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Abstract 

 
We study the emergence of macro-level dynamic 
structures as a result of simple interacting rules 
among agents. Our model is based on some 
specific cellular automata principles and simulates 
spatial behaviors.  It is a dynamic model where 
agents move on a lattice –space or universe- 
searching to minimize a dissatisfaction, or 
objective, function. Agents have psychological 
traits (e.g., attention and  dissatisfaction). A 
simulation program, called P-Space, has been 
developed to implement the model. This paper 
describes the model and illustrates it with some 
examples in social relations and flocking. 

1. Introduction 

It is commonly accepted that nature obeys simple laws and 
that these may lead to the generation of complex structures. 
That is especially evident in self-organized processes. At 
present many researchers think that non-human social 
behaviors emerge from simple interaction rules, and they 
have adopted this principle when analyzing social 
interactions (e.g., Hemelrijk, 1996, 1998). Also, some 
models have been developed to describe and understand 
flocking social behavior (Nishimura & Ikegami, 1998; 
Reynolds, 1987, 1992). But, as far as the human social 
behavior is concerned, its study by social psychologists is 
usually focused on macro-level behaviors, and behavior is 
not analyzed as emerging from micro-level relations. Human 
social behavior is usually classified, but it is rarely explained 
as a consequence of simple interacting rules. Hence, bottom-
up models and mathematical foundations are not frequent 
strategies in the investigation of human social behavior.  

Recently, models to describe and explain cooperation of 
countries, organizations alliances, societies formation and 
cultural phenomena have been proposed (e.g., Axelrod, 
1997; Epstein & Axtell, 1996). Some of those models use 
mainly mathematical optimization techniques in order to find 
minima and maxima for solving social interaction proble ms. 
Other models are clearly founded on an agent-based 
approach, applying cellular automata (CA) for understanding 
social dynamics (Hegselman, 1996; Hegselman & Flache, 
1998). From that point of view, social macro-level effects 

could be explained from micro-level behaviors. However, 
psychological attributes are not dealt with in those models, 
and, as a consequence, they do not seem to be appropriate for 
studying small social groups, where dyadic relations exist.  

Social psychologists have been carrying out 
investigations on face-to-face spatial and social relations in a 
group (Hall, 1966; Little, 1965). The term proxemics was 
introduced to refer to spatial relations among humans. Later 
empirical research has pointed out some factors influencing 
spatial distances and personal space, such as age, gender, 
personality, and cultural differences (Hayduk, 1983). 
Personal space is related to crowding and territoriality, and it 
is also a main field of interest for environmental 
psychologists (Cassidy, 1997). These psychological 
phenomena involve agents’ dyadic interrelations whose 
affinities, feelings or actions are generally interdependent, 
non-transitive and non-symmetrical. That is, when agent i 
wants to be close to both agents j and k, agent j does not 
necessarily want to be close to agent k . Also, when agent i 
wants to be close to agent j, dyadic reciprocity does not 
necessarily exist. When analyzing this kind of social 
relations, two approaches must be differentiated. The first 
consists of physical analyses, which study agents’ spatial 
distances in a physical space. The second refers to 
psychological analysis in a psychological space.  

How do social psychologists usually study social 
relations? For example, a “social relations model” (Kenny, 
1994; Kenny & La Voie, 1984) has been proposed to analyze 
this kind of phenomena. This model divides dyadic relations 
into three components: actor’s effect, partner’s effect and 
relationship’s effect. Round robin data are gathered,  
component effects are calculated using a two-way analysis of 
variance. Further analyses of generalized and dyadic 
reciprocity data are carried out by means of covariance 
matrices (Lashley & Bond, 1997). A triadic social relations 
model has also been proposed for analyzing guesses made by 
an agent about how much a second agent likes a third one 
(Bond, Horn & Kenny, 1997). Albeit useful, these 
approaches do not make it possible to get information about 
agents’ dissatisfactions, mean social system’s dissatisfaction 
and to study social system dynamics. The social relations 
model is founded on a static analysis, but a dynamic one 
must complement it. 

Even though bottom-up models are not common in the 
study of human social interactions, some authors  have 



proposed such approach. Sakoda (1971) developed a 
migration model where agents have positive, neutral, or 
negative attitudes towards one another.  Sakoda’s model 
main characteristics are: agents use their attitudes, called 
valences, to move to empty sites on a lattice; agents move to 
a cell of its Moore neighborhood where the sum of valences 
–objective function- is maximized; each agent’s contribution 
to the objective function depends on the inverse of its 
distance to each other. Schelling (1969) proposed a model 
where agents are located on cells in a line and individuals 
move to left or right according to certain rules. Finally, 
another example of a migration model is shown in the Party 
Planner program (Dewdney, 1987), whose logic was used as 
a basis for Nowak, Szamrej, & Latané’s (1990)  
computational model of attitude change and social impact .  

