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ABSTRACT 
Discussions of agent interactions frequently characterize behavior 
as �Coherent,� �collaborative,� �cooperative,� �competitive,� or 
�coordinated.� We propose a series of formal distinctions among 
these terms and several others. We argue that all of these are spe-
cializations of the more foundational category of �correlation,� 
which can be measured by the joint information of a system. We 
also propose �congruence� as a category orthogonal to the others, 
reflecting the degree to which correlation and its specializations 
satisfy user requirements. Then we explore the degree to which 
lack of correlation can arise purposefully, and show the need to 
use formal stochasticity in cases where such lack of correlation is 
truly necessary (such as in stochastic search). 
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1. INTRODUCTION 
Agents often do things together, and researchers or system de-
signers who work with multi-agent systems need to be able to 
discuss in a disciplined way what they do together. Yet the vo-
cabulary in current use is curiously undisciplined. It is fashionable 
in some circles to emphasize cooperation as the dominant theme 
(e.g., in Lesser�s pioneering work on functionally accurate coop-
erative systems [18] or the subtitle of [37]), but in many cases the 
system designer does not care whether the agents cooperate or 
contend with one another, so long as their behavior is coordinated 
in a certain way. In fact, market mechanisms achieve system-level 
coordination largely through mechanisms that are at least 
competitive and sometimes contentious at the level of the 
individual agents. Furthermore, both contention and cooperation 
presume a certain cognitive model of agents that is not satisfied by 
all interacting architectures. Other terms for agent interaction 
include �coherence� and �collaboration� Because English has 
made pervasive use of the Latin prefixes co- and con-, each of 
these terms begins with �co-.� We refer to them collectively 
(including nominal, verbal, and adjectival forms) as �Co-X,� and 
from this point capitalize them. 

capitalize them. 
There are fashions in the world of agent vocabulary. A sam-

ple of papers in the field (based on [4, 14] and the papers and 
posters presented at ICMAS�95-00 and Agents�97, 98, 00, and 
01) shows that from 1981 through 1993, �Cooperate�1 formed 
two-thirds (8/12) of the �Co-X� terms occurring in titles. �Coor-
dinate� accounted for three of the remaining four, and a lone in-
stance of �Coherent� made up the pack. 1994 saw the introduction 
of �Collaborate,� and 1995 of �Compete.� For 1994 through 
2001, 99 Co-X terms were used, with �Coordinate� now in the 
lead at 23%, followed by �Cooperate� at 18%, �Collaborate� at 
5%, �Compete� at 2%, and �Cohere� at 1%. Clearly, many re-
searchers are becoming dissatisfied with a simplistic characteriza-
tion of agent interaction as �Cooperation.� However, when one 
looks beyond the titles, it is not clear that there is much agreement 
on how the various members of Co-X differ from one another. 

We propose a taxonomy for describing what agents do to-
gether that embraces these and other terms and accommodates a 
variety of agent architectures. Such a taxonomy can enable re-
searchers to describe with much greater precision how their agents 
interact and what mechanisms are involved in those interactions.  

Each section of this paper expounds and illustrates a part of 
this set. Section 2 begins with the most general term, �Correla-
tion,� which we define in terms of a formal statistical metric over 
the population. Correlation makes no assumptions about either the 
internal structure of the agents or the relative centralization or 
decentralization of their behavior. Section 3 discusses �Coordina-
tion,� which we restrict to Correlation that results from informa-
tion flows from one agent to another. When these flows result 
from the intentions of the individual agents, we speak of �Coop-
eration� and �Competition,� discussed in Section 4, along with 
�Collaboration,� which is the intersection of Cooperation and 
Coordination. Section 5 discusses the �Congruence� of group 
behavior with system-level intentions, whether these emerge from 
the agents� interactions or are imposed by the system designer. 
Section 6 returns to the fundamental notion of Correlation and 
examines ways in which it can and cannot be avoided. Section 7 
offers a summary. 

