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Abstract

This paper introduces the Blind Hunger Dilemma
as a cardinM problem in multi-agent domains.
This problem investigates the effect of agents"
characteristics on the mean performance of a to-
tal system when the agents are involved in exclu-
sive use of shared resources. In this paper, we
model aa agent that is sensitive to forces origi-
nating both from an energy supply base and ad-
jacent agents. We characterize the agents’ prop-
erties with two parameters and investigate the
relationship between these two parameters and
performance measures such as the rate of energy
replenishment.

Introduction
Animals, in order to live, need to obtain food, that is,
access to sources of nutrition. The behavior of animals
in obtaining food cannot be analyzed without taking
into account their struggle with other animals for ac-
cess to sources of nutrition. Carnivores in particular
are bound to enter into conflict with other animals in
the predator/prey relationship. Even herbivores like
horses have to struggle against other herbivores for ac-
cess to shared resources such as grass.

Predation can basically be reduced to individual be-
havior based on primitive instinct. Dawkins described
this behavior as necessary for memes (animals) to pre-
serve their genes (Dawkins 1989). Animals have devel-
oped social behavior and group-oriented habits in order
to maximize the chances of survival of the species, or
their genes. As is clarified in the framework of the Iter-
ated Prisoner’s Dilemma (Axelrod 1984), "what makes
it possible for cooperation to emerge is the fact that
the players might meet again." In this case, the players
are animals. Species that have succeeded in develop-
ing social behavior are, through the process of natural
selection, able to survive longer than thase that have
not.

The fight over shared resources thus contributes to
the emergence of patterns of social behavior in the
species. Our primary interest in this study is in the
relation between shared resources and behavior pat-
terns emerging from interaction between animal-like

agents. In this process, we necessarily consider agents
to develop behavior which is suited to their environ-
ment. Before going into the issue of the evolutionary
development of behavior, in this paper we will investi-
gate the case where all agents have the same behavioral
pattern.

In our experiment, we provide an environment where
many agents " fight" with others for access to a shared
energy supply base which provides a restricted number
of facilities at which agents can dock. Agents conduct
a blind search for the supply base and attempt to ap-
proach it. Agents cannot dock at a facility as long as
another agent is using it. On the other hand, a re-
plenished agent cannot leave the facility as long as all
directions in which it can move axe occupied by oth-
ers. If this situation continues, only a small number of
agents can obtain the energy to survive. We call this
type of problem the Blind Hunger Dilemma (Numaoka
1994).

The agents do not need to have a complex architec-
ture h~r our purpose. Basically, they are required to
move toward an energy base and avoid collisions with
other agents. This is the kind of behavior that Simon
observed in the behavior of ants on the seashore (Si-
nmn 1969). He said: "An ant, viewc~i as a behaving
system, is quite simple. The apparent complexity of its
behavior over time is largely a reflection of the com-
plexity of the environment in which it finds itself." Of
course, we could consider the case where agents are
much more deliberative. However, in our study, we
begin with a very simple agent.

In this paper, we first model agents as a force-
sensitive entity, able to detect forces originating from
an energy base and front adjacent agents. We then in-
vestigate how the sensitivity affects the average perfor-
mance of energy replenishment by many agents. The
organization of this paper is as follows: First, we ex-
plain briefly what the Blind Hunger Dilemma is. Sec-
ond, we make a fundantental investigation into the
relationship between agents" behavior and parameters
which regulate the behavior of agents. Third, we dis-
cuss performance issues by comparing our results with
the ideal case and: then, conclude this paper.
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Figure I: Energy Replenishment

Blind Hunger Dilemma
Here we have the problem of quite a large number of
agents accessing shared resources. Suppose there is a
single supply base, providing only a limited number of
facilities at which agents can only dock one at a time.
Whenever agents want to replenish their energy, they
must return to the supply base. If more agents than
can be accommodated simultaneously need to replen-
ish their energy, they approach the supply base and
enter a queue. If they are well designed and behave
in an ordered manner upon reaching the supply base,
no problem will arise. Agents will come to the facil-
ity, replenish their energy, and leave by a designated
exit path {see Figure 1 (a)). On the other hand, in 
worst case, agents replenishing their energy will be sur-
rounded by other agents attempting to get to the facil-
ity, blocking the refueled agents such that they cannot
leave (see Figure 1 (b)).