We have developed, also after Dewdney, a model that 
simulates dynamic spatial behavior and psychological social 
relations in a small group of individuals. The model shares 
some CA principles,  and we have implemented it as a 
computer program called P-Space1. An earlier version of the 
program was presented in Quera, Solanas, Salafranca, 
Beltran, & Herrando (2000). The model is agent-based and 
describes how distances –spatial or psychological- among 
agents  change through time, as a consequence of 
modifications in micro-level features. Macro-level 
phenomena that emulate group behavior can emerge from 
simple rules governing dyadic interactions among the 
agents. Although slightly similar models  have been 
proposed (e.g., Nishimura & Ikegami, 1998), an important 
difference is that our model emphasizes psychological 
variables (e.g., dissatisfaction, attention, agent personalities, 
fatigue, sociability, deprivation, and adaptability), as 
Hodgins & Brogan (1994) proposed. 

The objectives of this paper are to explain the principles 
underlying the model, and to present some examples that 
show how the model describes social-spatial behaviors.  We 
are interested in presenting how complex social behaviors in 
small groups can be produced by a simple set of individual 
features. 

2. Minimum dissatisfaction model 

Our point of view is that social behavior must be studied as 
a dynamical process and that spatial interactions among 
social are adaptive in nature: Agents in a group tend to 
behave by adapting their movements reciprocally so that 
their dissatisfaction levels are minimized. The model 
describes how interpersonal distances change through time 
in a small group of agents or organisms, which move in a 
semi-closed space, as a result of changes in micro-level 
features such as the minimization of local dissatisfaction. 
The model assumes that a non-symmetrical matrix of ideal 
distances between agents exists, either predetermined or 

                                                 
1 A DOS version of program P -Space can be downloaded from 
www.ub.es/comporta/gticc.htm.  
  

evolving through time. Ideal distances are distances that 
agents want to keep from each other, and that may be 
constant or vary with time. Ideal distances from agents to 
objects and doors may also be defined. Agents move in 
order to minimize their dissatisfaction, defined as a function 
of the discrepancy between possible future distances 
estimated by agents, and ideal distances. At each time unit, 
agents will move to those points in their neighborhoods for 
which the function is minimized. Depending on the specific 
values in the ideal distance matrix, different kinds of social 
dynamics can be simulated. 

 

Figure 1. Three agents in a 30×30 room with two doors and one 
object. Agents are represented by arrows that roughly indicate their 
headings. A Moore's neighborhood with diameter 5 surrounds each 
agent, whose locations at times t and t-1 are shown. Euclidean 
distances from agent 1's current location to agents 2 and 3's are  
computed indirectly and directly, respectively. 

2.1 The universe 

Agents are located in a two-dimensional lattice of cells 
called room, and can move within some discrete space units 
at each discrete time unit. Agents can exit and re-enter the 
room, if doors exist. The room can contain objects, or areas 
unavailable to agents, which they must avoid while moving 
around. The universe can thus be modelled either as a 
closed, partially-closed, or open space, depending on 
whether walls with no doors, walls with doors, or no walls 
at all are defined. Agents, objects, and doors are labelled  
entities. A cell cannot be occupied simultaneously by more 
than one entity. At each time unit, each agent is at the center 
of its own neighborhood of cells, an area surrounding the 
agent and limiting the cells where it will be able to move to 
at the next time unit. When agents move, their 
neighborhoods move with them. An agent moves to that cell 
in its current neighborhood that will minimize its 



dissatisfaction. Different types of neighborhood can be 
used: Moore’s, von Neumann’s, Moore -von Neumann’s, or 
circular, and with different diameters. Depending on the 
actual type of neighborhood, certain movements are 
favored; for example, in a von Neumann neighborhood, 
movements can only be made in vertical and horizontal 
directions. Figure 1 shows an example of a room with one 
object, two doors, and three agents with a Moore’s 
neighborhood. Examples of neighborhoods are shown in 
Figure 2. 

 

Figure 2. Examples of neighborhoods. 

2.2 Agents and their dissatisfactions 

Let [ ])(),( tytx ii
 and [ ])(),( tytx jj

 be agents i and j's 

coordinates, and )(tdij  the Euclidean re al distance between 
them at time t: 

[ ] [ ]22 )()()()()( tytytxtxtd jijiij −+−=  

The origin of coordinates is arbitrarily set at the upper left 
corner of the room. Depending on which kind of agent 
neighborhood is defined, other distances such as those 
defined by city-block or maximum metrics could be used 
instead. For example, if agents move within Moore 
neighborhoods, then the lengths of possible paths from one 
agent to another are in fact measured as city-block distances, 
that is, as the sum of the absolute values of the coordin ate 
differences between the two agent locations. 