                                                                 
1 Including the noun �Cooperation� and the adjective �Coopera-

tive.� Throughout the paper, when we refer to one grammatical 
form of a given word, we intend the reader to apply our 
observations to the others as well. 
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2. CORRELATION: MUTUAL 
INFORMATION 
The most generic way to describe what agents do together is in 
terms of their joint information, otherwise known as their correla-
tion entropy, joint entropy, or mutual entropy [2]. This quantity 
can be determined empirically, without access either to the inter-
nal structure of the agents or to the broader system within which 
they are embedded. We describe a set of agents with positive joint 
information as �Correlated.�  

At each time step, each agent (indexed by i) has access to any 
one of ni actions {ai1, ai2, …, ainj}. Any of our definitions could be 
reposed in terms of states rather than actions without affecting the 
point, but we prefer to focus on the agent�s actions because they, 
unlike its state, are externally visible. Let pij be the probability 
that agent i executes action aij. One measure of the agent�s behav-
ior over time is its (Shannon) entropy, defined in the standard way 
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=
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in

j
ijiji ppaH

1
2log . Similarly, we can characterize 

the entropy of the overall system in terms of the various combina-
tions of actions of the individual agents. For simplicity, we restrict 
our discussion to two agents, but the concepts can readily be ex-
tended to any number. The maximum total number of system ac-
tions is n1*n2, pj is now indexed over these joint actions, and the 
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The system entropy is subadditive, H(a1,a2) ≤ H(a1) + H(a2). 
Equality obtains when the behaviors of the individual agents are 
statistically independent. When they are dependent, the system 
entropy is strictly less than the sum of the individual agent entro-
pies, and the difference I(a1:a2) ≡ H(a1) + H(a2) - H(a1,a2) is the 
correlation, mutual, or joint entropy, sometimes called the joint 
information. We prefer the term �joint information,� to avoid the 
connotations of disorder implicit in �entropy.� In fact, the behav-
iors of agents in a system with high joint information are statisti-
cally more Correlated with one another, and in that sense more 
orderly, than in a system with low joint information. 

At the most basic level, agents are Correlated when their ac-
tions are statistically dependent on those of other agents. It does 
not matter at this level whether this Correlation results from in-
formation flows among the agents or between them and a central 
controller, or whether its roots are cognitive or subcognitive. In 
the most general sense, Correlation will manifest itself in an in-
crease of the system�s joint information, and in fact we propose 
using this quantity as a measure of system Correlation. (Thus, 
when we speak of one system�s having a higher Correlation than 
another, we mean that the joint information of the first is greater 
than that of the second.) One benefit of this perspective is that it 
permits us to distinguish the fact of Correlation from the mecha-
nisms used to achieve it.  

For example, suppose that each of our two agents needs ac-
cess to a widget to perform its duties. Suppose further that there 
are two widgets available, and (to simplify the computations) that 
each agent accesses each widget half of the time. Then the prob-
ability that agent a1 is accessing widget 1 is p1,1 = 0.5, as is the 
probability that agent a1 is accessing widget 2, the probability that 
agent a2 is accessing widget 1, and the probability that agent a2 is 

accessing widget 2. We further assume that a widget works better 
when only one agent is using it at a time. 

Each individual agent entropy is �2*0.5 log2(0.5) = 1.0. At 
the system level, there are four possible joint actions: both agents 
accessing widget 1, both accessing widget 2, a1 accessing widget 
1 and a2 widget 2, and vice versa. If the agents do not Coordinate 
their activities, then each of these four possibilities is equally 
likely, with probability 0.25, and the system entropy is �4*0.25 
log2(0.25) = 2. This value is equal to the sum of the individual 
agent entropies, so the joint information is 0. Now assume the 
agents� behaviors are Correlated (by whatever means) so that they 
avoid the joint actions in which they both choose the same widget. 
In this case there are only two system actions, each with probabil-
ity 0.5, and the system entropy is 1, less than the sum of the agent 
entropies. The difference, 1, is the joint information between the 
agents. 

We illustrate the application of joint information to a model 
of resource allocation, the minority game, described in more detail 
in [29]. Briefly, at each time step each of the N agents in the 
population (where N is odd) seeks to allocate itself to one of two 
resources. Each agent receives a point for each turn that it finds 
itself on the less-occupied (minority) resource, and the system 
goal is to maximize the total points awarded across the entire 
population of agents (or, equivalently, to minimize the variance in 
the population of either resource over successive runs). The in-
formation available to the agents is a time series identifying which 
resource was in the minority at each past cycle. In each turn of the 
game, the agents consult the last m entries in this time series, and 
use this to choose the resource they will access on the next time 
step. The quantity z = 2m/N reflects the normalized size of the 
strategy space available to the agents, and turns out to be a critical 
parameter in the dynamics of the game. 

