebbian 
learning approach. The connection strength of the different links are updated according 
to the local properties LP9 to LP11 given below.  
 

LP9  Hebbian learning for connection from sensory representation of stimulus  
    to preparation of bi 

If  the connection from sensory representation of w to preparation of bi has strength ω1i 
  and the sensory representation for w has level V  
  and  the preparation of bi has level Vi  
  and  the learning rate from sensory representation of w to preparation of bi is η 
  and  the extinction rate from sensory representation of w to preparation of bi is ζ 
then  after ∆t  the connection from sensory representation of w to preparation of bi 
 will have strength ω1i + (ηVVi (1 - ω1i) - ζω1i) ∆t. 

has_connection_strength(srs(w), preparation(bi), ω1i) &  srs(w, V)  &  preparation(bi, Vi)  &   
has_learning_rate(srs(w), preparation(bi), η)  &   has_extinction_rate(srs(w), preparation(bi), ζ)  
→→   has_connection_strength( w, bi, ω1i + (ηVVi (1 - ω1i) - ζω1i) ∆t) 

 

LP10  Hebbian learning for connection from feeling to preparation of bi 
If  the connection from feeling bi to preparation of bi has strength ω2i 
  and the feeling for bi has level Vi  
  and  the preparation of bi has level Ui  
  and  the learning rate from feeling of bi to preparation of bi is η 
  and  the extinction rate from feeling of bi to preparation of bi is ζ 
then  after ∆t  the connection from feeling of bi to preparation of bi 
 will have strength ω2i + (ηViUi (1 - ω2i) - ζω2i) ∆t. 

has_connection_strength(feeling(bi), preparation(bi), ω2i) &  feeling(bi, Vi)  &  preparation(bi, Ui)  &  
has_learning_rate(feeling(bi), preparation(bi), η) & 
has_extinction_rate(feeling(bi), preparation(bi), ζ)  
→→   has_connection_strength(feeling(bi), preparation(bi), ω2i + (ηViUi (1 - ω2i) - ζω2i) ∆t) 

 

LP11  Hebbian learning for connection from preparation to sensory representation of bi 
If  the connection from preparation of bi to sensory representation of bi has strength ω3i 
  and the preparation of bi has level Vi  
  and  the sensory representation of bi has level Ui  
  and  the learning rate from preparation of bi to sensory representation of bi is η 
  and  the extinction rate from preparation of bi to sensory representation of bi is ζ 
then  after ∆t  the connection from preparation of bi to sensory representation of bi 
 will have strength ω3i + (ηViUi (1 - ω3i) - ζω3i) ∆t. 

has_connection_strength(preparation (bi), srs(bi), ω3i) &  preparation (bi, Vi)  &  srs(bi, Ui)  &   
has_learning_rate(preparation (bi), srs(bi), η)  &   has_extinction_rate(preparation (bi), srs(bi), ζ)  
→→has_connection_strength(preparation (bi), srs(bi), ω3i + (ηViUi (1 - ω3i) - ζω3i) ∆t) 
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4  Simulation Results 

In this section some of the simulation results, performed using numerical software, are 
described in detail. Moreover, learning of the connections was done either one at a time 
ω1i (A), ω2i (B), ω3i (C), or for multiple connections simultaneously (ABC). Due to 
space limitation only the graphs for (B) where ω2i is learned are shown here. Results for 
the rationality factors are presented in Section 7. For all simulation results shown in 
Figs. 2 to 21, time is on the horizontal axis and the vertical axis shows the activation 
level of the different states. The step size for all simulations is ∆ t = 1. Fig. 2 shows 
simulation results for the model under stochastic world characteristics. To simulate a 
stochastic world, probability distribution functions (PDF) were defined for the world 
characteristic parameters λi according to a normal distribution. Using these PDFs, the λi 
were generated at random, thereby limiting the values to the interval [0, 1] with modi 
μ1=0.9, μ2=0.2 and μ3=0.1 for the λi, respectively. Furthermore the standard deviation 
for all λi was taken 0.1. Other parameters were set as follows:  
 

learning rate η = 0.04, extinction rate ζ = 0.0015 
fixed values ω1i= ω3i = 0.8  
speed factors γ1 = 0.05, γ2 = 1, γ3 = 0.05  
steepness σ = 2, threshold τ = 1.2 for each of the preparation states for bi  
steepness σ = 10, threshold τ = 0.3 for each of the sensory representation states of bi 

 

For the presented results all of the mutual inhibiting connections between the 
preparation states have strength θij = -0.2. Figures 2 and 3 show the effect of inhibition 
on the output of the model. For the initial 80 time units the stimulus w is kept 1 and for 
next 170 time units it is kept 0 and the same sequence of activation and deactivation for 
the stimulus w is repeated for the rest of the simulation. Due to inhibition the 
differences between the higher and lower values of effector states for different world 
characteristics λi  are increased by suppressing the lower ones.  
 

 
Fig. 2. Model without Inhibition    Fig. 3. Model with Inhibition θij = -0.2 

To study the effect of contagion a number of scenarios were simulated; they are 
presented one by one with a brief description. In the scenarios only results with 
inhibition are presented. Note that in all scenarios the two agents deal with the same 
world, i.e., the world characteristics λi are the same. 

Scenario 1: The simplest scenario is for two agents having no mutual contagion with 
the same parameter setting (see Fig. 4 and Fig. 5). For this particular case εA = εB= δA = 
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δB = 1, and αAB = αBA = 0. So both agents individually go through the same learning 
process but in total isolation.  

 
Fig. 4. Decision levels of Agent A    Fig. 5. Decision levels of Agent B 

Scenario 2: This is an extension of the first scenario by just including contagion. In this 
experiment the situation is addressed in which both agents are fully expressive, 
completely open and the channel strength among them is maximal: εA = εB= δA = δB = 
αAB = αBA = 1. The results show that in comparison to scenario 1, the decisions are 
amplified; see Fig. 6 and Fig. 7. As both agents have the same characteristics, they show 
to the same development. 

 
Fig. 6. εA= δA= αAB= 1        Fig. 7. εB= δB= αBA= 1 

Scenario 3: The next scenario is a situation in which both agents have a different 
characteristic: the connection strength between world state and sensory state of the 
agents is different: 1 for A and 0.8 for B (maybe due to different positions in the world). 
Moreover for this scenario there is no contagion between them. Due to their difference, 
and their isolation they develop differently (see Fig. 8 and Fig. 9). 

 
Fig. 8. εA= δA= 1, αAB= 0, ω = 1     Fig. 9. εB= δB= 1, αBA= 0, ω = 0.8 
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Scenario 4: This scenario adds contagion to scenario 3. It can be observed that these 
agents start with different decision levels, but over the time a consensus is developed 
and the differences become practically 0; see Fig. 10 and Fig. 11. 

 
Fig. 10. εA= δA= αAB= 1, ω= 1      Fig. 11. εB= δB= αBA= 1, ω= 0.8 

Scenario 5: In this scenario the effect of the channel strength is studied between the 
agents having differences in decision levels initially. To simulate this situation αAB is 
taken 0.5 and αBA is taken 0.4, which means the decisions of agent A would have more 
impact on B than conversely. This is indeed reflected in Fig. 12 and Fig. 13. 