At time t, agent i’s ideal distance from agent j is )(tDij , 

and agent j’s ideal distance from agent i is )(tDji . Ideal 
distances are not necessarily symmetrical, and may be 
constant or may vary as a function of time, proximity, or 
both. Minimum ideal distance is 0, and maximum is set 
arbitrarily equal to the longest possible distance in the room, 
m. Certain ideal distances can be void, that is, agent i can be 
neutral with regard to agent j. Generally speaking, ideal 
distances are direct functions of factors like time and real 
distance, and indirect functions of dissatisfactions, among 

others. Different functions can be defined for every specific 
agent-to-entity interaction. 

At time t, agent i’s real dissatisfaction is computed as a 
weighted function of the discrepancy between real and ideal 
distances from each other agent:   
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In that formula, iZ is the set of entities that are defined or 
present in the room at time t, and for which agent i has non-
neutral ideal distances (see section 3); m is used in the 
formula for scaling dissatisfactions between 0 and 1; )(twij  
weights the discrepancy between real and ideal distances and 
is a function of )(tdij and the agent i's gravity (see section 
2.3). 

At time t, agent i estimates its possible future 
dissatisfactions for time t+1, for all possible locations within 
its current neighborhood, assuming that the other agents will 
not move: 
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where )(tdijp is the real distance from location p within agent 

i's neighborhood to agent j's location at time t, and  weight 
)(twijp depends on both )(tdijp and agent i's gravity.  

The ideal dissatisfaction (the one the agent wishes to get) 
is its minimum possible dissatisfaction before moving: 

[ ])1(min)1( +′=+′ tUtU ip
p

i  , 

and the real dissatisfaction is the one it has after moving, i.e., 
)1( +tUi . These dissatisfactions can differ because other 

agents might have moved to other cells in their respective 
neighborhoods, and thus the agent will not reach its ideal 
dissatisfaction. 

At each time unit agents make the decision to move 
within their respective neighborhoods in parallel, that is, 
simultaneously and independently. However, if two or more 
neighborhoods overlap, then some of their cells may be 
candidates for more than one agent if they happen to provide 
minimum dissatisfactions for all of them. At each time unit, 
agents' priorities to move are sorted randomly. Then, agents 
with lower priorities will be able to just move to those cells 
not chosen by agents with higher priorities.  

Although our model focuses on how agents move and 
what makes them move, an algorithm for avoiding objects is 
necessary. Suppose agent j is still, 0)( =tDij for all t, and an 

object interposes between agents i and j. Agent i should 
approach agent j by surrounding the object along the shortest 
distance, not merely hitting it frontally and  following its 
perimeter. Assuming rectangular objects, when there is an 
object between two agents, the real distance from one agent 



to the other is computed as the smallest sum of all possible 
paths that one of the agents should follow around the object 
until it meets the other agent. The algorithm for computing 
distances is recursively applied when several objects are 
interposed between the agents.  

2.3 Agent features 

Gravity. Social influence is an important factor when 
social interactions are investigated. As far as spatial 
behavior is considered, social influence among agents 
depends on, and is affected by, their mutual proximities. 
The gravity parameter reflects the fact that close agents tend 
to influence each other more than distant ones.  Still, in 
certain situations it is conceivable that social influence is not 
a function of distance. An agent’s gravity measures the 
effect that real distances from other agents have on the 
discrepancies between real and ideal distances. Weight 

)(twij  is defined as: 

mtijd

iij gtw
)(

)( = , 
where ig is agent i's gravity ( 10 ≤< ig ). Weight 

)(twij decreases exponentially as a function of real distance, 

its decreasing rate becoming greater as ig  approaches zero. 
Thus, the greater the gravity, the higher the weighting of the 
differences between real and ideal distances on 
dissatisfactions. The smaller the gravity, the lower the 
weighting. When gravity is near 1, the effect of those 
differences on dissatisfaction does not depend on the real 
distances. When gravity is near 0, real distances must be 
small for the differences between real and ideal distances to 
affect dissatisfaction. In the special case when gravity 
equals 1, dissatisfaction is computed as the scaled average 
of absolute differences between real and ideal distances.        

Initial place and coordinates. Agents can be initially 
either inside or outside the room. In the former case, their 
initial coordinates can be either fixed or random. In the 
latter, it is assumed that doors have been defined. 