Figure 1 plots the normalized variance σ
2
/Nas a function of z. 

Since low variance reflects high system-level payoff, desirable 
behavior is located at the minimum of this curve, where z ≈ 0.34. 
The dashed line shows the behavior that would result if all agents 
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Figure 1: Performance vs. Size of Strategy Space in the 
Minority Game.--σ

2
/N measures system inefficiency (lower 

is better). z≡2
m
/N is the size of the strategy space accessible to 

the agents. The dashed line indicates random choice by the 
agents. 



made random choices. The minimum is a second-order phase 
transition, discussed in more detail in  [21, 31]. As z decreases 
below this point, the system performance quickly degenerates 
until the agents are doing worse than if they made random 
choices. In this region, study of the time series of minority groups 
[20] shows �herding� behavior. Relatively few distinct strategies 
are available for small m, and the probability is high that agents 
will overlap in their decision. Above the phase transition, the 
agents do better than random, but as z increases, performance 
approaches the random limit as an asymptote.  

We can illustrate the use of joint information in the Minority 
Game. Consider a population of 61 agents. The entropy of each 
agent is computed on the basis of its probability of choosing re-
source 0 or 1 at each step, while the entropy of the system is com-
puted on the basis of the probability of a specific vector of 61 
individual agent choices at a time step. Thus the system as a 
whole has a state space of 261 ≈ 1018. Reasonable experimental 
runs with this system are on the order of 104 to 106 steps, so it 
would be irresponsible to estimate probabilities over this state 
space for the whole system from our experimental data. As an 
alternative, we focus on subsystems of six agents each. Such a 
subsystem has a state space of 26, over which we can reliably 
estimate probabilities with experiments of 104 ≈ 213 steps. Thus 
each run of 5001 steps lets us look at ten subsystems of six agents 
each, and we conduct thirty runs in all.  

Figure 2 shows the Correlation, as measured by the joint in-
formation. This figure has three important features, corresponding 
to the three regions of Figure 1. 
1. The Correlation is highest for low m, consistent with the analy-

sis in [20] showing herding behavior in this region. Within the 
low region, the mean value appears to increase from m = 1 to m 
= 2 before declining for m > 2, but given the size of the stan-
dard deviation in region, the most that can be said is that the 
Correlation is comparable for these two values. There are few 
distinguishable strategies available to the agents for low m, re-
sulting in higher Correlation among their behaviors. 

2. High m is associated with low Correlation, corresponding to the 
region where agent decisions approach the random limit. Thus 
the general shape of the curve is logistic: low slope for low and 
high m, and steep slope in between.  

3. There is a deviation from this general shape between m = 4 and 
m = 5, the region that corresponds to the phase transition 

(which would be at m = 4.37, though our experiments do not 
sample this point).  

Thus the joint information reflects the overall structure of the 
Savit curve. However, the two measure different things. Figure 1 
measures an estimate of the overall system performance, while 
Figure 2 measures Correlation. These two measures are not 
statistically correlated, a point that we discuss further in Section 5. 

3. COORDINATION: COMMUNICATION 
Perhaps the most general term in current use in the multi-agent 
community for agent interaction is �Coordination.� For example, 
it is used in the ACM computing classification system under 
I.2.11, �Distributed Artificial Intelligence� [1] (paired with �Co-
herence,� which we discuss under �Congruence� below). The 
difference between �Correlation� and �Coordination� is that �Cor-
relation� describes simply the fact of statistical non-independence 
among agent behaviors, while �Coordination� implies a process. 
We believe that every such process involves communication, that 
is, information flow between an individual agent and its environ-
ment. The environment, in turn, is everything that lies outside the 
individual agent�s boundary. The options for this flow stem from 
the contents of this environment, which include both other agents 
and environmental state variables. (A side effect of this definition 
is to require redefinition of either �Coordination� or �communica-
tion� in paper titles of the form, �Coordination without communi-
cation� [3, 11, 12, 33].) 