 
Fig. 12. εA= δA= 1, αAB= 0.5, ω= 1      Fig. 13. εB= δB= 1, αBA= 0.4, ω= 0.8 

Scenario 6: In this scenario the channel strengths which are used in previous scenario 
are swapped. The objective of this swapping was to see what happened if an agent has a 
lower decision value but has a strong channel strength to the other agent having a higher 
value. It is observed that to some extent the final decision value is relatively lower than 
in the previous scenario: the person with lower value has more influence on the 
collective decision; see Fig. 14 and Fig. 15. 

 
Fig. 14. εA= δA= 1, αAB= 0.4, ω= 1      Fig. 15. εB= δB= 1, αBA= 0.5, ω= 0.8 
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Scenario 7: Fig. 16 and Fig. 17 show the results of a scenario where agent A is assumed 
less expressive (εA = 0.5) and more open (δA = 1). Furthermore, agent B is more 
expressive (εB = 1) and less open (δB = 0.5). According to these parameter settings, agent 
A has influence from agent B but A itself is not expressive enough to amplify its own 
decision values. Hence its main decision value remains lower than agent B by almost 
50%, whereas B shows higher values as they are amplified due to the higher 
expressiveness (see Fig. 16 and Fig. 17) 

 
Fig. 16. εA= 0.5, δA= 1, αAB= 1, ω= 1     Fig. 17. εB= 1, δB= 0.5, αBA= 1, ω= 0.8 

Scenario 8: The last scenario presented here displays the situation in which the 
expressiveness for both agents are same i.e. εA= εB= 1 but they have different channel 
strengths and different openness: δA= 0.2, αBA= 0.6 and δB= 0.6, αAB= 0.4. With these 
settings one observes better consensus among two agents even though their openness is 
different and they have different channel strength; this is because a weaker connection 
is compensated by a higher openness and vice versa; see Fig. 18 and Fig. 19. 

 
Fig. 18. εA= 1, δA= 0.2, αAB= 0.4, ω= 1     Fig. 19. εB= 1, δB= 0.6, αBA= 0.6, ω= 0.8 

The results presented in Fig. 20 and Fig. 21 are obtained from the simulation results for 
scenario 5. The values for the parameters are εA= δA= 1, αAB= 0.5, ω= 1 and εB= δB= 1, 
αBA= 0.5, ω= 0.8 whereas the parameter setting without contagion are εA= δA= 1, αAB= 
0, ω= 1 and εB= δB= 1, αBA= 0, ω= 0.8. It can be observed for the given results that due 
to contagion a consensus can evolve between agents having different initial decision 
values about some specific situation. 
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Fig. 20. Without Contagion     Fig. 21. With Contagion 

5  Mathematical Analysis 

In this section a mathematical analysis is made of the equilibria and learning speed of 
the adaptive model, and in particular how for the multi-agent case the learning speed 
depends on the extent of contagion between the agents. For the sake of simplicity the 
analysis is done for two agents, and the focus is on the highest option. First an 
approximation of the states involved is made.  
 
Approximation of internal states 
The following contributions to preparation state piA are used as an approximation for the 
impacts of other states on piA: 
 

ω1iA s  impact from srs(w) via the connection strength ω1iA 
ω2iA fiA  impact through feeling state fiA 
γBA piB   impact from preparation state of B via the contagion from B 

 

Note that here the mutual inhibition is neglected, as it is assumed that i is the highest 
option and suppresses the other options  j≠i so that they are low and do not provide 
much suppression of the option i. Furthermore, the following contributions to fiA are 
used as an approximation for the impacts of other states on fiA: 
 

ω3iA piA   impact through the as-if body loop 
λi εA piA  impact through the body loop 

 

Moreover, it is assumed that the value combined from these two impacts directly affects 
fiA in a linear form (approximating the threshold function) with steepness σ1 (e.g., set on 
0.6): 
 

fiA  =  σ1 [ω3iA piA  + λi εA piA  ] =  σ1 [ω3iA  + λi εA ] piA          (1) 
 

Note that this type of linear approximation is more accurate when the steepness of the 
approximated threshold function is relatively low.  

Similarly, it is assumed that the value combined from the three impacts on piA 
directly affects piA in a linear form with steepness σ2 (e.g., around 0.4): 
 

piA  =  σ2  [ ω1iA s  + ω2iA fiA + γBA piB ] 
=  σ2  [ ω1iA s  + ω2iA σ1 [ω3iA  + λi εA ] piA  + γBA piB ] 
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Note that the parameters σi also depend on the maximal range of the expected incoming 
combined values on which the threshold function is applied. Therefore for σ2 slightly 
different values can be used for cases without contagion (maximal range [0, 2] based on 
feeling and stimulus as input; e.g., σ2 = 0.45), and cases with contagion (maximal range 
[0, 3] based on feeling, stimulus and contagion as input; e.g., σ2 = 0.35).  
The above expression for piA can be rewritten as follows: 
 

piA  =  αA [ ω1iA s  + γBA piB ] 
 

where 
 

 αA = σ2/[1 - σ1 σ2 ω2iA [ω3iA  + λi εA ]] 
 

A similar equation can be obtained for the other agent’s preparation: 
 

piB  =  αB [ ω1iB s  + γAB piA ] 
 

These two linear equations in piA and piB can be solved, providing an expression of piA in 
terms of the connection strengths: 
 

piA  =  µAB s [ ω1iA  + αB γBA ω1iB ]             (2) 
 

where  
 

µAB = αA / [ 1 - αA αB γABγBA] 
 

Note that when γBA = 0, it holds µAB = αA. Similarly the other preparation state piB can be 
expressed in terms of the connection strengths: 
 

piB  =  µBA s [ ω1iB  + αA γAB ω1iA ]             (3) 
 
Estimation of equilibria: ω1iA 
Given the estimations for the states obtained above, the equilibria can be analysed. For 
example, from the differential equation 

 𝑑𝑑ω1𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η s  piA(t) (1 - ω1iA(t)) - ζ ω1iA(t) 

and (2) above it follows that an equilibrium for ω1iA has to satisfy 
η s  piA (1 - ω1iA) = ζ ω1iA 
η s  µAB s [ ω1iA  + αB γBA ω1iB ] (1 - ω1iA) = ζ ω1iA 

In particular, for the symmetric case where the two agents have exactly the same 
parameter values, this can be simplified further, assuming ω1iB = ω1iA ≠ 0, and µAB = µBA 
αB = αA, γAB= γBA: 
 

η s  µAB s [ ω1iA  + αB γBA ω1iA ] (1 - ω1iA) = ζ ω1iA 
η s  µAB s [ 1  + αB γBA] (1 - ω1iA) = ζ  
 1 - ω1iA = ζ / η s  µAB s [ 1  + αB γBA] 
ω1iA = 1 - ζ / η s  µAB s [ 1  + αB γBA] 
ω1iA = 1 -  (ζ / η )  [ 1 - αA αB γABγBA] /αA s2 [ 1  + αB γBA] 
ω1iA = 1 -  (ζ / η )  [ 1 - αA2  γBA2] /αA s2 [ 1  + αA γBA] 
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ω1iA = 1 -  (ζ / η )  [ 1 - αA  γBA] /αA s2  
ω1iA = 1 -  (ζ / η )  [ (1/αA) -  γBA] /s2  
ω1iA = 1 -  (ζ / η )  [ (1/σ2 ) - σ1 ω2iA [ω3iA  + λi εA ] -  γBA] /s2  

 

When values for the parameters and for ω2iA and ω2iA are given, this can be used to find 
an estimation for the equilibrium value for ω1iA. Note that in general this will be close to 
but just below 1, for example, between 1 – (ζ / η)  and 1. Furthermore, notice that this 
value is higher when the contagion strength γBA is higher. For example, this can be found 
by differentiating the above expression to γBA: 

 
𝜕𝜕ω1iA 

𝜕𝜕γBA
 =  ζ /η s2  

 
This shows that the equilibrium value proportionally increases with γBA. This can also be 
found in a more global manner: when γBA = 0, then 
 

ω1iA = 1 -  (ζ / η )  [(1/σ2 )  - σ1 ω2iA [ω3iA  + λi εA ]] /s2        
 

which is lower than the general expression above by 
 

 (ζ / η) γBA /s2     
and this is proportional to γBA. 
 