Perception neighborhood. Organisms have a limited 
perception of their universe. When they move around, they 
can pay visual attention only to a certain dynamical area in 
front of them. That area is a perception neighborhood 
roughly shaped as a circular sector, with the circle centered 
at the agent’s current location. Agents always move to the 
lowest-dissatisfaction location, but only other entities lying 
in an agent’s perception neighborhood are taken into 
account when its dissatisfaction is computed. The area is 
bisected by the agent’s current heading, a vector linking the 
agent’s previous to current locations. Thus, at time t, the 
agent’s perception neighborhood is defined by an angle 
between its heading vector and the room’s horizontal axis 
(we call this angle heading), and an angle between the two 
radii of the circular sector (we call this angle attention 
scope). For a given agent, heading varies as a function of 

time, but attention scope remains constant. Different agents 
can have different attention scopes. 

Inertia. An agent’s inertia measures its tendency to keep 
moving following a previous heading when more than one 
cell in its neighborhood provide identical minimum 
dissatisfaction, a case most likely to occur when the agent 
has neutral ideal distances. Thus, inertia is a parameter 
reflecting the agent’s conservatism. Minimum inertia is 0, 
and maximum is 1. If inertia equals 1, then that cell having 
the minimum difference in heading relative to the current 
location will be chosen, causing the agent to move 
approximately in a line, following its initial heading (if it 
hits a wall, heading changes). If inertia is less than 1, then a 
probability (equal to 1-inertia) exists that a cell is randomly 
chosen among those sharing the minimum ideal 
dissatisfaction, causing the agent to change its heading. 
Inertia works when agents are non-neutral as well, although 
in that case it may be masked by movements caused by 
changes in ideal distances.   

3. Ideal distance functions 

Let n, b, and d  be the number of agents, objects, and doors, 
respectively. A rectangular matrix [ ])()( tDtD ij=  with 

dimensions n ×  n+b+d contains agent-to-agent ( nj ≤≤1 ), 
agent-to-objects ( bnjn +≤≤+1 ), and agent-to-doors 
( dbnjbn ++≤≤++ 1 ) ideal distances at time t.  As the 
values in the ideal distance matrix are compared with actual 
distances in order to compute dissatisfactions, and as agents 
move so that their dissatisfactions are locally minimized, 
their movements are determined by its previous locations in 
the room and by its current ideal distances.  Thus, by setting 
specific values in  the matrix cells it is possible to generate 
certain interaction patterns in the group of agents. For 
example, if no objects and doors are defined, and if all 
agent-to-agent ideal distances are constant and equal to 2, 
then the agents will move until they cluster together.  
However, if for all t, 2)(1, =+ tD ii  (for ni < ), 2)(1 =tDn , 

and 10)( =tDij  (for the rest of the cells in the ideal distance 
matrix), then the agents will move until they form a circle 
where agent 1 chases agent 2, which chases agent 3, …, 
which chases agent n, which in turn chases agent  1. These 
are examples of group behavior that can be easily predicted 
given the ideal distances. 

However, ideal distances for all or some of the matrix 
cells can be variable, and their variation can be made 
dependent on a set of convenient factors. If ideal distances 
are functions of other agents’ movements, then the behavior 
of the group as a whole cannot be easily predicted by, or 
reduced to, a combination of simpler rules (i.e., dyadic 
agent-to-agent ideal distances).   

 



3.1 Predetermined functions 
 

Ideal distances for specific agent-to-entity interactions can 
vary according to a predetermined function, which is set at 
the outset and does not change throughout the process. 
Assigning ideal distances using a predetermined function 
does not necessarily make the behavior of the agents as a 
whole easily predictable. We propose the following 
functions:  

Neutral. Agent i is neutral towards entity j if the latter’s 
location does not affect agent i's dissatisfaction. In other 
words, )(tDij is undefined for all t. 

Constant. Ideal distance from agent i to entity j does not 
change with time, or as a consequence of entity j’s location. 
That is, 0)( dtDij =  for all t. 

Random. Ideal distance from agent i to entity j is 
sampled independently and randomly at each time t from a 
uniform distribution with bounds  10 dd < .That is, for all t, 

)()( 010 ddranddtDij −⋅+= , 

where rand is a uniform random number between 0 and 1. 
Sociable. Ideal distance fr om agent i to entity j decreases 

linearly during the first T time units of the process, from an 
initial value 0d to a final and lower value 1d :   

t
T

dd
dtDij

01
0)(

−+= . 

Once d1 is reached, 1)( dtDij = for t > T. 

Unsociable. Ideal distance from agent i to entity j 
increases linearly during the first T time units of the process, 
from an initial value 0d to a final and higher value 1d , 
according to the same equation as in the sociable model.  