This situation readily occurs if there are many agents
which are only capable of primitive "go to supply
base when hungry" behavior. To illustrate this case,
we have made a computer simulation featuring N
agents and a single supply base providing eight docking
points, all addressed in a finite grid.

The supply base emits a amen field with a strength in
inverse proportion to the square of the distance. When
an agent becomes short of energy, the agent moves to-
ward the supply base along the gradient of the smell,
searching for the direction among the eight possible
directions of increasing smell. In practice, agents also
generate random numbers which help determine the
next direction of movement. Once an agent comes to
one of the supply facilities, the agent docks at the fa-
cility and replenishes its energy.

This process requires some time, say, half an hour.
Once recharged, the agent moves away from the base.
Although an agent returning to base has an overall di-
rection toward the base, since agents move randomly,
they can manage to escape from the base by weaving

their way through crowds of incoming agents, provided
there are spaces in the crowd to allow some move-
ment. H many agents gather, however, they form a
tight-packed formation, like sardines in a tin. In this
case, the refueled agents can no longer escape from the
supply base since there is no space at all in which to
move. In our simulation, we observed the situation
where agents get trapped in a cycle where they replen-
ish their energy, try to escape but fail, try to wander
but fail, and ultimately run their energy down again.

Essentially, this corresponds to the ~ dining philoso-
phers problem" (Dijkstra 19.72) that is famous in con-
current computation as a mutual exclusion of shared
resources problem. The dining philosophers problem
has no general solution. Therefore, in concurrent com-
putation, many instruments have been devised, includ-
ing test-and-set, semaphore, monitor, and so on. Even
in robotics, a similar problem can be seen in collision
avoidance on shared paths. Solutions to the problem in
robotics are similar to those for the dining philosophers
problem in concurrent computation.

Agents with Simple Behavior
Let me define a very primitive agent with a simple
behavior pattern like Paramecium, which has a ten-
dency to move towards light. The directions in which
agents can move are quantized to 8: North, North-
East, East, South-East, South, South-West, West, and
North-West. This simple agent chooses a direction to
move based on a global force, created by an energy
base, and local forces, generated at interaction between
agents. The energy base emits a potential field as-
cribed to its generating light, sound, or smell. The
global force resulting from this potential field applied
to an agent at position (z, y) at time t is:

FGbI(z, y, t, e) 

(H(e) - E(e))~{=, 
+W(e). (1)

Here, e is the level of energy that the agent holds at
any given time. H(e) is the degree of hunger, E(e) is a
measure of the desire to escape from the energy base,
and W(e) a measure of the desire to wander. In our
experiment, H(e) is a step function whose value is 1 if
e S S, E(e) is a step function whose value is 1 ife > F,
and W(e) = 1 - (H(e) + E(e)). thestr ength of
the potential field at direction i of an agent. In our
case, we define ~(z,y,t) to be ~o/r~, where ~o is a
constant value.

The local forces originate from the following three
types of forces applied in eight directions (See Fig-
ure 2.):
(Inward pressure)When an agent faces another

agent and both try to exchange position as in Fig-
ure 2 (a), they experience the following resisting
force acting against their direction of movement.

FP(z,y,t) KpOt(z,#,t)
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(a)

(b)

J I I I
(c)

Figure 2: Local Forces: (a) inward pressure (b) attrac-
tive force (c) viscous force¯ The arrow indicates 
effective direction such that, when the agent at each
location has selected it: the agent exerts a particular
force oll the central agent¯ The hatched arrow indicates
the direction of the force acting on the central agent.
In case (b), the force acts between the central agent
and its adjacent agents, which do not move unless the
central agent actually moves.
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(di(z, y,t). niV(z,y, t)). 

where Kp is a constant. Oi(x, y, t) is a logical func-
tion that returns 1 if there is aax agent at location
(x, y) at time t, and 0 otherwise, di is the vector
to indicate a direction that an agent in direction i is
choosing to move. niv is a unit vector in direction i
of an agent whose direction is toward the agent, a
¯ b is the internal product of the two vectors a attd
b. For example, di¯ ni is 1 if there is an agent to
the North and the agent attempts to go South a~td
0 (no force), for example, if there is an agent in the
North and it attempts to go East.

(Attractive force) Figure 2 (b) iUustrates a snap-
shot at t. Suppose at time t-1 an agent located at
the center of the Figure moved north and the other
7 agents (lid not move. In this case, these 7 agents
experience an attractive force towards tile central
location.

