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Abstract

We advance and compare two families of coalitional paradigms of solv-
ability.! A coalitional paradigm is distinguished from a “noncoalitional”
paradigm primarily by its focus on what groups of agents can achieve, rather
than on what individual agents can do—even if cooperating. As a criterion
of group formation, our models engage a kind of pairwise, context-dependent
coordination between knowledge-based “learning agents,” eventually able to
communicate the complete & local meaning of expressions taken from the lit-
erals of a common first-order language. Insights into meaning negotiation and
model matching are provided.

Keywords: multyagent systems; knowledge representation; belief revi-
sion and update.

1 Introduction

Following [JFLT01], automated negotiation research can be considered to deal
with three broad topics, namely: (a) Negotiation Protocols: the set of “rules” that
govern the interaction among the agents in play. (b) Negotiation Objects: the
range of issues, or attributes, over which agreement must be reached. (c) Agents’
Decision Making Models: the decision making system the agents employ to act
in line with the negotiation protocol in order to achieve their objectives. Either
negotiation protocols togheter with negotiation objects or agents’ decision making
models is the dominant concern; it depends on the negotiation scenario.

The scope of this article falls primarily into the domain of decision making mod-
els, see for instance [JFLT01, Syc89, ZS97] and the references cited there. More
precisely, decision making models of choice for coalition formation and teamwork
[SLAT99, SK95, Ago00b]. Our main contribution is a framework to study the
important topic of group-learning, where coordination for group-formation is ex-
plicitely stated. We do this in the tradition of formal learning theory [OdJMW97],
that descends from the pioneering studies on inductive inference developed by
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In this paper we prefer to use “solvability” instead of “learning” under the assumption that
“learnable” denotes a wider class of objects than “solvable” does.



Solomonoff, Putman, Gold, L. Blum and M. Blum among others. (See for in-
stance [JORS99] for a survey.)

We provide the framework and some examples of coalition formation in Sec-
tion 2 and show how coalitions by coordination may be eventually used to solve
certain classes of structures, in a sense we make precise within a model-theoretic
paradigm—we call this paradigm of group-solvability (Section 3). Some notions
we introduce (e.g., “coordination sentence,” “group-solvability”) will prove useful
to specify the benefits and the limits of our approach for multiagent systems. On
the one hand, the technique for group formation we provide suggests new general
ways of structuring goal selection and goal decomposition in multiagent systems,
and offers a different view of goal management in the spirit, though not in the for-
mal development, of “dynamic coalition formation” (see for instance [KG02]). On
the other, we address the solution of a problem of “model matching” [MBDHO02]
as an example of application.

1.1 What is Coordination?

For the purposes of this paper, we consider coordination as a particular process of
negotiation. In other words, negotiation underpins attempts to coordinate and, by
starting from coordination, to cooperate. We hope the following equational slogan
to be of intuitive and immediate help for the reader.

(1) Cooperation = coordination + solvability.

In other words, two agents cooperate whenever they coordinate in solving some
goal-problem. Of course, we all have an intuitive sense of what the word “coordi-
nation” means. When say Frank and Gertrude pass one another in the hall every
day (The Passing Game, [Ago01, Ch. 1]), when we watch the Italian volleyball
team winning the 2002 Woman’s World Championship or, by a counterexample,
when we spend hours waiting our best friend in the wrong place or a plane on
the “Malpensa” runway because the airline cannot find a gate for it. For many
purposes, this intuitive meaning is sufficient. However, in trying to characterize in
a formal way the behavior of certain computable agents willing to “coordinate,” it
is sometimes important to have a more precise idea of what we mean by “coordina-
tion.” [Dur88, MC94, M0O99, RZ94] and, more recently, [CJ02, Sessions 11A and
9B] list a number of definitions that have been suggested for this term. For our
purposes here, however, it is useful to begin with the following simple definition.

(2) Coordination is managing dependencies between activities in a given context.!