Estimation of equilibria: ω2iA 
For this case from the differential equation 
 

𝑑𝑑ω2𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η fiA(t)   piA(t) (1 - ω2iA(t)) - ζ ω2iA(t) 

 
it follows that an equilibrium for ω2iA has to satisfy 
 

η fiA   piA (1 - ω2iA)  = ζ ω2iA 
 
Using the estimations (1) and (2) for the states obtained above, this can be rewritten as: 
 

η σ1 [ω3iA  + λi εA ] piA    piA (1 - ω2iA)  = ζ ω2iA 
η σ1 [ω3iA  + λi εA ] µAB2 s2 [ ω1iA  + αB γBA ω1iB ]2 (1 - ω2iA)  = ζ ω2iA 

 
For the case that γBA = 0, this expression is: 
 

η σ1 [ω3iA  + λi εA ] αA2 s2 ω1iA2 (1 - ω2iA)  = ζ ω2iA 
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Again, for the symmetric case where the two agents have exactly the same parameter 
values, this can be simplified further, assuming ω1iB = ω1iA ≠ 0, and µAB = µBA αB = αA, γAB= 
γBA: 
 

η σ1 [ω3iA  + λi εA ] [µAB2 s2 [ ω1iA  + αB γBA ω1iA ]2 (1 - ω2iA)  = ζ ω2iA 
 
Also this expression can be differentiated to γBA to find out how the equilibrium value 
for ω2iA depends on γBA, but this is a bit more complex than in the previous case, as also 
αB and µAB depend on γBA. 
 
The learning speed ratio for ω1iA 
This case focuses on the learning speed of the connection ω1i from the sensory 
representation state srs(w) to the preparation state prep_state(bi). The point of departure is 
the differential equation for the Hebbian learning, which expresses how the learning 
speed depends on activation levels and connection strength: 
 

 
𝑑𝑑ω1𝑖𝑖𝑖𝑖(𝑡𝑡)

𝑑𝑑𝑡𝑡
  = η s  piA(t) (1 - ω1iA(t)) - ζ ω1iA(t) 

 

Here s = srs(w)(t)  which is assumed constant s (e.g., 1), and piA(t) can be esimated by the 
expression (2) found above; this can be filled in the differential equation, thus obtaining 
 

𝑑𝑑ω1𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η  µAB s2  [ ω1iA(t)  + αB γBA ω1iB(t) ] (1 - ω1iA(t)) - ζ ω1iA(t) 
 

Note that the single agent case (without contagion) is obtained from this by putting  γBA 
= 0, in which case µAB = αA: 
 

𝑑𝑑ω1𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η  αA s2 ω1iA(t)  (1 - ω1iA(t)) - ζ ω1iA(t) 
 

Now the estimated comparison of the learning speed between multi-agent and single 
agent case can be made by considering the ratio of the two expressions: 
 

learning speed ratio for ω1iA(t)) = 
η  µAB 𝑠𝑠2  [ ω1iA(𝑡𝑡)   +  αB γBA ω1iB(𝑡𝑡) ] (1 −  ω1iA(𝑡𝑡))  −  ζ ω1iA(𝑡𝑡)

η  αA 𝑠𝑠2 ω1iA(𝑡𝑡)  (1 −  ω1iA(𝑡𝑡))  −  ζ ω1iA(𝑡𝑡)
 

 

In a slightly different form (dividing by ω1iA(𝑡𝑡) ) this can be written as: 
 

learning speed ratio for ω1iA(t)) = 

η  µAB 𝑠𝑠2  [ 1  +  αB γBA (ω1iB(𝑡𝑡)
ω1iA(𝑡𝑡)) ] (1 −  ω1iA(𝑡𝑡))  −  ζ 

η  αA 𝑠𝑠2 (1 −  ω1iA(𝑡𝑡))  −  ζ 
 

 

Note that from this it can be seen that the higher the ratio ω1iB(t) /ω1iA(t), the higher the 
learning speed ratio for agent A. Some values for the learning speeds for given values of 
parameters and of ω1iA(𝑡𝑡 ) and the ratio for agent A are listed in Table 1 (for s = 1). Note 
that for the ratio the learning speeds for the single agent and multi-agent (contagion) 
case are considered assuming the same values for the connection strengths. In an 
ongoing process, this can occur in an initial phase as illustrated in Section 6, but as one 
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of them changes with a higher speed than the other one, after this initial phase different 
values for the connection strengths will occur. 
 
Table 1. Estimated learning speeds for ω1iA for a number of parameter settings and values for ω1iA 

 
parameter values speed   speed  ratio 

η σ1 σ2 λi εi ω2i ω3i αΑ αΒ γΒΑ γΑΒ µΑΒ ζ ω1iΑ ω1iΒ multi single  
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.1 0.1 0.0084 0.0024 3.53 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.5 0.5 0.0231 0.0063 3.66 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.9 0.9 0.0072 0.0012 6.09 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.1 0.5 0.0226 0.0024 9.47 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.1 0.9 0.0368 0.0024 15.41 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.5 0.9 0.0309 0.0063 4.92 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 1 1 1.40 0.0015 0.9 0.1 0.0041 0.0012 3.44 
0.04 0.6 0.4 0.8 1 1 1 0.704 0.704 0.5 0.5 0.80 0.0015 0.5 0.5 0.0101 0.0063 1.61 

 
It turns out that when the learned connection strengths ω1iA(t) and ω1iB(t) are equal in 
both agents, then under full contagion (γAB = γBA = 1) the learning with contagion is 
estimated to be about 3 to 6 times faster than without contagion. Moreover, the ratio can 
be still higher (up to a factor 15 or more) for agent A when the learned connection 
strength ω1iB(t) for agent B is higher than the ω1iA(t) for agent A. When no full contagion 
takes place (e.g., γAB = γBA = 0.5), then the learning speed ratio is estimated 
proportionally lower. 