FA(x,y:t) 

KA(’~Odx, v:t- i)
AOd~, v, t)). (3)

where KA is a constant.

(Viscous force) This force causes an agent to move
parallel with an a~ljacent agent. As in Figure 2 (c), 
an adjacent agent decides to move north, an agent at
the central location experiences the following viscous
force on its west side in the north direction.

F~(x, v,t) = 
(oj(~,v,t)

j, n..n~=o

(dj(x,y,t)- n~(x,y,t))). 

Here, Kv is a constant attd ni is a unit vector such
that ni ¯ nV = -1.

The resultant of the global force and the three local
forces acting on the agent in direction i is &s follows:

F~(x,y,t:e) = FGb’(x,y..t:c)

+FA(%v,t)
+F~(~,~.t)
-F~(~,~.t). (5)

For each agent, the degree of interest for each direction
Ii is given in terms of Fi as:

F~(~,v,t,e) (6)£(~.,v,t,c) = 
E~=o FA~,v.t,e)

The probability that an agent chooses direction i is
given in terms of Ii by the following function:

C
Probi(z,y.t.e) = - ex, p - (li(z,y’t,e)-<l>)   (7)

Here C is a normalization constant and < I >=
(~Ii(x,y,t,e))/8. We use 0.0 as parameter t.
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When agents move due only to the global force, they
easily fall into a quite complex deadlock situation. This
is the problem that we describe as the Blind Hunger
Dilemma. We hope to solve the problem by controlling
the relative strength of the three types of local forces.

Sensitivity to Two Parameters
In this section, we first describe our experiment for
the case where all agents have the same behavior pat-
tern. Behavior patterns are characterized by three
parameters,Kp, /t’A, and Kv, described above. To
simplify things, we reduce these three parameters to
two parameters a and/3 where a = ~ and 8 = ~’~p.
Therefore, we deal with the case in which agents are
coherent with respect to parameters a and/~. This ex-
periment was done to investigate the relationship be-
tween performance measurements and these two pa-
rameters. To measure performance, we use the mean
number of collisions and the mean waiting time re-
quired for agents to reach the energy base after they
feel hungry. In this experiment, agents never die. This
means the waiting time can become infinite.

We make Kv 0 when we measure a and make Ks 0
when we measure 8. Kp is always 3000.0. We made
simulations to determine four relationships: the rela-
tion between a and the mean number of collisions, the
relation between ~ and the mean waiting time, the
relation between 8 and the mean number of collisions,
and the relation between 8 and the mean waiting time.

For each type, 3 runs of length 300,000 were con-
ducted with a single energy base and I00 agents lo-
cated randomly in a 15 × 15 lattice space. Locations
were changed for each run. Figures 3 and 4 show the
result of the simulations investigating the relation be-
tween ~ or 8 and the mean waiting time. Each point
on these graphs represents the mean value over three
runs. As is clear from Figure 3, the mean waiting time
is a positive exponent of parameter a. On the other
hand, in Figure 4, the mean waiting time is a function
of 8 which has a minimum around 8 = 0.25. These
two relationships also apply to the mean number of
collisions, so we will omit to show the corresponding
figures in this paper.

With these results, we can conclude that an increase
of the value of a will contribute to a solution of the
Blind Hunger Dilemma. Too much 8 has a negative ef-
fect on the solution. In other words, behavior in which
agents move quickly to locations that other agents have
vacated will in general create good circulation, whereas
behavior in which agents want to move parallel with
adjacent agents will inhibit good circulation and en-
ergy replenishment.

To confirm this conclusion, we made another simu-
lation over a time of 30, 000 for various combinations
of a and 8. Figures 5 and 6 show the results of the
simulation. As is clear from Figure 5, an increase in
8 certainly decreased the energy replenishment perfor-
mance, but not markedly. On the other hand, from

o.~

I
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Figure 3: a vs. Mean waiting time
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Figure 5: a vs. Mean rate of energy replenishment

Bell vs. #Repkm~sments

-~.m.

:f tI$.11o ~
l 1 ill 1 I I

Figure 0: ~ vs. Mean rate of energy replenishment

Figure 6, an increase in a has a marked effect oil the
performance.