3.2 Adaptive behavior functions 

Alternatively, ideal distances can vary according to  
functions that are applied whenever some behavioral event 
or combination of events occur during the process. We 
propose two kinds of such functions: (a) deprivation and 
fatigue are linear functions that specify ideal distances that 
decrease and increase, respectively, when some critical  
time in proximity between agents is reached; and (b) 
evolutionary and hybrid are both increasing-decreasing 
functions, exclusively defined for agent-to-agent 
interactions,  that are applied adaptively to the ideal distance 
of an agent depending on its changes in real distance from 
another agent, and on how that agent responds.  

Deprivation and fatigue. If a deprivation function is 
defined for an agent i to entity j interaction, the former will 
tend to approach the latter when the amount of time they 
spend at a distance greater than a certain critical level 
reaches a predefined limit point. Likewise, if a fatigue 
function is defined, agent i will tend to leave entity j when 
the amount of time they spend at a distance less than a 
certain critical level reaches a limit point. In both cases, the 

initial ideal distance is constant and equal to 0d  but , if the 
real distance happens to be greater (deprivation) or less 
(fatigue) than some specified value 1d during more than a 
specific amount of time 0t , then ideal distance decreases 
(deprivation) or increases (fatigue) linearly for T time units  
until a limit 2d  is reached, and then it regains its initial 
value 0d abruptly. In both cases, agent i will approach and 
leave entity j periodically if entity j remains still, but 
unpredictably if  agent j’s ideal distance models towards 
other entities are non-neutral. 

Evolutionary. This function was implemented in the 
model in order to generate ideal distances among agents 
(which are initially neutral) as a consequence of changes in 
their personal and social spaces. Ideal distance from agent i 
to agent j evolves or is generated as the interaction 
progresses.  Lower and upper limits for ideal distances are 
defined for agent i interacting with agent j. We call them  
personal, or )(tPij , and social, or )(tSij , distances, 
respectively. Initially, they equal some given constants, 
which are identical for all interactions for which the 
evolutionary function is defined; that is, pij dP =)0( and 

sij dS =)0( , with sp dd < . While sij dtd >)( , agent i is 

neutral towards agent j, and )(tPij  and )(tSij keep their 

initial values. When sij dtd ≤)(  for the first time, the 
evolutionary model is ‘activated’ for agent i. From that 
moment on: 

(a) )()( tPtD ijij =  if )()( tPtd ijij ≤ ,  

(b) )()( tStD ijij =  if )()( tStd ijij > , and 

(c) )()( tdtD ijij =  if )()()( tStdtP ijijij ≤< . 

A different time counter is updated when each of those 
conditions occur: pt , mt , and st , or cumulative times 
within personal distance, at more than social distance, and 
within social distance, respectively. Personal and social 
distances are updated depending on which of the above 
conditions hold, and as a function of the corresponding time 
counter value, provided that it is greater than a given 
adaptation critical time T.  

When condition (a) holds, 

pijij tTktPtP /)()1( 2⋅−=+   if  nTtp = (n = 1, 2, …); 

pijij tTktPtP /)()1( ⋅+=+  otherwise, 

where k  is a given factor equaling a fraction of the agent 
neighborhood diameter. Thus, while agent j is closer than 
the personal distance, agent i reacts by increasing that 
personal distance by small amounts, and subsequently 
making its ideal distance equal to it. In other words, agent i 
reacts to agent j’s approaches  by trying to avoid it. 
However, as the cumulative time at a personal distance 
increases and reaches values T, 2T, 3T, …, agent i gets 
progressively more used to agent j being at that distance, 
and decreases its personal distance substantially, and thus its 



ideal distance decreases as well. Subsequent increases and 
decreases in personal distance are progressively smaller. 
This way, personal distance tends to stabilize itself . 

When condition (b) holds, 

mijij tTktStS /)()1( 2⋅+=+   if  nTtm = (n = 1, 2, …); 

mijij tTktStS /)()1( ⋅−=+  otherwise. 

While agent j is at more than the social distance, agent i 
reacts by decreasing that social distance by small amounts, 
and making its ideal distance equal to it. That is, it reacts to 
non-approaches by agent j by trying to approach it. Still, as 

mt increases and reaches values T, 2T, 3T, …, agent i gets 
progressively more tired of agent j being at that  distance, 
and increases its social distance substantially (i.e., of not 
being closer), and therefore its ideal distance. As subsequent 
changes are progressively smaller, social distance tends to 
an equilibrium value. 

Finally, when condition (c) holds, 

sijij tTktPtP /)()1( 2⋅−=+  , and 

sijij tTktStS /)()1( 2⋅−=+  if  nTts = (n = 1, 2, …); 

sijij tTktPtP /)()1( ⋅+=+  , and 

sijij tTktStS /)()1( ⋅+=+  otherwise.  