As the definition suggests, we believe that it is helpful to use coordination in a
fairly specialized sense of “coordination in.” In this paper we will explain exactly
how and why. Moreover, the definition is consistent with the intuition that, nei-

!This definition is an extension by using the concept of a “context” (see below) to that of
[MC94]. We refer the interested reader to the work by Malone and Crowston for further reference
that connect our definition to organization theory and coordination science.



ther if there is no interdependance nor if there is no context, there is nothing to
coordinate.

2 The Paradigm

We now advance a formal paradigm of “contextual coordination” suitable to rep-
resent and analyze coordination processes. An example of a process wherein coor-
dination subsumes a convention over leadership is the following.

(3) ExAMPLE (A Game of Leadership) Two players interact extensively by perfect
knowledge of the game. Perfect knowledge is required to the agents in order to
deal with a “rule of leadership,” which is fixed by convention at the beginning of
the game. A “leader” chooses an action and a “follower,” informed of the leader’s
choice takes an action as well. In the first part of the game, the players’ moves
are aimed at making leadership emerge. Then, each player plays according to his
role, either of “the leader” or “the follower.” Their moves depend on coordination
and characterize the game.

A primary vehicle to extend individual solvability to a cooperative, multi-agent
setting is to identify and study the basic processes involved in coordination. Are
there fundamental coordination processes (“strategies”) that occur in all coordi-
nated systems? If so, how can we represent and analyze these processes? One
of the advantages of the definition (2) we have used for coordination is that it
suggests a direction for addressing these and related questions.

2.1 A First-Order Framework

The paradigm of coordination on presentation is a model-theoretic paradigm. Our
approach follows a first-order perspective, “sequences” and “language” are basic
ingredients.

Sequences. We denote the set {0, 1,2, ...} of natural numbers by N. We denote
the usual linearly ordered structure with domain N by w. Let 1 be an infinite
sequence.For i € N, we write 7|; for the proper initial sequence of length ¢ in 7.
We write length(c) for the length of a finite sequence, () for the finite sequence of
length zero, o; or also (o); for the ith element of o, 0 < i < length(c), and last(o)
for the last element in 0. The set of elements in a (finite, infinite) sequence 7 is
denoted by range(r).

Language. We write Lo, to denote a first-order language with equality built
up from a (countable, decidable) vocabulary £ consisting of predicates and func-
tion symbols of various arities, along with constants symbols and countably many
variables Var = {v;|i € N}. We write Ly, to denote the subset of Ly, con-
taining no free variables (sentences). We write Ly, for the set of literals of
[fform-

Our semantic notions are standard first-order logic. In particular, a variable-
mapping, or “assignment” h to a structure S is complete if h is a mapping onto
the domain of S.



Let SEQ denote the collection of all the finite sequences over Ly,si.. We define
an environment to be any infinite sequence over Ly,s.. To consider consistent
data-streams, we need to relate them to a structure. We do it in the next definition.

(4) DEFINITION Let structure S and complete assignment h to S be given. An
environment e is for S via h just in case range(e) = {8 € Lpusic | S | B[h]}. An
environment e is for S just in case e is an environment for S via some complete
assignment.

In other words, an environment for a structure S via complete assignment h lists
the basic diagram of S under h.

2.2 Components

According to our informal definition of coordination (2), coordination means “man-
aging dependencies between activities in a given context.” Therefore, since activi-
ties must, in some sense that will be made clearer below, be performed by “actors,”
the definition implies that

(5) all instances of coordination include agents performing activities (“actions’)
that are interdependent in a context.

Agents are thus the first leading concept of our new paradigm. Once we have
defined what is an “agent,” all other components will follow in a natural way.

2.2.1 Agents.

An agent in a contextual coordination paradigm, or learning agent, is a pair
(U, A), where ¥ is any mapping from SEQ t0 Lpgsic X Lsen, and A is a nonempty
class of structures for £. Thus, ¥(o) = ((¥(0))o, (¥(0))1) for all o € SEQ. We
say that (¥(0))o is (¥, A)’s action (on o), and that (¥(0)); is (¥, A)’s guess
(on o). Intuitively, faced with o € SEQ, (¥, A) believes ¥ (o) if whenever ¥ (o) is
defined, there are some A € A and assignment h to A such that A = (¥(0))o[h]
and A = (¥(0));. Of the two components of a learning agent, the first is called
communication function or “ability,” while the second component is called
background world. We say that (¥, A) is based on A.