The environment includes other agents, not only software 
agents but also human stakeholders, system designers, and con-
ventional computer systems. The relationship between a given 
pair of such agents at any point in time will be one of two types, 
depending on the state of the agents and the rules of the system 
(expressed, for example, in the agents� roles [28] and the proto-
cols in which they participate). When the agents can say �No� to 
one another within the rules of the system, we say that they are 
�peer agents.� When one of them (say agent A) can say �No� to 
the other (B), but B cannot say �No� to A, we call A the �distin-
guished agent� and B the �subordinate.� The relationship between 
two agents may be fairly fixed (for example, the relationship be-
tween a human programmer and her software agent). Or it may 
vary over time (as when peer agents negotiate a work plan that 
calls for one of them to supervise the other, resulting in a distin-
guished-subordinate relationship during execution). These con-
cepts can be developed more formally through dependency and 
autonomy theory [7, 25], but such a development would take us 
too far afield in the present discussion. 

The environment has a set of state variables that can be 
sensed by the agents. The environment may support its own proc-
esses that couple its state variables and cause them to change over 
time. It is useful to distinguish two categories of environmental 
variables. The values of endogenous variables change over time 
depending on the actions taken by the peer agents. The values of 
exogenous variables, such as sunspot frequency, change over time 
independent of the actions of the peer agents, but may be viewed 
as resulting from actions of the distinguished agent, and are often 
scripted by the system designer. 

In such an environment, mechanisms for Correlation can be 
either centralized or decentralized. The fact that Correlation de-
scribes the results of both mechanisms is important, because it 
enables us to frame disciplined comparisons between centralized 
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Figure 2: Joint Information in the Minority Game.�Error 
bars mark one standard deviation. The phase transition in 
Figure 1 corresponds to m = 4.37. 



and decentralized solutions to the same problem. In addition, the 
information flows involved may be either direct from agent to 
agent (ignoring those aspects of the environment that make up the 
communication system) or indirect (mediated through explicitly 
modeled environmental state variables). Table 1 reflects these 
categories. 

Centralized mechanisms for Correlation all involve com-
munication between the distinguished agent and its subordinates. 
This flow may take place directly (when the distinguished agent 
Constructs or Commands the subordinates) or indirectly (when 
the distinguished agent Coerces the subordinates by manipulating 
exogenous environmental variables visible to the subordinates). 
Correlation through Command is not highly esteemed in the MAS 
community, but, for example, the focal point algorithm advocated 
by [11] and the common utility functions implicit in [12] both 
rely on Construction (common programming). In indirect central-
ized mechanisms, subordinates jointly sense changes in a shared 
exogenous environmental variable. The variable�s dynamics are 
independent of agent actions, so it cannot move information be-
tween subordinates. But it may serve as a synchronizing signal 
that Correlates the agents� actions. The experimenter who config-
ures targets and obstacles in an experimental testbed is Constrain-
ing the subordinates, supporting Correlation through indirect 
centralized action. 

Decentralized mechanisms for Correlation all involve com-
munication among peers. The bulk of research on negotiation 
focuses on direct peer-to-peer information flows, or Conversation. 
Indirect decentralized flows occur when peers make and sense 
changes to endogenous environmental variables. This class of 
Coordination is called �stigmergy,� [13], from the Greek words 
stigma �sign� and ergos �work�: the work performed by the 
agents in the environment in turn guides their later actions. Such 
techniques are common in biological distributed decentralized 
systems such as insect colonies [26]. A particularly common form 
of stigmergy is resource Competition, which occurs when agents 
seek access to limited resources. For example, if one agent con-
sumes part of a shared resource, other agents accessing that re-
source will observe its reduced availability, and may modify their 
behavior accordingly. Even less directly, if one agent increases its 
use of resource A, thereby increasing its maintenance require-
ments, the loading on maintenance resource B may increase, 
thereby decreasing its availability to other agents who would like 
to access B directly. In the latter case, environmental processes 
contribute to the dynamics of the state variables involved. (We 

                                                                 
2 �Stigmergy� is the only term in Co-X that does not begin with 

�Co,� but the term is too well established in the research com-
munity to warrant suggesting an alternative. 

reserve the term �Competition� for 
resource Competition as a subset of 
Stigmergy. For the more generic 
opposite of �Cooperation,� we 
prefer the term �Contention,� dis-
cussed below.) 