Neglecting extinction (assuming small ζ), by putting ζ=0 the expression for learning 
speed can be simplified to: 
 

𝑑𝑑ω1𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η  µAB s2  [ ω1iA(t)  + αB γBA ω1iB(t) ] (1 - ω1iA(t))  
 

In this case the learning speed ratio can be simplified: 
 

learning speed ratio for ω1iA(t)) without extinction =  
η  µAB 𝑠𝑠2  [ 1  +  αB γBA (ω1iB(𝑡𝑡)

ω1iA(𝑡𝑡)) ] (1 −  ω1iA(𝑡𝑡))  

η  αA 𝑠𝑠2 (1 −  ω1iA(𝑡𝑡))  
 

 

=  (µAB
αA

 ) [ 1  +  αB γBA (
ω1iB(𝑡𝑡)
ω1iA(𝑡𝑡)) ] 

=  1
1 −  αA αB γABγBA

  [ 1  +  αB γBA (
ω1iB(𝑡𝑡)
ω1iA(𝑡𝑡)) ] 

 

From this it can easily be seen that the estimated speed ratio is higher when γBA  is 
higher, or when ω1iB(t) /ω1iA(t)  is higher, and is 1 when γBA  = 0 . For relatively small γBA  a 
first order approximation can be made which shows how the speed ratio linearly 
depends on the incoming contagion factor γBA  with coefficient αB [αA γAB  + ω1iB (𝑡𝑡)

ω1iA (𝑡𝑡)
) ]  as 

follows: 
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learning speed ratio for ω1iA(t)) without extinction = 

= [ 1 + αB γBA 
ω1iB (𝑡𝑡)
ω1iA (𝑡𝑡)

]  [ 1 + αA αB γABγBA]   

= 1 + αB  [ αA γAB  + 
ω1iB (𝑡𝑡)
ω1iA (𝑡𝑡)

) ]  γBA 

 

The learning speed ratio for ω2iA 

This case focuses on the connection ω2iA from the feeling state fiA to the preparation state 
piA. From the differential equation 

𝑑𝑑ω2𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η fiA(t)   piA(t) (1 - ω2iA(t)) - ζ ω2iA(t) 
 

an estimation of the learning speed can be obtained by filling the earlier found 
expressions (1) and (2) for fiA and piA: 
 

𝑑𝑑ω2𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η fiA(t)   piA(t) (1 - ω2iA(t)) - ζ ω2iA(t)  

    = η σ1 [ω3iA  + λi εA ] [µAB s [ ω1iA + αB γBA ω1iB ]]2 (1 - ω2iA(t)) - ζ ω2iA(t) 
 

Note that the single agent case (without contagion) is obtained from this by putting  γBA 
= 0, in which case µAB = αA: 
 

𝑑𝑑ω1𝑖𝑖𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑡𝑡

  = η σ1 [ω3iA  + λi εA ] [αA s  ω1iA ]2 (1 - ω2iA(t)) - ζ ω2iA(t) 
 

 
Now the estimated comparison of the learning speed between the multi-agent and single 
agent case can be made by considering the ratio of the two expressions: 
 

learning speed ratio for ω2iA(t))  = 
η σ1 [ω3iA  +  λi εA ] [µAB 𝑠𝑠 [ ω1iA +  αB γBA ω1iB ]]2 (1 −  ω2iA(𝑡𝑡))  −  ζ ω2iA(𝑡𝑡)

η σ1 [ω3iA  +  λi εA ] [αA 𝑠𝑠  ω1iA ]2 (1 −  ω2iA(𝑡𝑡)) −  ζ ω2iA(𝑡𝑡)
 

 
For a number of parameter settings the values of this ratio are shown in Table 2 (for s = 
1). 
 

Table 2. Estimated learning speeds for ω2iA for a number of parameter settings 
 

parameter values speed   speed  ratio 
η σ1 σ2 λi εi ω1i ω3i αΑ αΒ γΒΑ γΑΒ µΑΒ ζ ω2iΑ ω2iΒ multi single  

0.04 0.6 0.4 0.8 1 1 1 0.418 0.418 1 1 0.51 0.0015 0.1 0.1 0.0199 0.0066 3.00 
0.04 0.6 0.4 0.8 1 1 1 0.510 0.510 1 1 0.69 0.0015 0.5 0.5 0.0227 0.0049 4.66 
0.04 0.6 0.4 0.8 1 1 1 0.654 0.654 1 1 1.14 0.0015 0.9 0.9 0.0141 0.0005 28.28 
0.04 0.6 0.4 0.8 1 1 1 0.418 0.510 1 1 0.53 0.0015 0.1 0.5 0.0219 0.0066 3.30 
0.04 0.6 0.4 0.8 1 1 1 0.418 0.654 1 1 0.58 0.0015 0.1 0.9 0.0257 0.0066 3.87 
0.04 0.6 0.4 0.8 1 1 1 0.510 0.654 1 1 0.77 0.0015 0.5 0.9 0.0282 0.0049 5.78 
0.04 0.6 0.4 0.8 1 1 1 0.654 0.418 1 1 0.90 0.0015 0.9 0.1 0.0082 0.0005 16.49 
0.04 0.6 0.4 0.8 1 1 1 0.510 0.510 0.5 0.5 0.55 0.0015 0.5 0.5 0.0094 0.0049 1.93 

 
For this case it turns out that when the learned connection strengths ω2iA(t) and ω2iB(t) are 
equal in both agents, then under full contagion (γAB = γBA = 1) the learning with 
contagion is estimated to be more than 3 times faster than without contagion. When no 
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full contagion takes place (e.g., γAB = γBA = 0.5), then the learning speed ratio is estimated 
proportionally lower.  

Neglecting extinction (assuming small ζ), the expression for learning speed can be 
simplified; in this case the learning speed ratio can be simplified by putting ζ=0: 
 

learning speed ratio for ω2iA(t)) without extinction =  
 [µAB  [ ω1iA +  αB γBA ω1iB ]]2  

[αA ω1iA ]2 
 

= (µAB /αA)2 [ 1 +  αB γBA(
ω1iB
ω1iA) ]2 

= ( 1
1 −  αA αB γABγBA

)2 [ 1 +  αB γBA(
ω1iB
ω1iA) ]2 

Note that this expression directly relates (as a square) to the expression for the learning 
speed ratio without extinction for ω1iA

 
 

Fig. 22. Change of ω2iA during scenario 1 (without contagion) and 2 (with contagion) 

(t) above. 

6  Analysis Based on Simulation Results 

As an additional test for the difference in learning speed for the cases with and without 
contagion, and of the correctness of the mathematical analysis presented above, the 
current section conducts an analysis based on the simulation results shown in Section 4. 
In particular, the focus is on the estimated learning speed of ω2iA, and on the ratio 
between the ω2iA for the case with and without contagion. 
 

In Figure 22, the behaviour of ω2iA is shown for scenario 1 (depicted in Fig. 4 and 5) 
and scenario 2 (depicted in Fig. 6 and 7)1

                                                                 
1 As in Section 5, the focus is on the highest option. Therefore, ω2iA  should be read as ω21A  here. 

. Recall from Section 4 that the parameter 
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settings of these two scenarios are identical, except for the fact that no contagion (γAB = 
γBA = 0) takes place in scenario 1 and full contagion (γAB = γBA = 1) takes place in 
scenario 2. As can be observed in Fig. 22, one of the effects of the full contagion is that 
(after the first 30 time points, in which the model needs to settle) the learning speed of 
that scenario is immediately much higher than that of the scenario without contagion (as 
seen from the steeper curve in the most relevant time period between time points 30 and 
80). After time point 80, the learning speed cannot increase much for the scenario with 
contagion (since it is already close to 1), whereas for the scenario without contagion it 
gradually increases during the periods when the stimulus w is 1. 

This learning speed of ω2iA is visualised explicitly in Figure 23 (for scenario 1) and 
24 (for scenario 2), by means of the red lines. In addition, the blue lines show how 
closely these curves are approximated by the approximation presented at the end of 
Section 5. In order to generate these estimations, σ2 was set to 0.45 for scenario 1, and 
to 0.35 for scenario 2. For both scenarios, σ1 was set to 0.6. As shown in the figures, the 
approximation of the speed factor is generally quite accurate for both cases (with 
average errors of 0.00126 and 0.00134, respectively), except for the fact that the 
transitions between the periods with and without stimulus are more abrupt. 
 