(6) REMARK As one might observe, ¥ is rather general: any mapping of the
right form is allowed. It would be possible to make agents more “intelligent,”
for example by letting them have a default (partial) ‘revision’ mapping on A. In
this case, our approach can be comparable to work in update semantics or belief
revision, where the “beliefs” of an agent are represented by his background world.
Since we take any class of first-order structures as an agent’s background word,
it follows that beliefs may be inconsistent in principle. In other words, we do not
assume that A is the class of models of any consistent “belief set” [Lev80, Gar88|.
We discuss further this point in Section 4 (6.0.2).



2.2.2 Protocols.

Outputs of the learning agents’communication functions are at the basis of agents’
successive interactions, the combination thereof constituting the “rules of the
game.” We call such rules a communication protocol. For simplicity, the com-
munication protocol we consider in this paper is pairwise, so that the kind of
models we discuss is suitable for modeling group situations where communication
is not with the whole group, as in an auction, but indeed pairwise, as happens for
instance in commercial transactions. Apart from this constraint, we allow any kind
of protocol, in order to make our model applicable to a broad range of pairwise
communication scenarios. Our presentation may be adapted for a number of differ-
ent protocols—examples are parallel/sequential moves, n-person communication,
explicit guesses.

2.2.3 Contexts.

By a (coordination) context we mean a set of sentences, and precisely any subset
of Len. Intuitively, given a set of learning agents, a coordination context expresses
the set of “intelligible hypotheses” 7 each learning agent in the set may eventually
use to coordinate. Coordination contexts determine what agents or designers think
to be an “interesting” set of goals for coordination.

2.2.4 Success.

Learning agents have to describe by induction a structure representing a part of
their beliefs, eventually after a finite number of failures and a finite sequence of
moves. Fach description is an appropriate response to the behavior of an agent,
who acts by playing on the basis of the “behavioral” language Lpss.- On the
other hand, the agents’ moves are concerned with success, in particular, with the
“coordination sentence” chosen by each agent at any step of the process of coor-
dination. According to the next definition, the agents can restart their mutual
interaction finitely many often, but after the last disagreement they must eventu-
ally coordinate. (We write ¥o, U1, 1| ¥ and ;|¥; to denote the infinite sequences
of responses, according to the chosen protocol and agents’ communication func-
tions ¥, @, of the first agent to the second agent, possibly after k erroneous moves.
0, 1 mean response by the first an second component of the functions, respectively.
To write R(¥g, ®) for ¥y will be useful elsewhere.)

(7) DEFINITION Let m C L, and learning agents (¥, A), (®,B) be given. We
say that (', A) m-coordinates with (®,B) (written: ¥ =, ®) just in case for
some s,t € N, there is 6 € 7 such that:

(a) s|Ug is an environment for some A € A;

(b) ¢|®p is an environment for some B € B;

(¢) for cofinitely may n € N, (5|U1)n = (4|®1)n = 0;
(d) A=6and B 6.



In this case, € is said to be a coordination sentence. If (¢) holds, we say that
(U,A) ((¢,B)) guesses 0.

Observe that =, is symmetric, that is, for all learning agents (¥, A), ($,B),
if U =;® then ® =, V. This seems to be a natural property of coordination.
However, =, is neither reflexive nor transitive, as it is easy to verify.

According to Definition (7), given a coordination context 7 learning agents
must coordinate twice. First, the agents eventually stabilize on an environment
for a structure S in their own background world. This step is done by the agents
through their external, behavioral ability component. Second, the agents eventu-
ally stabilize to a “coordination sentence” in 7 true in §. This second step is done
by the agents through their internal, hidden (“cognitive”) ability. Both steps are
processes in the limit, which eventually start after a finite number of disagreements.
m-coordination highlights crucial aspects of communication, sometimes referred to
as “meaning negotiation” [BW02].