Discussion
Performance comparison with the ideal
case

Our primary objective is to investigate the energy
replenishment performance when all agents act au-
tonomously. Hopefully, we would llke to claim that
even a collection of autonomous agents can achieve a
certain level of performance as a result of collective be-
havior. So, how good a result have we obtained? We
can calculate the rate of energy replenishment in the
ideal case in which we provides 8 parallel queues so that
8 agents at most can replenish energy simultaneously.
Our agents require 20 time steps for replenishment and
150 time steps of wandering until they become hungry.

In an ideal system, over 30,000 time steps, replenish-
ment will be performed 1,500 times, in each of which
8 agents replenish their energy in parallel. As a re-
sult, 120 replenishments per agent are available. We
know the minimum value of the waiting time in Fig-
ure 3; it is about 200 time steps for a = 1.0 and/~
= 0.0. Thus, about 84.5 replenishments are available
per agent. Therefore, compared with the ideal case,
our achievement level is about 70%. That is, 3 time
steps out of I0 are used in avoiding collisions with other
agents.

For waiting time, the ideal ease gives 100 time steps
per agent whereas it is 200 time steps in our case. This
is not so bad. Since agents do not have any special
devices, they have to find a better path to the energy
base individually. This requires collision avoidance.
When an agent encounters another agent on the way
to the energy base, the agent at first has to avoid the
other agent. Suppose that an agent makes straight for
the energy base. If there is an obstacle on its path, the
agent ideally avoids it and returns to the original path
by advancing 2 steps diagonally. Since we are dealing
with the case where many agents are crowding around
an energy base, this maneuver always happens. We
therefore think that twice the waiting time is not so
bad for s crowd of autonomous agents.

Blind Hunger Dilemma as a cardinal
problem

In the study of multi-agent systems, some cardinal
problems exist. One such example is the pursuit
game (e.g. (Benda, Jagannathan, & Dodhiawalla 1985;
Gasser & Huhns 1989)). This treats a technologically
meaningful problem. The main focus is to investigate
the effect that social structure or relationship have on
the performance of system when an agent uses a coop-
erative move to surround a target agent.

Another example is the Prisoner’s Dilemma (Davis
1977); a traditional problem in game theory. In this
problem, for two agents to get a reasonable payoff, they
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have to find common ground, which is a nash equilib-
rium. l~osenschein and Genereseth pointed out that
communication plays an important role in reaching
a reasonable equilibrium point (l~senschein & Gene-
sereth 1985; Genesereth, Ginsberg, & Rosenschein
1986). Lindgren discusses how evolutionary stable
strategies (ESS) like Tit-For-Tat can emerge through
the evolutionary process (Lindgren 1992). Novak and
May apply the Prisoner’s Dilemma to the domain of
two-dimensional space when the state of each agent
is updated synchronously (Novak & May 1992). Hu-
berman and Glance compared the results of Novak and
May with their experiment in which the update is done
asynchronously (Huberman & Glance 1993).

These are both well-known cardinal problems in
multi-agent domains. Of course, there may be many
other alternative cardinal problems related to social
dilemmas (e.g. Hardin’s tragedy of the commons
(Hardin 1968)). Nevertheless, problems other than 
two above are not so popular, at least, in multi-agent
domains. The reason why these two problems are pop-
ular and have repeatedly been used in multi-agent re-
search is that, as they are quite general, many variation
can be derived with only small changes in the problem
setting, and it is easy to double-check.

We believe that the Blind Hunger Dilemma could
be seen as another cardinal problem, orthogonal to
the above two problems. Firstly, this problem deals
with an issue on the exclusive use of shared resource
allocation, which is always an important subject in dis-
tributed systems. As mentioned before, the problem is
basically suggested by the dining philosophers problem
(Dijkstra 1972). The main contribution of the Blind
Hunger Dilemma is that it makes us realize the possi-
bility of finding solutions by many agents through large
number of interactions among them.

Secondly, it involves real-time problem solving in a
changing environment. As Maes emphasizes, a dy-
namic action selection mechanism is required for adap-
tive real-time problem solving (Maes 1990), and our
agents provide such a mechanism. Certainly, with re-
spect to a single agent, there is a cardinal problem
known as Tileworld (Pollack & Ringuette 1990). 
Tileworld, an agent must perform its task in some
way in a changing environment. Nevertheless, there is
no such problem appropriate for multi-agent research.
Therefore, the Blind Hunger Dilemma could be a car-
dinal problem for evaluating multi-agent systems in
which agents have action selection mechanisms.