We became aware of the ac-
tive role that the environment plays 
in negotiation when experimenting 
with an instance of the contract net 

for manufacturing control [24]. After carefully proving that our 
protocol was deadlock-free, we ran it on a physical control sys-
tem, and it promptly deadlocked. The negotiation in question 
concerned the movement of a physical part from one workstation 
to another. Our analysis of the protocol neglected the movement 
of the physical part itself. This movement conveyed information 
between the two workstations, and thus between the software 
agents that represented them. It represented an undocumented 
extension of our protocol, one that invalidated our proof and 
caused the system to deadlock. The arrival of the part at the re-
ceiving workstation gave that workstation information about the 
state of the system that it would not otherwise have had, namely, 
that the part had been delivered. 

Traditionally, the study of negotiation focuses on Coordina-
tion by means of information flow directly from one agent to an-
other. The mantra of situated robotics that �the world is its own 
best model� [5] suggests that the problem domain may deserve a 
more prominent role in the process. There are several motives for 
understanding the role of the environment in Coordination, and 
learning to exploit it where possible. 
• It supports open, heterogeneous societies of agents. The envi-

ronment is by definition accessible to the agents that are nego-
tiating about it. Any agent that wishes to deal with the domain 
must be able to sense and manipulate it. Thus the physics of the 
environment define common standards for agent interaction, in 
contrast with the more arbitrary standards programmers can im-
pose on direct agent-to-agent communication.  

• It integrates and reflects the state and dynamics of the overall 
problem-solving process at a global level that is only imper-
fectly visible in the internal models maintained by any of the 
agents. In particular, it captures high-order interaction effects 
that may escape the notice of any individual agent or a priori 
model maintained by an individual agent. For instance, assume 
agents A, B, C, and D are all interested in resource א, but A and 
B know only of each other, as do C and D. The load on re-
source א integrates information about the demands of all the 
agents that would otherwise not be available to them. 

• It embeds domain constraints (e.g., resource limitations) di-
rectly in the reasoning process, without the need to identify and 
model them in advance. 

A stock market illustrates the importance of information 
flows mediated by endogenous environmental variables. It affects 
both stock traders and business executives, in different ways. 
Traders (at least those who obey SEC regulations) do not commu-
nicate directly to determine which shares each will buy and sell. 
But when a trader offers for sale a share in one company, the offer 
tends to depress that company�s share price, making the company 
more attractive to potential buyers. Thus information flows be-

Table 1: Categories of Communication 
  Topology of Inter-Agent Relationships 
  Centralized (between Dis-

tinguished and Peer agents) 
Decentralized (among Peer 
agents) 

Direct (messages 
between agents) 

Construction (Build-Time) 
Command (Run-time) 

Conversation 

In
fo

r-
m
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n 
Fl

ow
 

Indirect (non-
message interaction)  

Constraint Stigmergy2 (generic) 
Competition (limited re-
sources) 



tween traders through the environment of the stock market with-
out Conversation. In contrast, business executives rely extensively 
on Conversation in reaching contracts with their customers and 
suppliers. However, they must also pay attention to indirect in-
formation flows, including those through the same stock market. 
For example, if a supplier�s stock price drops precipitously, the 
supplier may not be able to raise needed capital, and in spite of its 
explicit promises in a negotiation, it may not be able to fulfill its 
obligations. 

The Minority Game is an excellent example of Stigmergy, 
and of Competition in particular, and we discuss its implication 
for indirect Coordination further in [29]. 

These mechanisms reflect Coordination mechanisms recog-
nized by sociologists in organizational design. One prominent 
discussion [22] distinguishes five such mechanisms: 
1. Mutual adjustment, informal communication among workers, 

corresponds to the Direct Decentralized quadrant of Table 1, 
which we call �Conversation.� 

2. Direct supervision is our �Command,� which represents the 
real-time portion of our �Direct Centralized� quadrant. 

3. Standardization of work processes (e.g., setting up a work 
station on an assembly line) is adjusting the environment to 
Constrain agents to behave in a certain way, and thus corre-
sponds to our �Indirect Centralized� quadrant. 

4. Standardization of outputs insures that the intermediate out-
puts produced by one worker can serve as input to the next. 
This mechanism enables �stigmergy,� our �Indirect Decentral-
ized� quadrant. 

5. Standardization of skills and knowledge provides workers 
with training to ensure that they behave in Coordinated ways. 
This is our �Construction,� in the �Direct Centralized� quad-
rant of the table. 