While distance between the agents is between personal and 
social distances, agent i reacts by increasing both of them by 
a small amount, that is a quasi-static situation is responded 
by agent i by  trying to avoid agent j. However, as st  
increases and reaches values T, 2T, 3T, …, agent i gets 
progressively more used to that quasi-static situation,  and 
decreases both its personal and social distances 
substantially, thus decreasing the ideal distance as well. As 
before, subsequent increases and decreases in personal and 
social distances are progressively smaller.  

In this way, ideal distance varies as a function of 
personal and social distances, which change as a function of 
real distances, which in turn are ultimately caused by 
dissatisfactions, or differences between real and ideal 
distances. An agent with an evolutionary model towards 
another agent will adapt to the movements of the latter. 

Hybrid. Like the evolutionary function, ideal distance is 
computed from the interactions among agents. When a 
hybrid model is specified for the agent i to agent j 
interaction, agent i initially acts as if it were neutral to agent 
j, while the real distance between them is greater than a 
certain critical value 0ijd . When the critical value is 

reached, the model is ‘activated’. From that moment on, the 
ideal distance undergoes two different kinds of change: 
smooth and abrupt. A smooth change is caused by agent i 
adapting to agent j's movements. An abrupt change can 
occur when the ideal distance remains constant during a 
certain time period; this kind of change has consequences 
analogous to those of mutation in genetics, as agents that are 
only adapted to a static pattern of interactions have less 
opportunities to reach low levels of dissatisfaction if the 

pattern changes drastically. This way, when ideal distances 
remain unaltered for long periods of time, changing them 
abruptely can make the agents more adaptable to new 
interactions. 

First, we describe how smooth changes are modeled. 
Let: (a) )(tdij be the real distance between agents before 

they move; (b) )1( +td ij  be the real distance after they 

move; (c) )1( +′ tdij be the real distance between agent i's 
location at t+1 and agent j’s location at t; it is the real 
distance predicted at time t for time t+1 by agent i when it 
decided to move to that location in which its dissatisfaction 
was minimized, assuming that agent j would not move. Let 

)()1()1( tdtdtc ijijij −+′=+ . Then agent i ‘tries to approach’ 

agent j if 0)1( <+tcij , and  ‘tries to leave’ agent j if 

0)1( >+tcij . Only when )1()1( +′=+ tdtd ijij , agent i's 
expectancy is fulfilled. 

After the agents move, agent i's ‘partial frustration’ 
caused by agent j is defined as: 

)()1()()1()1( tDtdtDtdtF ijijijijij −+′−−+=+  

In this formula, )(tDij  is the ideal distance from agent i to 

agent j before they moved, )()1( tDtd ijij −+  is agent i's 

partial dissatisfaction actually caused by agent j after 

moving, and  )()1( tDtd ijij −+′  is agent i's expected partial 

dissatisfaction caused by  agent j if it had not moved. If 
agent i’s actual dissatisfaction is greater than the expected 
one, then 0)1( >+tFij , i.e., agent j caused a ‘positive 
partial frustration’. If it is less than the expected one, then 

0)1( <+tFij , i.e., agent j caused a ‘negative partial 
frustration’, or ‘rewarded agent i's behavior’.  

If agent i ‘tries to approach’ agent j, and is rewarded, 
then )(tDij  is decreased. Likewise, if agent i ‘tries to leave’ 

agent j, but receives a positive partial frustration, then )(tDij  

is increased. Ideal distance varies recursively: 
)()1()1( tDsktD ijijij ⋅+=+  

where factor sij is a given parameter for this particular agent-
to-agent interaction (0 < sij < 1), and: 

k = 1 if )1( +tcij and )1( +tFij  have different signs,  

k = -1 if  )1( +tcij and )1( +tFij  have the same sign,  

k = 0 if 0)1( =+tFij ,  and 

k  is randomly 1 or -1 if  0)1( =+tcij  but 0)1( ≠+tFij .  

That is, ideal distance will increase if agent i tries to 
approach but is positively frustrated, or tries to leave and is 
rewarded. Ideal distance will decrease if agent i tries to 
approach and is rewarded, or tries to leave and is positively 
frustrated. No change in ideal distance occurs when there is 
no partial frustration (agent i is momentarily adapted to 



agent j); and ideal distance is randomly increased or 
decreased when the agent tries neither to approach nor to 
leave. Parameter sij reflects how the frustation or reward that 
agent i receives from agent j changes the ideal distance from 
the former to the latter. 