(8) EXAMPLE (Meaning Negotiation) In any system of autonomous and distributed
agents willing to coordinate, autonomy is the core condition for agents to make
independent assignments of meaning to world objects. (See [Ago02] for a full
position on the topic.) In fact, the choice of A € A and B € B in Definition
(7) is a local affair. The question 7-coordination poses in terms of negotiation of
meaning is what is, if any, that coordination sentence # among those allowed by
the paradigm (“game”), such that local assignments of meaning match—mnamely,
A =0 and B |= 0. Of course, the problem of meaning negotiation arises from the
assumption that each agent’s meanings, namely guesses, are hidden to all others.
(To see this, recall the definition of SEQ and of communication function.) We have
made such assumption.

(9) EXAMPLE (Seekers and Providers) When we view communication as a way of
managing a seeker/provider relationship, for instance in an information retrieval
scenario, we may be concerned about how to make meaning relative to the seeker’s
needs—say finding some documents, “usable” by the provider in order to fulfill the
seeker’s requests, that is, to coordinate by providing him with those and similar
documents. How can the agents establish a common language interpretation over a
shared context that allows them to communicate meaning? How do such a shared
contex eventually emerge by meaning negotiation? An answer to these and related
questions, being important per se, might also address knowledge management, as
knowledge management is “the process whereby knowledge seekers are linked with
knowledge sources, and knowledge is transferred.” (A.J. Murray)?

"Retrieved August 8, 2001 from the World Wide Web: http://www.3-
cities.com/ “bonewman /what-is.htm.



3 Group Solvability

There is a sense in which some overall evaluation criterion is necessarily implied
by the definition of coordination. The most commonly analyzed case of managing
dependency in a context occurs when an individual or group decides to pursue a
goal from a set of possible goals (in fact, from a context) and then decomposes this
goal into activities, or subgoals, which together will achieve the original goal. In
this case, we call the process of chosing the goal goal selection and the process
of chosing the activities goal decomposition.

(10) EXAMPLE (Top-Down Goal Decomposition) A common kind of dependency
among activities is that a group of activities® are all “subtasks” for achieving
some overall goal. The strategic-planning process in human organizations may be
viewed as involving this kind of goal selection and goal decomposition process. In
computer systems, we usually think of the goals as being predetermined, but an
important problem involves how to break these goals into activities that can be
performed separately. In a sense, for example, the essence of distributed infor-
mation systems and multiagent systems is to decompose a “goal” into elementary
versus autonomous activities. Planning in artificial intelligence (see for instance
[AHT90, GHTO02] and the references cited there) is another example of goal de-
composition in multiagent systems. A “plan,” intuitively, is what we called an
“environment” in this paper.

In what follows, we advance a criterion of coordination where: (a) goal selection
from a set 7 of possibilities corresponds to convergence to a coordination sentence
0 (the “selected goal”) in 7, that is, to m-coordinate; and (b) goal decomposition
into sub-goals corresponds to group formation, where for each member of the
group that may eventually solve the goal, there is another member that plays a
sub-goal with the aim to help towards a complete solution. Goal selection and goal
decomposition are instances of the following definition.

(11) DEFINITION Let m C Lgepn, nonempty class A of structures, and set ¥ of
learning agents based on A be given.

(a) ¥ Gr™-solves A (written: A € Gr”™ (X)) just in case:

i. forall (¥,A),(®,A) € X, (¥,A) m-coordinates with (P
ii. for all (®,A) € ¥ and for all A € A, there are (U, A)
such that x|R(¥g, ®) is an environment for A.

JA);
ceXand ke N

In this case, A is said to be Gr”-solvable.
() Gr™ = {A | A is Gr™-solvable}.

The definition identifies the key components of a paradigm of group-learning
(or learning by groups).* We call a group (“based on A”) the set ¥ of learning

3A group of agents, by argument (5).
“In fact, it identifies a family of paradigms over the parameter 7.



agents that satisfies clause (a).ii of the definition. Goal selection is modeled by
clause (a).i. Goal decomposition follows from a composition of clauses (a).i and
(a).ii. The definition also gives a formalization of certain “matching problems.”