 
 

Fig. 23. Change of speed factor of ω2iA during scenario 1 (without contagion)  
 

 
 

Fig. 24. Change of speed factor of ω2iA during scenario 2 (with contagion) 
 

Finally, also the ratio between the speed factors of ω2iA without and with contagion 
was calculated using the approach presented in Section 5. Some (partial) results of this 
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are shown in Figure 25. Note that this figure only shows a fragment of the scenario 
which lasts from time point 30 to 100. The reason for this is that after this period, there 
are a number of instances where the speed factor without contagion becomes 0, which 
leads to unreliable results (because of division by 0). Nevertheless, Figure 25 clearly 
shows that the estimated ratio between the speed factors comes close (but again, with 
more abrupt transitions) to the actual ratio for these scenarios (average error 0.257). 
This provides additional evidence that the approximations of the ratio between learning 
speed with and without contagion (as presented at the end of Section 5) are accurate. So, 
both the approximation from Section 5 and the analysis of simulation results here show 
that in the most relevant time period the ratio between learning speed with contagion 
and without contagion is from about 1.7 to about 1.2. This shows the amplifying effect 
of the contagion. 
 

 
 

Fig. 25. Ratio between speed factors of ω2iA in scenario 1 (without) and 2 (with contagion) 

7  Evaluating the Models on Rationality 

In the simulation experiments it was shown that the agent model behaves rationally in 
different scenarios. The results of these scenarios were assessed with respect to the 
extent of their rationality only in a rather informal manner. In the current section the 
rationality is determined more formally by two methods developed earlier: by one 
rationality measure based on a discrete scale and another one based on a continuous 
scale.  

 

Method 1 (Discrete Rationality Measure) 
The first method presented is based on the following point of departure: an agent which 
has the same respective order of effector state activation levels for the different options 
compared to the order of world characteristics λi will be considered highly rational. 
More specifically, the following formula is used to determine the irrationality factor IF.  
 

𝐼𝐼𝐼𝐼 = � |𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑒𝑒𝑠𝑠𝑖𝑖) − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝜆𝜆𝑖𝑖)|
𝑟𝑟

𝑖𝑖=1
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where n is the number of options available. To calculate the discrete rationality factor 
DRF, the maximum possible irrationality factor MaxIF can be determined as follows. 
 

MaxIF  =  𝑟𝑟(𝑟𝑟+1)
2

 −  𝑐𝑐𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑟𝑟𝑐𝑐(𝑟𝑟
2

) 
 

Here ceiling(x) is the first integer higher than x. Note that MaxIF  is approximately ½n2. 
As a higher IF means lower rationality, the discrete rationality factor DRF is calculated 
as: 
 

DRF  = 1 - 𝐼𝐼𝐼𝐼
𝑀𝑀𝑟𝑟𝑀𝑀𝐼𝐼𝐼𝐼

 
 

Method 2 (Continuous Rationality Measure)  
The second method presented is based on the following point of departure: an agent 
which receives high benefit will be a highly rational agent. In this method to calculate 
the continuous rationality factor CRF, to account for the effort spent in performing 
actions, the effector state values ESi  are normalised as follows. 
 

nESi = 𝐸𝐸𝐸𝐸𝑖𝑖
∑ 𝐸𝐸𝐸𝐸𝑖𝑖
𝑟𝑟
𝑖𝑖=1

 
 

with n is the number of options available. Based on this, the continuous rationality 
factor CRF Is determined as follows, with Max(λi) the maximal value of the different λi. 
 

CRF  =  ∑ 𝑟𝑟𝐸𝐸𝐸𝐸𝑖𝑖  𝜆𝜆𝑖𝑖
𝑟𝑟
𝑖𝑖=1
𝑀𝑀𝑟𝑟𝑀𝑀 (𝜆𝜆𝑖𝑖)

 
 

This method enables to measure to which extent the agent is behaving rationally in a 
continuous manner. 

A number of simulations were carried out to study the rationality for the different 
scenarios: with contagion and without contagion. Due to space limitation only the 
results for scenario 5 is given here. Fig. 26 and Fig 27 present the results for agent A, 
for both measures of rationality.  

 
Fig. 26. A’s rationality over time: no contagion      Fig. 27. A’s rationality over time: contagion 

Fig. 28 and Fig. 29 show the results for agent B. It is clear from the given results that 
even though there is no significance improvement of the rationality over time for agent 
A due to contagion, for agent B rationality improved significantly due to contagion. 
Thus one can say that consensus is developed with improved rationality in collective 
decision making (see Fig. 28 and Fig. 29). 
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Fig. 28. B’s rationality over time: no contagion       Fig. 29. B’s rationality over time: contagion 

8  Discussion 

The presented adaptive collective decision model is based on interacting adaptive 
agents that learn from their experiences by a Hebbian learning mechanism (cf. 
[10], [12]). Within each agent, the decision making process makes use of 
  

• emotion-related valuing of decision options by internal simulation 
• social contagion processes 
 

The internal simulations are based on predictive loops through feeling states, 
inspired by literature on the neurological basis of valuing; e.g., [1], [6], [8], [16], 
[18], [20], [22], [23].  

The resulting collective decision making process was analysed on learning 
speed, and on rationality of the collective decisions after a major world change. 
This was done by by a mathematical analysis providing approximated learning 
speeds, and based on analysis of simulation results. By both types of analysis it 
was shown how the contagion amplifies the learning speed, and therefore 
strengthens the rationality of the decision making, in particular after changes of the 
world characteristics. 
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1 Introduction 

This is the last chapter of the dissertation which summarizes what exactly has been 
achieved during the work carried out covering the different dimensions introduced in 
Chapter 1. It also presents some options for future work in relation to the work done. 
This chapter is structured according to three main sections: Section 2 describes the 
contributions of the research in different chapters, Section 3 is a general discussion 
about the focus of this dissertation, and in Section 4 future extensions and applications 
of the work are presented.  

2 Contributions of the Different Chapters 

This dissertation is structured according to five parts. Part I is an introduction and part 
V covers discussion and future work. Each of these two parts contains one chapter, 
whereas part II, part III and part IV consist of three chapters each. Research question 1, 
i.e., “How to develop computational human agent models for humans and their 
environment, based on scientific knowledge about processes of humans and their 
environment? How to incorporate adaptivity in these human agent models?” is 
addressed in almost all chapters for different domains. Chapters 8, 9 and 10 answer 
research question 2, i.e., “How can human context-aware rational behavior be 
achieved in adaptive human agent models incorporating human emotions?”, and 
Chapters 3, 6 and 7 deal with research question 3 (in addition to research question 1), 
i.e., “How can these human agent models be used in adaptive ambient agent models 
to support humans?”. 

In part II of the dissertation, adaptivity in human agent models is discussed. 
Some background of this work is discussed in Section 3.3 and partly in Section 3.4. 
First, Chapter 2 presents a neurologically inspired human-like agent model addressing 
attribution of actions to agents, thereby also showing situations where self-generated 
actions are attributed to other agents. The model is adaptive and Hebbian learning is 
used to develop the exploited inverse mirroring. This chapter provides an answer to the 
first research question by developing an adaptive human agent model from a 
neurological perspective. Next, in Chapter 3, a formally defined ambient agent model 
was introduced that integrates a dynamical model for cognitive and affective aspects of 
desiring, based on neurological theories. The dynamical model is adaptive in the sense 
that, within these loops, the connection strengths from feelings to preparations are 
adapted over time by Hebbian learning. In this way it addresses the first research 
question. Moreover, the dynamical model can also be used to cover humans for whom 
satisfaction for an action is not in proportion with the fulfillment of the desire, as 
occurs, for example, in certain cases of earlier addictive experiences which provide 
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temptations for the future. In this case, action choice may become biased by such 
temptations, and this is where an ambient agent can play a supporting role, which 
provides an answer to third research question. Finally, Chapter 4 analyses and compares 
three learning models for the induction strength of an emotional response on a stimulus, 
i.e., Hebbian learning, temporal discounting and memory traces. This addresses the first 
research question. 