4. COOPERATION AND CONTENTION: 
INTENT 
Determining Correlation across a population of agents is an em-
pirical process that requires no knowledge about either the inter-
nal structure of the agents or their outward organization. The fo-
cus on communication processes emphasized by Coordination 
requires that we investigate inter-agent organizational issues, but 
still leaves the internal logic of the agents undefined. There are 
two main approaches to defining the internal logic of an agent. 
Behavioristic agents are �black boxes,� defined only by their out-
ward behavior, and their internal programming makes no claims 
to imitate the detailed functioning of cognition. Such agents are 
inspired by much work in artificial life [27]. Cognitive agents, as 
in the SOAR [23] or BDI [30] architectures, seek to imitate the 
representations and processes of human cognition. 

To determine whether agents are Cooperating or Contending, 
we must look inside them. For example, traders in a commodity 
market exhibit a high degree of Correlation in their actions, result-
ing from information flows among them (thus Coordination). But 
are they Cooperating or Contending? It is not enough to observe 
their outward actions. Two traders both bidding for the same 
commodity might be Contending (each seeking to wrest control 
from the other), Cooperating (pumping the price up to increase 
the value of their current holdings), or simply Competing (in the 

sense defined in Section 3). The difference can only be resolved 
by determining the intent of the participating agents. Thus our 
definition supports that of [19].  

We do not have space to work out a full theory of Coopera-
tion and Competition here, but suggest that a necessary condition 
for Cooperation is the existence across the Cooperating agents of 
joint intentions in the sense of [8]. Contention suggests an inten-
tion on the part of one agent to frustrate the intentions of another. 
To our knowledge, this notion of �antagonistic intent� has not 
been formalized, but could be along the same lines as joint in-
tention. We do not require intention for Competition, respecting 
the common use of the term for discussing agents seeking 
common limited resources without harboring malice toward one 
another. Thus both Cooperation and Contention are Correlation 
driven by agent intent. This definition has two important implica-
tions. First, Cooperation and Contention can only be imputed to 
populations of cognitive agents. Behavioristic agents can Coordi-
nate (including non-malicious Competition for scarce resources), 
but not Cooperate orContend. In particular, it is meaningless to 
describe the behavior of the agents in the minority game as either 
Contentious orCooperative, since their behavior is driven by hard-
wired decision tables, and they are incapable of forming either 
joint or antagonistic intents. Second, neither Cooperation nor 
Contention requires direct decentralized communication (�Con-
versation� in Table 1), but might result from centralized design-
time information flows or environmentally mediated interactions. 
The special case when agents both Converse and Cooperate seems 
worthy of distinction, and we suggest reserving the term �Col-
laboration� for this situation. 

5. CONGRUENCE AND COHERENCE: 
USEFULNESS 
None of the modes of interaction discussed thus far is necessarily 
desirable. Consider the simple problem of Correlated access by 
two agents to two widgets considered in Section 2. There, we saw 
that if the agents avoid choosing the same widget, they are Corre-
lated, achieving a joint information of 1. Of course, the agents 
will be just as Correlated if they always choose the same widget, 
but in this case productivity would be lower in the Correlated 
system than in the random one. Similar examples can be con-
structed to illustrate that increased Coordination, Cooperation, 
and Competition do not always result in more productive systems.  

The crucial insight here is that systems can have goals asso-
ciated with them at two levels: the system, and the individual 
agents. (Cognitive agents reason explicitly about these goals, 
while in behavioristic agents they are imposed by the agent de-
signer, but they are still agent-level goals.) Categories such as 
Contention and Cooperation take into account individual agent 
goals, but not system goals. We propose �Congruence� to charac-
terize the degree to which the pattern of agent interactions (at any 
level from Correlation through Contention and Cooperation) satis-
fies (�is Congruent with�) system-level goals, while the relation 
among the agents themselves that yields Congruence is �Coher-
ence� (Figure 3). This latter term appears (without definition) in 
the ACM Computing Classification [1]. (Durfee et al. [10] define 
�Coherent� as �well-coordinated.�) 



System-level goals can arise in two dif-
ferent ways. In an engineered system, they are 
defined by the system�s creators [34]. We term 
these �top-down goals.� In a cognitive multi-
agent system, they can also emerge from agent 
interactions [35], whether through democratic 
processes or as the by the imposition on other 
agents of the individual goals of an agent that 
has gained a controlling position in the soci-
ety. These goals are thus �emergent goals.� 
Several points need to be made. 