(12) EXAMPLE (Model-Matching Problem, I) Suppose that a coordination context
7 is partitioned into two parts, say 7, and m4. Let countable class A of structures
be such that for each A in A there is a m-coordination sentence 6 satisfiable in
A. Then we can represent the following problem of “model matching” [MBDHO02].
Given models (or “classifications”) (A, mp) and (A, 74) with their associated data,
namely, the elements in the union of all structures-in-A’ domains, for each 9 € m,
(i-e., “concept”), find the most similar 9 € mq, for a predefined similarity measure.
m-coordination provides a similarity measure in the strict sense of the existance
of a sentence @ in 7 such that ¥ = ¢’ = 0. Less strict measures are possible as
variants of m-coordination.

Given a problem of model-matching, a natural question is: “Is the problem
solvable?” According to the interpretation of goal selection and goal decomposition
we have given in the example above in terms of matching, the following theorem
helps to address answer.?

(13) THEOREM Let m C L4, and let countable class A of structures be such that
for every A € A there is 6 € 7 such that A = 6. Then A is Gr”-solvable.

The proof of the theorem provides a procedure of coordination between two
agents sharing a “convention of leadership.” Here is a sketch.

Let m = {0; € Lsen |i € N} and let {A;|j < w} be an infinite-repetition enu-
meration of the countably many members of A. Let e“*» be an environment for
A € A and let 6, € m be such that A,, = 0,,. We describe a limiting game of a
learning agent (V. m> , A) who interacts with a learning agent (U ;~,A) in
order to m-coordinate. To make 7-coordination possible, we assume that the agents
stipulate a convention regulating leadership. This is assumed to happen before the
beginning of the game. The convention we refer to in this proof is lezicographic or-
der on the agents indexing.® According to this convention, the leader is who among
the agents has the lower index. So, in particular, (¥<p m>,A) is the leader iff
<n,m> is lower than <k, ;> according to lexicographic order. The assessment of the
leadership is done by (U<, s, A) soon after the first two stages of the agents’
interaction are played. Now the game begins. By using the communication func-
tion, (V< p, m> , A) starts moving v, = v, to communicate to (V. ;- , A) that “if

5Because of the importance of the model-matching problem, we deserve its full study as an
independent problem to future work. As the scope of the present work is only to show how the
problem can be formalized within the more general setting of group-learning, we present hints to
problem solution as an example (See Example (14)).

50ne can identify several different types of conventions, or “agreement conditions,” which
may be used in different coordination scenarios. It is always assumed, however, that the agents
will settle on the convention to be used before the actual coordination process proper begins.
The selection of a piece of knowledge as shared by the agents is thus an important but meta-
coordination issue, whose general study falls outside the scope of the present work.

[



she will be the leader then she completely describe A,,.” This is done by enumer-
ating environment e“*». At the second interaction stage and, again, by the first
component of communication function (since guesses are “hidden,” communicat-
ing them to the partner is useless), (V< m> , A) moves v, = v, to communicate
to (Vg ;> ,A) that “if she will be the leader then she guesses (interacting with
(Uek,j>,A)) O forever.” From the third stage of the interaction onwards, both
the agents will know who is the leader. If (U, 1, , A) is not the leader, namely,
(Y<n,m>,A) is “the follower” so that (¥<y ;- ,A) results to be the leader, then
U, m> simply copies the moves of ¥y, ;- , precisely those moves U ;- advances
by the first component of his communication function. Also, ¥, ,,,~ outputs the
guess 6; in m produced by V. ;. Because guesses are “hidden,” in particular
to (Yep,m> , A)—in fact ¥y, > ’s input domain is SEQ, 6; is communicated by
(Uek,j>,A) to (Uep m>,A) via a literal of the form v; = v;. On the other hand,
if (Vep,m>,A) is the leader, then she is expected to act consistently to what
announced in advance by her first two moves, namely, she starts enumerating an
environment for A, (specifically: e), and starts guessing sentence ,, forever
after. The game ends in the limit.