Thirdly, in the Blind Hunger Dilemma, other agents
cannot take over the task of an agent. Every hungry
agent has to go independently to the energy base. This
characteristic is quite distinctive of the Blind Hunger
Dilemma compared to other cooperative studies such
as cooperative object movement (Dragoul & Ferber
1993) or janitorial service (Parker 1993).

We can investigate the effect of agent characteristics
on mean performance faced with the exclusive use of

shared resources. We can model many sorts of agents.
In fact, we have done a very simple experiment where
one agent blindly plays a game with another agent (Nu-
maoka 1994). We are currently studying how agents
can evolve better characteristics in a given environ-
ment. The results will be reported in the near future.

Conclusion
In this paper, we focus mainly on two issues: one is a
purely engineering concern and the other is of biologi-
cal interest. To approach these subjects, we introduced
the Blind Hunger Dilemma as a fundamental problem;
the situation is plausible and is characterized by a set of
relatively simple parameters, which are irrespective of
dimension. With this dilemma, we are concerned with
a situation where a fairly complex deadlock will oc-
cur unless we provide well-organized devices as queues
or semaphores. Our purpose is to make agents avoid
falling into deadlock situations when they are engaged
in the energy replenishment without providing such de-
vices.

From the engineering side, we are clearly aware of
the need for fruitful discussion of a cardinal problem
intrinsic to multi-agent domains. This discussion in-
volves not only performance issues, but also issues of
flexibility: robustness, and adaptability. Systems in-
volving multiple entities are by nature quite complex.
Therefore, we need a common ground for evaluating
such systems, which the Blind Hunger Dilemma can
provide.

As long as we focus only on maximizing perfor-
mance, we cannot avoid restrictions on the behavior
of the entities involved. As far as electronic agents are
concerned, this may be possible. However, if we con-
sider an electronic virtual world where humans interact
with agents, the conditions are quite different. In fact,
it seems natural to apply the technology of multi-agent
systems to future cyberspace environments. Human
nature is basically selfish and unpredictable. With the
Blind Hunger Dilemma. we were able to investigate
the mean performance of a system in a situation that
includes unpredictable agents.

From the viewpoint of biological interest, the fo-
cus is on the emergence of an ordered pattern around
shared critical resources. Many studies recently ex-
ist on the emergence of ordered collective behavior in-
cluding Deneubourg’s ant-like robot (Deneubourg et
al. 1991) and Raynold’s flying creatures (Reynolds
1993). Notably, experiments by Steels using real mul-
tiple robots, recharging energy by themselves, give an
examples of the emergence of collective cooperative be-
havior (Steels 1994) and we believe that these experi-
ments are very relevant to the Blind Hunger Dilemma.

We can learn much about collective behavior from
biological study with a wide spectrum of creatures
from bacteria to animals. Our primary focus is consis-
tently on the emergence of collective behavior through
conflict around shared resources. AnimaL~ will fight
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against others for access to shared resources such as
food. During such experience, they may develop the
strategy of forming a society. Even if they do not cre-
ate an explicit society, they will find a way to coexist.
This phenomenon is known as symbiosis: a relation-
ship of mutual benefit or dependence.

Symbiosis is an attractive topic covering a wide spec-
trum from endosymbiosis to ectosymbiosis (Margulis
& Fester 1991). We have already begun a preliminary
study of symbiosis (Nmnaoka 1995). Our focus is 
conflict around shared critical resources and we believe
that such a conflict makes agents evolve in the real
world. In this sense, the Blind Hunger Dilemma, as
a cardinal problem, will give us a fruitful insight into
how symbiosis emerges from a conflict situation.

References

Axelrod, R. 1984. The Evolution of Cooperation.
Basic Books Inc.
Benda, M.; Jagannathan, V.; and Dodhiawalla, R.
1985. On optimal cooperation of knowledge sources.
Technical Report Technical Report BCS-G2010-28,
Boeing AI Center.
Davis, L. 1977. Prisoners, Parealox and Rationality.
American Philosophical Quarterly 14.