1. Congruence does not presuppose either 
peer-to-peer information flows or individual 
agent intent. It may exist with any form of 
Correlation. 

2. One can conceive of systems that do not 
have system goals, and for which Congru-
ence cannot be defined. Emergent goals re-
quire cognitive agents. Non-cognitive 
agents can have no emergent goals, and thus 
can exhibit Congruence in only two ways. 
First, their creator may define their system-
level goal. Second, if they exist in a larger 
system that includes both non-cognitive and 
cognitive agents, the cognitive agents may 
define emergent system goals for the entire system, and do their 
best to impose them on the non-cognitive portion of the system. 
Judging from the persistence of ants, mosquitoes, and cock-
roaches, such efforts may meet with varying success. 

3. A system may have conflicting goals. These may arise in popu-
lations of non-cognitive agents from inconsistency in the de-
signer�s goals, in populations of cognitive agents from tensions 
among different emergent processes, and in created systems of 
cognitive agents from a disjunction between the designer�s top-
down goals and goals that emerge from within the population. 
Congruence is defined only with respect to a specified goal or 
set of goals. 

4. System-level goals are needed to define Congruence, but 
whether or not they affect it depends on whether individual 
agents can sense and respond to them. When emergent goals do 
change the behavior of the system, they are an example of 
�downward causation� [32]. 

The minority game is a good example of a system with a top-
down system goal (maximum total points awarded across the 
population). These goals are not downwardly causative, because 
the agents do not know of them or reason about them, and the 
system is Congruent only in the vicinity of the phase transition. 
Changes in Correlation (Figure 2) reflect the coarse structure of 
system performance (Figure 1), but are not statistically correlated 
with them. In particular, the highest level of Correlation (and thus 
Coordination) occurs for low m, while the system is most Congru-
ent and the agents most Coherent for intermediate levels of m. 

System-level goals, under rubrics such as �norms,� �conven-
tions,� and �obligations,� are the subject of considerable study in 
the MAS community ([9] and references there). As in the case of 
intent in Section 4, we do not have space here to work out a de-
tailed theory, but simply suggest that the distinctive contribution 

of whatever such theory one may define is to 
set a standard against which to assess Congru-
ence. 

6. ANTICORRELATION 
Thus far, we have argued that the various 
members of Co-X are all refinements of Corre-
lation, whether defined by information flows 
(Coordination), individual intent (Cooperation 
and Contention), or system-level goals (Con-
gruence and Coherence). The underlying as-
sumption (already challenged by our discus-
sion of Congruence and Coherence) is that 
more Correlation is a good thing. It is worth 
inquiring how these forms of interaction mani-
fest themselves in a situation in which either 
the peers (individually or corporately) or a 
distinguished controller seek to eliminate Cor-
relation.  

Such a situation might arise in at least 
three ways.  
1. The agent system might be in Contention 

with an adversary that could take advantage 
of observed regularities in its performance. 
In such a situation, the system should seek 
to avoid regularities, and appear as though it 

were made up of statistically independent entities. 
2. Due perhaps to similarities in their internal coding, the agents 

may tend to �run into� each other in the problem space, and 
need to spread out to do their job effectively. 

3. The agent system may be using some form of weak search (such 
as particle swarm optimization [17] or evolutionary computa-
tion [15]) to search the space of system behaviors. Such mecha-
nisms rely on an assumption of ergodicity: they depend on the 
dynamics of the system to sample the state space, and Correla-
tion among agents implies that there are regions of the state 
space that are not represented in the sample. 

The default way for a set of agents to anticorrelate is for each 
to make its decisions on the basis of random processes. A central 
controller could run the random process and direct the agents� 
actions accordingly, or each agent could run its own random 
process. Can they be more deliberate about it, using either peer-
to-peer or master-slave information flows to guide their decisions? 
We can make two observations. 
1. Any system in which at least two of the agents are Correlated is 

Correlated. To see this, let A = {ai} be the set of peers, B = 
{bi} ⊂  A the subset that is Correlated, H(A) the entropy of the 
entire system, and H(ai) the entropy of the ith peer. Perfect an-
ticorrelation requires H(A) = ∑H(ai), where the sum is over the 
elements of A. Each agent can contribute at most H(ai) to this 
sum. In particular, each element of B must make its full contri-
bution to the sum, requiring H(B) = ∑H(bi), where the sum is 
now over elements of B. But B is Correlated, so by definition of 
Correlation, H(B) < ∑H(bi). Each bi contributes less than H(bi) 
to H(B) and thus to H(A), so H(A) < ∑H(ai), and the entire sys-
tem is Correlated. 