Set & = {(¥<n,m>,A)| Ap E 0 }. Our claim that ¥ witnesses A € Gr™ (%)
is then easy to verify by the following argument. Observe that ¥ is nonempty. For
all A € A and for all (U, 5 ,A) € 3, let k& > n be such that A4, = A. Since
{A;|j < w} is an infinite-repetition of the structures in A, such k exists. Then,
(U<, m>,A) € X is the leader who enumerates an environment for .A. Moreover,
for all but finitely many ¢t € N, (R(Y<k,m>1,VY<n,m>))t = Om. On the other
hand, it is easy to verify that the convention on leadership stipulated by any two
agents in 3 ensures that each pair of learning agents in ¥ m-coordinate. Hence,
A € Gr™(X). This completes the sketched proof.

The technique for group formation provided by the proof of the theorem sug-
gests new ways of structuring goal selection and, expecially, goal decomposition in
multiagent systems. It may also applied to the problem of model matching.

(14) EXAMPLE (Model-Matching Problem, II) Think of seekers and providers of
Example (9) in terms of leadership. The following convention of leadership is
used. A seeker is always the leader of meaning, that is, who first chooses &
fixes the coordination sentence, or “concept,” for which a set of domain instances
(“documents”) is sought. A provider is always a leader in choosing the domain
of documents that satisfy the request, provided it has been understood correctly.
This is done by the help of seekers, who consistently use their communication
ability to formulate a request, namely, play an environment for a structure which
satisfies it. Then, the model-matching problem between (A, 7,) and (A, mq) is
Gr7-solvable. The construction of the group of providers that solves the problem
for each coordination sentence in w4 by m-coordinating with the seeker, as well as
the definition of the seeker, are similar to that we have sketched in the proof of
Theorem (13), but both are based on a different convention.



3.1 Computable Agents

How do information-processing limitations of a learner affect the desirability of
different paradigms of solvability? Are some methods of coordination appropriate
for coordinating people that would not be appropriate for coordinating computable
agents? The method we used to prove Theorem (13) is appropriate for coordinating
people, but it is not appropriate for coordinating computable agents, because the
undecidable choice of satisfiable goals. We now present an appropriate method for
coordinating computable agents by narrowing the interpretation of learning agents
to computable objects. We rely on the following somewhat technical definition.

(15) DEFINITION Let (A, : n € N) be a countable class of structures. We say
that (A, : n € N) is uniformly recursive just in case there is a total computable
function E from N x N to the set of infinite sequences over Lpys5. such that for
every n € N, Xi. E(n,1) is a environment for A,.

To illustrate, one might think to structure A, as a classification structure, for
example a tree, a graph, eventually a “concept hierarchy” [BBH98]. A, may be
used by an agent with background world included in (A, : n € N) to classify n
documents, or also a set of documents according to n related concepts. In the
latter case, a suitable classification theory I'c C Lo, should have A, as a model.

(16) DEFINITION A learning agent (¥, A) is computable just in case ¥ is com-
putable and A is uniformly recursive.

We are now ready to set the computable (recursive) version of the paradigm
of group-learning Gr™.

(17) DEFINITION Let m C Lgen be given. [Gr”|"¢¢ = {K |K € Gr™(X)}, where &
is a set of computable learning agents based on K.

Mimicking the proof of Theorem (13) and taking Ai . E(n,%) to be a computable
environment for A4,,, we have:

(18) THEOREM Suppose that (A, : n € N) is a uniformly recursive class of struc-
tures with infinite repetitions. Let m# = {0; € Lsen |7 € N} be such that there is
a total computable function f : N — N such that for every i € N, A; =0 (i)
Then (A, : n € N) is [Gr™]"“-solvable.

The proof of the theorem provides a procedure of coalition formation similar to
that of Theorem (13), but computable.