Dawkins, R. 1989. The Selfish Gene (ne’w edition).
Oxford University Press.
Deneubourg, J. L.; Goss, S.; Franks, N.; Sendova-
Franks, A.; Detrain, C.: and Chretien, L. 1991. The
Dynamics of Collective Sorting Robot-like Ants and
Ant-like Robots. In Meyer, J.-A., and Wilson, S. W.,
eds., Proceedings of the First International Confer-
ence on Simulation of Adaptive Behavior: From ani-
mals to animats. The MIT Press/Elsevier. 356-263.
Dijkstra, E. W. 1972. Hierarchical Ordering of Se-
quential Processes. In Hoare, C. A. R., and Perrott,
R. H., eds., Operating Systems Techniques. Academic
Press, New York.

Dragoul, A., and Ferber, J. 1993. From Tom Thmnb
to the Dockers: Some Experiments with Foraging
Robots. In Meyer: J.-A., and Wilson, S. W., eds.,
Proceedings of the Second International Conference
on Simulation of Adaptive Behavior: From animals
to animats "2. The MIT Press/Elsevier. 451-458.

Gasser, L., and Huhns, M. N., eds. 1989. Distributed
Artificial Intelligence: Volume II. Morgan Kaufmann
Publishers.
Genesereth, M.; Ginsberg, M.; and Rosenschein, .].
1986. Cooperation without Comnmnication. In Pro-
ceedings of the Seventh National Conference on Arti-
ficial Intelligence. AAAI.
Hardin, G. 1968. The Tragedy of the commons. Sci-
ence 162.
Huberman, B. A., and Glance, N. S. 1993. Evolu-
tionary games and computer simulations. Proc. Natl.
Acad. Sci. USA 90:7716-7718.

296 ICMAS-9$

Lindgren, K. 1992. Evolutionary Phenomena in Sim-
ple Dynamics. In Langton, C. G.; Taylor, C.; Farmer,
J. D.; and I~ksmussen, S., eds., Artificial Life II. Ad-
dison Wesley. 295-312.

Maes, P. 1990. Situated Agents Can Have Goals.
In Maes, P., ed., Designing Autonomous Agents. The
MIT Press/Elsevier. 49--70.
Margulis, L., and Fester, R., eds. 1991. Symbiosis as
a Source of Evolutionary Innovation. The MIT Press.
Novak, M. A., and May, R. M. 1992.. Nature (Lon-
don) 359:826-829.
Nmnaoka, C. 1994. Blind Hunger Dilemma: An
Emergent Collective Behavior from Conflicts. In Pro-
ceedings of Front Perception to Action Conference.
IEEE Computer Society Press.
Nmn~ka, C. 1995. Symbiosis and Co-evolution in
Animats. In Proceedings of the Third European Con-
fcrence on Artificial Life (ECAL’95). The Springer-
Verlag.
Parker, L. E. 1993. Adaptive Action Selection for
Cooperative Agent Teams. In Meyer, J.-A., and
Wilson, S. W., eds., Proceedings of the Second In-
ternational Conference on Simulation of Adaptive
Behavior: From aniraals to animats ~. The MIT
Press/Elsevier. 442-450.
Pollack. M., and Ringuette, M. 1990. Introduction
the Tilcworld: Experimentally Evaluating Agent Ar-
chitecture. In Proceeding.s of the Eighth National Con-
ference on Artificial Intelligence (AAAI-90), 183-198.
Reynolds, C. W. 1993. An Evolved, Vision-Based
Behavioral Model of Coordinated Group Motion. In
Meyer, J.-A., a~ld Wilson, S. W., eds., Proceedings of
the Second International Conference on Simulation of
Adaptive Behavior: From animals to animats ~. The
MIT Pregs/Elsevier. 384-392.

Rosenschein, J., and Genesereth, M. 1985. Deals
Among Rational Agents. In Proceeding.~ of the 1985
International Joint Conference on Artificial Intelli.
gence, 91-99.

Simon, H. A. 1969. The Sciences of the Artificial.
The MIT Press.

Steels, L. 1994. A case study in the behavior-oriented
design of atttonomous agents. In Cliff, D.; Husbands,
P.: Meyer, J.-A.; and Wilson, S. W., eds., Proceedings
of the Third International Conference on Simulation
of Adapti~e Behavior: From animals to animaLq 3.
The MIT Press/Elsevier. 445-452.

From: Proceedings of the First International Conference on Multiagent Systems. Copyright © 1995, AAAI (www.aaai.org). All rights reserved. 