2. If the set of anticorrelating agents has more than one member, 
they must use a random process in their decision-making to 
achieve anticorrelation. To see this, assume that the agents do 
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Figure 3: Congruence and Coher-
ence.�Congruence expresses align-
ment between system behavior and 
system goals. Coherence is the rela-
tion among agents that produces Con-
gruence. 



not use random processes. Then their actions are a deterministic 
function either of a non-random central signal or of observa-
tions (direct or indirect) of one another�s behavior. But then 
each agent�s behavior is not statistically independent of the ac-
tions of the other agents, and the system will be Correlated. 

Observation 1 makes it very unlikely that MAS researchers 
will ever deal with perfectly anticorrelated systems. Correlation 
wants to happen. If agents are behaving in any way other than 
randomly, their aggregate behavior will reflect it. To put it another 
way, emergent behavior is ubiquitous. This behavior may not be 
Congruent, but it will be Correlated. A simple example is herding 
behavior in financial markets. MAS researchers sometimes sug-
gest that emergent behavior is a threat to be suppressed by con-
straining the behavior of individual agents so that the system ex-
hibits only a subset of its total potential behavior [6, 16, 36]. We 
believe a more realistic approach is to understand the mechanisms 
that drive emergence so that we can harness it for productive use. 

Observation 2 emphasizes the importance of stochasticity as 
an element of multi-agent systems. If we want agents to spread out 
through their joint state space, we can do no better than to have 
them flip coins. In the parlance of statistical mechanics, such a 
device provides the �symmetry breaking� that avoids undesirable 
Correlation. For example, many techniques of swarm intelligence 
[26] include a stochastic element. Ant path planning requires that 
ants not follow pheromone gradients absolutely, but that they 
weight a random walk based on the gradient. Swarm sorting algo-
rithms pick up and deposit items, not deterministically, but based 
on the Fermi function of recently observed concentrations. The 
emergence of organization in Polistes wasps depends on a sto-
chastic transfer of force between agents in which the stronger 
wasp usually, but not always, wins the face-off. 

7. CONCLUSION 
Agents do things together. Clear discussions of what they do, and 
effective designs of how to do it, require precision in the terms we 
use to describe joint behavior. We suggest the following ontology. 

The fundamental characteristic is Correlation, defined as 
nonzero joint information over a population of agents. Agent Cor-
relation is a purely behavioral notion. It requires knowledge only 
of the observed actions of the agents. If we admit other sorts of 
knowledge, we can refine it in three orthogonal ways. 

Coordination is Correlation with a focus on the information 
flow that enables it, and six different flavors can be distinguished: 
Conversation, Construction, Command, Constraint, Stigmergy, 
and Competition. The main distinctions are whether the informa-
tion flow is centralized or peer-to-peer, and direct or indirect Thus 
Coordination implies a particular architecture between agents, but 
is silent about their internal processing.  

Cooperation and contention are Correlation modulated by 
the intent of individual agents. Cooperation requires joint inten-
tions, while Contention requires an intention on the part of one 
agent to frustrate the intentions of another. Both of these concepts 
require us to specify the internal architecture of the individual 
agents, but are silent regarding the inter-agent architecture, and 
thus independent of Coordination. A system with both Conversa-
tion (direct peer-peer communications) and Cooperation (joint 
intent on the part of the individual agents) exhibits Collaboration. 

Congruence measures the degree to which an agent system 
aligns with a system-level goal, which may be defined either 

endogenously or exogenously. It is independent of both inter-
agent and intra-agent architecture. Coherence is the relation 
among agents that yields Congruence. Importantly, Congruence is 
not necessarily a monotonic function of Correlation. Sometimes 
increased Correlation (or Coordination, or Cooperation) may yield 
lower Congruence. 

More disciplined attention to these distinctions will enable 
researchers to communicate more precisely just what a multi-
agent system can achieve, and will help users select more intelli-
gently from among available technologies. 
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