In part III of this dissertation, adaptivity in integrative model-based ambient 
agent models is discussed. This part is related to the work discussed in Section 3.1 and 
3.3. Chapter 5 answers the first research question by presenting an agent model that can 
perform model-based reasoning about the environment in an adaptive manner, based on 
a numerical (dynamical system) model of the environment, and by adjusting the 
parameter values in this environment model that represent believed environmental 
characteristics. Next, in Chapter 6 a software environment implemented in Adobe Flex 
is presented providing adaptive human-aware ambient support for a human performing 
a task that demands substantial amounts of attention. The agent uses a built-in 
adaptation model to adapt on the fly the values of the parameters representing 
characteristics of the human to the real personal characteristics of the human. It includes 
an adaptive model for human behaviour and provides support in critical attention 
demanding tasks to maintain focus in the right direction, thus answers the first and third 
research question. In Chapter 7 a decision support system model is described to advise 
nature park managers. The system uses an ecological model of the temporal dynamics 
of an ecological system, thereby taking into account interspecies interactions such as 
competition, parasitism and symbiosis, and abiotic factors. Applying model-based 
reasoning and dynamical systems methods to this ecological model, decision options on 
abiotic conditions are determined in order to obtain desired combinations of species. So 
like Chapter 5 it also address the first and third research question. 

In part IV mechanisms to measure rationality of decisions are introduced and 
based on these an analysis of the approaches used for adaptive decision making 
throughout this dissertation is performed. The introduced measures for rationality reflect 
the environment’s behavior, and assess to what extent the agent makes decisions that 
are the best for the given environmental characteristics. This section is dedicated to the 
second research question in quite some detail, along with the first research question. 
Section 3.4 presents some background knowledge about this part. Chapter 8 of this part 
presents an analysis from the perspective of rationality of an adaptive decision model 
based on predictive loops through feeling states. Four different variations of Hebbian 
learning are considered for different types of connections in the decision model. Chapter 
9 is an extension of the previous chapter. In this chapter three adaptive agent models 
incorporating triggered emotional responses are explored and evaluated on their 
rationality: temporal discounting, memory traces and Hebbian learning with mutual 
inhibition. Finally Chapter 10 explores how adaptive collective decision making can be 
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evaluated with respect to the learning speed and rationality of the decisions. A 
collective decision model is presented based on interacting adaptive agents that learn 
from their experiences by a Hebbian learning mechanism. The decision making process 
makes use of emotion-related valuing of decision options on the one hand based on 
predictive loops through feeling states, and on the other hand based on contagion 
between agents. 
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2 ─ √ √ ─ √ ─ ─ 1 

3 ─ √ √ ─ √ √ ─ 1,3 

4 ─ √ √ ─ √ √ ─ 1 

5 √ ─ √ √ ─ ─ ─ 1 

6 ─ √ √ √ ─ ─ ─ 1,3 

7 √ ─ √ √ ─ ─ ─ 1,3 

8 ─ √ ─ ─ √ √ √ 1,2 

9 ─ √ ─ ─ √ √ √ 1,2 

10 ─ √ ─ ─ √ √ √ 1,2 

 
As a summary in Table 1 it is shown, which chapter contributes what. The 

different chapters of the thesis are given row-wise and their main contributions are 
represented column-wise. A “√” indicates that a certain dimension is addressed within 
the chapter and “─” means it is not covered. The next section is the discussion about the 
work presented in this dissertation. 
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3 General Discussion 

Keeping the main theme of this dissertation in focus, the three core ingredients of the 
title, Adaptivity, Emotions and Rationality, were addressed on the basis of well 
recognized theories available in different disciplines, such as biology, neurology, 
psychology, and sociology. In some cases these theories were first converted into 
computational models which were then used to simulate different scenarios, and in other 
cases already available computational models were extended by making them adaptive, 
adding emotional factors or introducing rationality measures for them. In this 
dissertation the focus was on humans’ urge to make the environment more and more 
suitable, comfortable and useful for himself; see Chapter 1, Fig. 1. 

3.1 Adaptivity in Environmental Modeling 

As a point of departure, environmental dynamics was addressed. The main focus of this 
work, as presented in this dissertation, was to propose an agent model that maintains a 
model of the environmental dynamics, based on a numerical dynamical system. 
Moreover, it does so in an adaptive manner by adjusting the parameter values in the 
environment model that represent believed environmental characteristics, thus adapting 
these beliefs to the real characteristics of the environment. The described agent model 
can be used for any agent with an environment (local and/or global) that can be 
described in a continuous manner by a dynamical system. In addition to that, as a 
specific application a decision support system model was presented that takes into 
account an ecological model of the temporal dynamics of environmental species and 
inter-species interaction; see also [19, 23, 29, 41, 42]. In this application, a 
computational agent model integrating a model for environmental dynamics was 
introduced, this agent model was made adaptive and the resulting adaptive agent model 
was used as a basis to support decision making of a nature park manager. During the 
last decade, decision support for nature park managers is being addressed more and 
more, often in combination with GIS-systems; see, for example, [41]. Some of the more 
known systems proposed are SELES [18] and EMDS [23, 42]. Both approaches allow 
taking into account spatial aspects, which are not addressed yet in the current model. 
SELES subsumes aspects of cellular automata, discrete event simulation, and Markov 
chains, and is primarily based on stochastic Monte Carlo simulations, with fewer 
possibilities for deterministic models. The difference of the approach presented in this 
dissertation is that it contains both quantitative and qualitative models, which are 
deterministic. Moreover, most of the qualitative models in the literature are 
implemented within the GRAP system [13] which uses only forward simulation, 
whereas in our system backwards reasoning is also addressed. Furthermore, in contrast 
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to adaptive fuzzy approaches [50] used in designing control systems we used a 
mathematical sensitivity analysis approach. 