4 Discussion

Even though our paradigms omit many important aspects of human coordination
and distributed computer systems, they help illuminate a wide range of phenom-
ena. For instance, the models are consistent with a number of previous work
about individual learning [OdJMW97, MO98], coordination [Ago00a, MO99] and
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coalition/group formation [APM00, RS98, Syc89, Ago00b]. These models also
help analyze design alternative for distributed systems of “peers” [PSWO01] and
they suggest ways of analyzing the structural changes associated with introducing
the inductive approach to coordination into multiagent systems and organizations’
dynamics.

In addition to the processes described above for managing dependencies within
a context, two other processes deserve specific attention: communication and belief
TEVISIoN.

4.0.1 Communication

One obvious way of generating new coordination procedures is by considering
alternative forms of communication for all the places in a coordination process
where information, or also “knowledge,” needs to be transferred.” We restricted
attention to communication functions where actions are “basic” (i.e., formulas
in Lp4sic) and where the discovery machinery runs over sentences (i.e., formulas
in Lgen). Moreover, actions available to the agents can be limited to just atomic
formulas (no negations), or enriched to include universal or other kinds of formulas.
Many alternative definitions of an “environment” are possible. It is worth noting
that “real” multiagent environments may suffer omissions, erroneous intrusions,
or both omissions and intrusions.

4.0.2 Belief revision

At the borderline of our approach is the problem of belief changes—how an agent
should revise her beliefs to coordinate upon learning new information. The ar-
rival of data o, however, modifies an agent’s choice A of a structure in the agent’s
background word according to some fixed, but implicit scheme of belief revision.
The resulting new beliefs are denoted A + o and signifies the impact of o on A.
Belief revision is so far mostly defined for agents whose background world is a set
of sentences, possibly a “theory” (see for instance [Lev80, Gar88, M(O98]). On
the other hand, we have seen that our paradigms consider an agent’s beliefs to
be represented by a class of structures. New paradigms of coordination among
‘revision-based’ rather than ‘knowledge-based’ agents may then be advanced from
our work by answering the following question, among others: Is there a natu-
ral (justifiable on intuitive grounds), semantic generalization of belief revision in
the context of inductive inference, in which revision applies directly to classes of
structures? If the answer is “yes”, how to extend the mathematics of inductive
coordination as presented in this paper so as to be able to frame appropriate con-
ditions on the revision operator so that its use has a “rational” quality to it? We
leave these important questions to future work

"“Knowledge is information transformed into capabilities for effective action. In effect,
knowledge is action.”(P. C. Murray) Retrieved August 8, 2001 from the World Wide Web:
http://www.ktic.com/topic6/13-term0.htm.
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5 Conclusions

The key point of the foregoing discussion, and indeed of much of this paper, is that
the concepts of a coordination theory as that we have presented can help identify
similarities among concepts in different disciplines, among other we have mentioned
planning, knowledge management, and of course coordination, cooperation and
(meaning) negotiation in a multiagent setting. These similarities, in turn, suggest
how ideas can be transported back and forth across disciplinary boundaries and
where opportunities exist to develop even deeper analyzes.

To summarise, in this paper we have provided a framework to study the im-
portant topic of group-learning, where pairwise coordination is modeled over sets
of belief-based agents, eventually able to communicate the complete (see “envi-
ronments”) and local (that is, of each agent) meaning of their beliefs by using
the literals of a common first-order language. We have provided some examples
of coalition formation, and have showed how coalitions by coordination may be
used to solve some classes of structures, in a precise sense we have made actual
within the model-theoretic tradition of formal learning theory. Group formation
as depiced in this paper suggests an innovative way to intend group selection and
goal decomposition. As an important consequence for real applications to multia-
gent systems, we have showed how certain classes of structures may be restricted
to a computable setting, thus providing a suitable paradigm to analyze coordina-
tion and coordination mechanisms, for example “by leadership,” among groups of
agents with an internal “model,” such as a classification, beliefs, a concept hier-
archy or any other type of structured or semi-structured background knowledge.
Examples of meaning negotiation and matching were given.
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