A period of stagnation is defined as 0ijt  consecutive 

time units during which the ideal distance remains constant 
or  changes cyclically. Time limit 0ijt is a given parameter 
reflecting agent i’s tolerance to remain stable with respect to 
agent j. When the tolerance limit is reached, ideal distance is 
increased abruptely in order to give the agent an opportunity 
to adapt to a new situation. Ideal distance is increased by a 
factor equal to 0ijij ts ⋅ , and agent i is 'exiled' for  the next 

1ijt  time units, a period during which its ideal distance 
toward agent j remains constant.  When exile time is over, 
ideal distance is decreased by 00 ijijij dts +⋅ , and the smooth 

change phase is resumed. Time limits 1ijt  is also a given 
parameter, reflecting agent i’s tolerance to being far away 
from agent j. This model is called hybrid because it includes 
two different mechanisms that cause changes in the ideal 
distance, and also because agents behaving according to it 
are 'fatigued' (during stagnation) and 'deprived' (during 
exile). 

4. Examples 

4.1 Leadership and group cohesion 

Inter-agent cohesion emerges in a small group of agents 
when a leadership exists. First, we simulate a situation 
where three agents are located randomly in a room with size 
120×70. Their attention scope has an angle of 360° and a 
radius of 60. Movement neighborhood is Moore, with 
diameter 3.  Gravity parameter and simulation iterations are 
equal to 1 and 500, respectively. The ideal distances matrix 
is the following: 
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The off-diagonal elements of the ideal dis tances matrix do 
not satisfy with dyadic reciprocity and, as a consequence, it 
is a non-symmetric matrix. This configuration corresponds 
to a persecution model where each agent wants to be close 
to some other agent, but far from a third one. Second, we 
introduce a fourth agent. This agent acts as a leader; in other 
words, all agents want to be close to it and it wants to be 
close to all agents: 
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The first simulation shows that the three agents reach a 
dynamic stability. After approxi mately 60 time units are 
elapsed, the ideal dissatisfaction trajectory reaches a limit 
cycle (Figure 3a). If agent 3’s dissatisfaction is considered 
as a dependent variable and the dissatisfactions of agents 1 
and 2 as independent ones, by a multiple regre ssion analysis 
an R2 = .99731 is obtained. Agents’ dissatisfaction activity 
varies cyclically between .03801 and .08562 when dynamic 
stability is reached, while mean dissatisfaction is kept 
constant at .06024 (Figure 3b).  
 

 

 
 
Figure 3. (a) A phase space  depicting a limit cycle of ideal 
dissatisfactions for three agents in the first simulation (see text), 
from time unit 60 on. (b) Agents’ ideal dissatisfactions against 
time. No leader agent exists in this simulation. 

 
If a leader exists in the group, as it  happens in the 

second simulation, and after approximately 30 time units are 
elapsed, the dissatisfaction trajectory also reaches a limit 
cycle (Figure 4a). Now, if agent 3’s dissatisfaction is 
predicted as a function of the other agents’ dissatisfactions, 
an R2 = 1.0 value is obtained. When the leader’s 
dissatisfaction is excluded, R2 = .02868. Agents’ 
dissatisfaction along time varies between .04139 and .04362 
when dynamic stability is reached, while mean 
dissatisfaction is kept constant at .03279 (Figure 4b). If we 
compare the R2 values for the first and second simulations, 
including all agents in both cases (.99731 and 1.0, 
respectively), we note that a hyperplane fits both 
dissatisfaction trajectories. This fact means that the agents’ 
dissatisfactions space has n-1 degrees of freedom (where n  



is the number of agents), and that the dissatisfaction of 
every agent is a deterministic state. 

The main result is that the existence of a leader causes 
that the agents’ lowest and highest dissatisfaction values are 
more similar in the second simulation than in the first one. 
That is, the inclusion of a leader in a small group facilitates 
the formation of cohesive social interrelations. It is the 
agents’ dissatisfactions, but not their absolute values, what 
is relevant when comparing the two simulations, as the 
absolute values depend on the number of agents. As agents 
1, 2, and 3 want to be close to the leader and it wants to be 
close to the other agents, it is obvious that those values will 
be reduced in the second simulation. A persecution model 
among agents 1, 2, and 3 is observed in both simulations, 
but the leader is at center of the group in the second one.   

 

 

 
 
Figure 4. (a) A phase space depicting a limit cycle of ideal 
dissatisfactions for three agents in the second simulation (see text), 
from time unit 30 on. (b) Agents’ ideal dissatisfactions against 
time. A fourth agent acting as a leader, whose dissatisfaction is not 
shown here, is introduced in this simulation. 