3.2 Adaptivity in Cognitive Modeling 

Much work described in the dissertation covers the cognitive aspects of the human by 
developing cognitive models, making them adaptive and providing support for humans 
using these models. To function in a knowledgeable manner, ambient or pervasive 
support systems (e.g., [2, 1, 44]) need to perform some form of mindreading (e.g., [12, 
21, 25]) to obtain a model of the human(s) they are supporting. One of the applications 
addressed involves a developed software environment focusing on mindreading 
concerning a human’s attention states (e.g., [11, 32, 37, 39, 48]). This application makes 
use of information acquired by measuring (via sensors) the gaze and features of the 
relevant objects in the environment, and a dynamical model based on differential 
equations integrating all this information. For the attention estimation, the software 
environment adopts the model described in [11], which was also used in [9] and [10]. In 
contrast to [9] and [10], in the approach presented here the selection of intervention 
actions is based on numerical approximation methods using sensitivity factors; these 
numerical methods are different from (and more generally applicable than) the 
analytical approach used in [9] and [10], where within the action generation process no 
differential equation format for (partial) persistency of attention levels is incorporated 
and no dynamic comparison between action options is made. Sometimes personal 
characteristics of a human can be determined at forehand by means of questionnaires 
and/or interviews. However, such methods do not guarantee appropriate outcomes, as 
what a person says he or she does is not always the same as what a person actually does. 
Therefore the option to estimate such parameters (e.g., [38, 45]) is a better direction to 
explore. If such parameter estimation is performed by the agent at runtime, this results 
in an adaptive agent that over times gets more accurate beliefs on the characteristics of 
the human. The software agent with a capability to adapt to personal human 
characteristics as presented here may be the basis for applications in Ambient 
Intelligence or Pervasive Computing (e.g., [1, 2, 7]), where it is assumed that computing 
takes place in the background without addressing the human by an explicit interaction. 
The work on attention-reading is related to the concept of situation awareness, which 
has been defined in [17] as the perception of elements in the environment within a 
volume of time and space, the comprehension of their meaning, and the projection of 
their status in the near future. The study in [43] assessed the utility of measures of 
situation awareness and attention allocation for quantifying telepresence, in a 
teleoperation task scenario, where the participants were asked to perform a simulated 
ordnance disposal task, but the approach taken in this study is also non-adaptive. The 
study on situation awareness in the context of driving [27] discusses some 
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psychological theories of the components of attention and situation awareness applied to 
driving. The study analyses and compares various models of attention allocation and 
attention capture. It distinguishes between two modes of vision: focal vision and 
ambient vision. All of the models studied in [27] are inherently non-adaptive, which 
distinguishes the work reported in this dissertation from this existing work. 

3.3 Adaptivity in Neural Modeling 

Some of the models explored in this dissertation formally address an ambient agent 
model which integrates a dynamic model for desiring, based on neurological theories 
(informally described in the literature). The integrated dynamic model describes more 
specifically how a desire induces (as a response) a set of preparations for a number of 
possible actions, involving certain body states, which each affect sensory 
representations of the body states involved and thus provide associated feelings. On 
their turn these feelings affect the preparations, for example, by amplifying them. In this 
way an agent model is obtained which integrates both cognitive and affective aspects of 
desiring. For the interaction between feeling and preparation of responses, a converging 
recursive body loop is included in the dynamical model, based on elements taken from 
[8, 14, 15]. Both the strength of the preparation and of the feeling emerge as a result of 
the dynamic pattern generated by this loop. The dynamical model is adaptive in the 
sense that within these loops the connection strengths from feelings to preparations are 
adapted over time by Hebbian learning (cf. [6, 24, 28]). By this adaptation mechanism, 
in principle a person achieves that the most effective action to fulfill a desire is chosen. 
However, the dynamical model can also be used to cover humans for whom satisfaction 
for an action is not in proportion with the fulfillment of the desire, as occurs, for 
example, in certain cases of earlier addictive experiences which provide temptations in 
future situations. In this case, action choice may become biased by such temptations, 
and this is where an ambient agent can play a supporting role.  

Another neurologically inspired human-like agent model was explored which 
incorporates two mechanisms that play an important role in attributing actions to agents. 
In the first place it exploits prior and retrospective ownership states for an action based 
on principles from recent neurological theories; this was adopted from [47]. A prior 
ownership state is affected by valuations of predictions of the effects of a prepared 
action, and exerts control by strengthening or suppressing actual execution of the action. 
A retrospective ownership state depends on whether the sensed consequences of action 
execution co-occur with the predicted consequences. In the second place, the agent 
model incorporates an adaptive inverse mirroring mechanism (adopted from [46]) to 
generate mental images of an agent to whom an action is attributed. It is shown how 
poor action effect prediction capabilities can lead to reduced retrospective ownership 
states for the self but higher retrospective ownership states for a (fictitious) other agent, 
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for whom also a mental image is generated, as happens in persons suffering from 
Schizophrenia. This human-like agent model uses such a mechanism, based on inverse 
mirroring, as introduced in [46]. Moreover, this mechanism can develop based on 
Hebbian learning [6, 24, 28].  

Another influential approach when it comes to neural modeling is the use of 
neural networks. Artificial neural network (ANN) systems are widely used nowadays in 
different domains like game-playing (e.g. backgammon, chess, racing), decision making 
and pattern recognition (e.g. radar systems, face identification, object recognition, etc.) 
[30, 34]. However, these network architectures are not meant to fulfill a criterion of 
biological plausibility. In the work on human-like agent models reported in this thesis, 
to model neurologically inspired causal relations, abstraction of neurological states to 
mental states was used. To achieve this, the modeling approaches exploit techniques 
also used in continuous-time recurrent neural networks, in line with what is proposed in 
[5], adopting elements from [30, 31]. The focus of this dissertation is limited to the 
modeling of more biologically plausible human behavior. Therefore artificial neural 
networks are left outside the scope of this thesis. 

3.4 Emotion and Rationality 

As emotion plays an important role in valuing action options before deciding, a number 
of learning models for the induction strength of an emotional response on a stimulus 
were analyzed and compared. The introduced models on the one hand describe more 
specifically how a stimulus generates an emotional response that is felt, and on the other 
hand how the induction strength of the experienced emotional response is adapted over 
time. For feeling the emotion, a converging recursive body loop was used, based on 
elements taken from [8, 14, 15]. One of the adaptation models was based on a Hebbian 
learning rule cf. [6, 24, 28, 49]. Another one was based on temporal discounting, and 
the third one was based on memory traces. 

Given the important role emotions play in adaptive decision processes, a 
natural question is to what extent such emotion-related forms of adaptation are really 
adapting to the environmental characteristics in a rational manner. Therefore, in the last 
part of this dissertation, the focus is on how the extent of rationality of an adaptive 
decision model can be analyzed. In particular, this was explored for variants of a 
decision model based on valuing of predictions involving feeling states generated in the 
amygdala; e.g., [3, 4, 15, 16, 35, 36, 40]. The adaptation was based on using four 
different variations of Hebbian learning; cf. [24, 28]. To assess the extent of rationality 
with respect to given world characteristics, two rationality measures were introduced, 
and using these measures, the extents of rationality of the different models over time 
were analyzed. It was shown how by the learning processes indeed a high level of 
rationality was obtained. Moreover, it was found that this adaptation is flexible: after a 
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major world change, after some time delay this rationality level is re-obtained. It turned 
out that emotion-related valuing of predictions in the amygdala as a basis for adaptive 
decision making according to Hebbian learning satisfies reasonable rationality 
measures. This experiment was also extended to two other learning approaches 
(temporal discounting and memory traces), and to the case of collective decision 
making. More specifically, an adaptive collective decision model was explored based on 
interacting adaptive agents that learn from their experiences by a Hebbian learning 
mechanism (cf. [24, 28]). Within each agent, the decision making process makes use of 
1) emotion-related valuing of decision options by internal simulation, and 2) social 
contagion processes. The resulting collective decision making process was analyzed on 
learning speed, and on rationality of the collective decisions after a major world change. 
It was shown how the contagion amplifies the learning speed, and the rationality of the 
decision making. As far as we know, there is no literature available which addresses the 
positive relation between the two concepts emotion and rationality in a computational 
manner. Many computational models exist for emotions of a human, but these models 
are not analyzed w.r.t. how the emotions contribute to rationality. In this dissertation 
these two concepts combine in a positive sense, and the considered emotions provide a 
crucial contribution to rationality of an agent. 