 

4.2 Synthesizing flocking 

Flocking emerges in an initially loose group of agents 
when a hybrid function with 01.  ,10  ,6 100 ==== sttd is 
defined for all the ideal distance matrix cells. Twenty agents 
are located randomly, and with random initial headings, in a 
closed room with size 90×90. Their attention scope has an 
angle of 180° and a radius of 60. Movement neighborhood  

 

 

 
 

Figure 5. Emergence of flocking behavior in a group of 
agents with adaptive dyadic interactions, using variable 
agent-to-agent ideal distances (hybrid function). From top 
to bottom, the snapshots correspond to time units 0, 3926, 
and 8369, respectively. Program P-Space uses different 
colors for representing individual agents on the screen. 



is Moore, with diameter 3, and gravity is 1.0 for all agents.  
From that initial randomness, our model synthesizes an 
orderly global flocking behavior after many iterations. 
Whereas Reynolds' (1987) boids algorithm generates 
flocking behavior by specifying some static rules for inter- 
agent distances and for matching other agent movements, 
our model makes global flocking emerge as a result of 
dyadic agent-to-agent adaptation. Reynolds’ model suppose 
that boids act according to rules that facilitate aggregation 
(e.g., boids move towards the centroid of  the nearest 
group). Our model does not include rules indicating that 
agents should move in accordance to a nearest group, but 
only dyadic interaction rules. In that sense, the fact that 
flocking emerges is less suprising in Reynold’s model than 
in ours. Moreover, our model is more general than 
Reynolds', because by specifying different ideal distance 
functions it can simulate many other spatial movement 
patterns, for instance, circular persecutions, cyclic 
clustering, and so on.  

When the simulation starts, agents move randomly and 
are neutral towards each other, until by chance they run into 
some other agent at a real distance equal or less than 

60 =d . From that moment on, their movements adapt 
reciprocally. If agents moved in an open space, several 
flocks could appear as a consequence of their limited 
attention scopes, but no single flock would probably 
emerge. However, when agents hit a room wall, the 
direction of their movement changes, making it more likely 
that partial clusters of agents that flock together join other 
clusters.  No agent acts as the leader of the flock; when a 
group of agents that flock together hits a wall and 
movement is reversed, usually a different agent can be seen 
then at the head of the group.  Figure 5 shows some 
snapshots of the simulation, from the initial random 
situation to a time when partial flocks, and then a single 
flock finally emerge. Flocking emergence can be 
accelerated by increasing the agents' attention scopes, and 
by varying the parameters in the hybrid function. 
 
5. Conclusions and future work 

We have proposed a multi-purpose model of spatial 
dynamics that describes the dynamics of inter-agent 
distances. This model takes psychological processes (e.g., 
gravity, deprivation, and fatigue) into account in order to 
describe systems where agents have this kind of properties. 
While social psychology models are usually focused on 
static analyses, our model emphasizes dynamical analysis 
for describing adaptation and evolution in inter-agent 
distances. Although the model is based on dyadic local 
rules, macro-behaviors (which are generally unexpected and 
not made explicit in the local rules) emerge from them, as 
illustrated by the examples we have presented.  The model 
could be used to study how people move and are distributed 
in the space, to study fluxes, points of aggregation, and so 
on. The examples presented show how the model can be 
applied to synthesize flocking behavior and to study social 

relations. It could also be useful for analyzing trajectories in 
public spaces. 

In its current version, the model describes how agents 
move at time t based only on how the state of their universe 
was at time t-1. In order to make it possible that agents 
predict other agents' future locations from past ones, and act 
consequently, including basic psychological processes  like 
memory and learning in the agents is necessary. Also, a 
future development will be to implement the transmission of 
information, both between agents, and from objects and 
cells to agents. For example, an agent that enters the room 
may modify its ideal distances towards other agents 
according to some information received from the agents it 
approaches. The information transmitted might  consist of 
past experiences of the sender (e.g., partial frustrations 
received from a third agent), and could contain noise. 
Transmission of information between agents will allow to 
simulate rumor diffusion, attitude changes, and memetic 
evolution of the agents, among other processes. 
Transmission of information from objects and cells to 
agents, and vice versa, will make it possible to simulate 
pheromone communication, for example (Resnick, 1994). 

At the moment, only agents present in the lattice-room 
are considered when computing dissatisfactions. A future 
development of the model will take into account the 
expectancies towards agents that are temporarily or 
permanently outside of the room when computing 
dissatisfactions for the agents in the room. Also, agents can 
only move around the physical environment of the room, 
but they do not act on it. In order to model more realistic 
situations, agents should be able to displace objects and 
other agents around the room. 

A possible future application of our model is concerned 
with emotional robotics. As future robot design will likely 
incorporate emotional behaviors, it is necessary to 
implement emotional processes that make the agents more 
believable. Algorithms proposed in this model could be 
used to model attitude changes and collaboration among 
robots. To this end, more processes and mechanisms, like 
memory and learning, must be included in order to achieve a 
more accurate description of adaptive agent behavior.  
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