4 Future Work 

A main objective of the work reported in this dissertation was to determine ways in 
which human-like agent models can be developed by exploiting theories present in 
different domains. For this purpose a variety of approaches to design ambient agents 
equipped with the awareness of a human’s cognitive and affective states were explored. 
As mentioned earlier, these human–aware ambient agents may be used to support 
humans in their decision making in different domains. Moreover, some environmental 
models are also covered in this work. The models designed and analyzed in this 
dissertation indeed show that ambient agents can be made aware of the various 
characteristics of humans, for example, beliefs, desires, intentions, interactions between 
mental states (in particular, between beliefs and emotions, between beliefs and desires, 
and between desires and emotions), attention, and emotion contagion in groups. Besides 
the elements discussed above, a number of human characteristics have not been 
addressed in this thesis, such as reflective reasoning, self-consciousness, deception, 
cooperation, false-belief [22], and situation-awareness. To formalize these concepts and 
incorporate them into ambient agents to make them human-aware in a true sense, there 
is still more work left to do. 

A main direction for future research is the development of more dedicated 
software tools to construct, analyze and implement the models proposed in this thesis. 
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Tools to build ambient agents will facilitate the design, implementation and validation 
of the models designed in this thesis. Such tools should be able to guide the engineering 
process, by enabling the specification, and the automatic configuration of ambient 
agents. They may support the verification of the proposed models as well. In the future, 
we plan to develop a software environment to specify an ambient agent model and 
automatically generate an agent system that implements that model. The resulting agent 
system should include the functionality of the specified model and the capabilities to 
facilitate the integration of external agents that will perform functional roles. More 
specific future extensions with respect to each of the chapters are given in the following 
paragraph. 

The human-like agent model presented in Chapter 2 can be used as a basis for 
the design of virtual agents in simulation-based training or in gaming. For example, a 
virtual patient can be developed based on the presented model so that, for example, a 
psychiatrist or psycho-therapist (e.g., during his or her education) can gain insight in the 
processes in certain types of patients, or it can be used by a therapist to analyze how a 
certain form of therapy can have its effect on these processes. Another type of 
application may be to design a system for agent-based virtual stories in which, for 
example, persons with deviations in ownership states play a role (e.g., characters 
suffering from schizophrenia, attributing their own actions to other real or imaginary 
persons). In Chapter 3 we tried to provide support to handle regulation of desires and 
feelings. An interesting extension of the work might be to design an ambient agent for 
“impulse control” mechanisms, to address the problems of patients with brain disorders 
[20, 26, 33]. As an extension of the work on the three adaptive modeling approaches in 
Chapter 4, it can be studied which particular approach is most suitable in which 
application domain. The agent model that maintains a model of the environmental 
dynamics described in Chapter 5 and Chapter 7 may be relevant not only for natural 
physical and biological domains, but also for human-related autonomic environments; 
for example, in logistic, economic, social and medical domains. Such applications of the 
approach may involve both local information and global information of the 
environment. An example of the former is monitoring a human’s gaze over time and 
using a dynamical model to estimate the person’s attention distribution over time, as 
described in [11]. Examples of the latter may concern monitoring and analysis of 
(statistical) population information about (real or virtual) epidemics, gossiping, or 
traffic flows. This allows to combine in an agent both local (e.g., using information on 
individual agents) and global (e.g., using information on groups of agents) perspectives 
on the environment. As an extension of the work presented in Chapter 6, in future 
research more extensive experiments involving more participants can be conducted. 
Future work will address the combination of this model for attention with a model that 
estimates the human’s work pressure and exhaustion and its effect on the attention. The 
last part of the dissertation, which includes Chapter 8, 9 and 10 presents the rationality 
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analysis of different approaches with respect to their adaptation performance. The term 
rationality is quite subjective and it is not easy to develop a generic measure for it. So, 
in the future one might try to define rationality in a more generic manner, in order to 
cover more domains. At least, we can extend our current proposed approach to other 
domains, such that more ambient agent models can be analyzed on rationality.  
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Een systeem dat in staat is om flexibele autonome acties te ondernemen in een 
dynamische, onvoorspelbare en open omgeving wordt aangeduid als een agent.  
Agenttechnologie heeft een grote impact op alle delen van de samenleving. 
Agenttechnologie wordt bijvoorbeeld toegepast binnen het gebied van de ambient 
intelligence, dat vandaag de dag is uitgegroeid tot een van de meest dynamische, 
veeleisende en opwindende domeinen van computationele wetenschappen. Het ambient 
intelligence domein, gericht op ubiquitous computing omgevingen met de focus op het 
verstrekken van onzichtbare ondersteuning van de mens, kan een belangrijke rol spelen 
in toekomstige ontwikkelingen. 
 
Het doel van dit proefschrift is om een bijdrage te leveren aan het ambient intelligence 
domein door ambient agents te ontwikkelen die bewust kunnen worden gemaakt van 
verschillende kenmerken en mentale processen en toestanden van de mens. Met behulp 
van deze kennis kunnen ambient agents mensen op een zeer persoonlijke en specifieke 
manier ondersteunen, bijvoorbeeld om ze te helpen bij het nemen van beslissingen. In 
dit proefschrift worden drie menselijke aspecten behandeld, namelijk adaptiviteit, 
emoties en rationaliteit. Om tot zulke ambient agents te komen, zijn modellen van deze 
menselijke processen ontwikkeld en in ambient agents geïntegreerd. Deze modellen zijn 
gebaseerd op erkende theorieën in verschillende disciplines, zoals biologie, neurologie, 
psychologie en sociologie. Een belangrijk doel van dit proefschrift is het bepalen van 
manieren waarop zulke modellen van menselijke processen kunnen worden ontwikkeld, 
en om maatstaven te ontwikkelen waarmee zij kunnen worden geëvalueerd. Voor dit 
doel is allereerst een verscheidenheid van aanpakken onderzocht om ambient agents te 
ontwerpen die bewust zijn van cognitieve en affectieve menselijke toestanden. De 
modellen die zijn beschreven en geanalyseerd in dit proefschrift laten zien dat ambient 
agents inderdaad bewust kunnen worden gemaakt van verschillende karakteristieken 
van mensen en hun omgeving. In het bijzonder zijn drie niveaus onderzocht: het 
cognitieve niveau, het neurologische niveau, en het niveau van de interactie tussen mens 
en omgeving. Voor het cognitieve niveau is aangetoond hoe overtuigingen, verlangens, 
intenties, emotionele toestanden, en visuele aandacht kunnen worden gemodelleerd. 
Voor het neurologische niveau zijn modellen ontwikkeld voor mirroring, inverse 
mirroring, en verkeerde toekenning van eigen gegenereerde acties (b.v., fysiek of 
verbaal) aan andere agenten. Voor wat betreft de interactie tussen mens en omgeving is 
het ecologische domein aangepakt, hetgeen de achtergrond vormde voor het modelleren 
van een ambient agent die kan redeneren over omgevingsdynamiek. Ten tweede is, om 
maatstaven te introduceren waarmee de ‘menselijkheid’ van de voorgestelde modellen 
kan worden bepaald, een niet triviale vraag aangepakt, namelijk of de agent zich 
rationeel gedraagt in een veranderende omgeving of niet. Voor dit doeleinde zijn in dit 
proefschrift twee maatstaven voor rationaliteit geïntroduceerd, die nuttig blijken om het 
gedrag van het voorgestelde model te evalueren. 
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