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Abstract !

This paper examines the issues of machine learning in distributed knowledge systems, which will consist
of distributed software agents with problem solving, communication and learning functions. To develop
guch systems, we must-analyze the roles of problem solving and communication capabilities among
individual agents or knowledge systems. To facilitate the analyses, we propose a computational model:
LPC. The model consists of a set of agents with (a) a knowledge base for learned concepts, (b) a
knowledge base for the problem solving, (¢) a prolog-based inference mechanisms, and (d) a set of beliefs
on the reliability of the other agents. Each agent can improve its own problem solving capabilities
by inductive and/or deductive learning on the given problems and by reinforcement learning on the
reliability of communications among the other agents. An experimental system of the model has been
partially implemented in Prolog language. Experiments were carried ont to examine the feasibility
of the machine learning mechanisms of agents for problem solving and communication capabilities.
The experimental results suggest that the proposed model is executable for analyzing the learning

mechanisms applicable to distributed knowledge systems.

1 Introduction

Recently, a great deal of arguments have been devoted to the study of Very Large-scale Knowledge
Based Systems (VLKBs). There are two approaches in developing VLKBs. One approach is to de-
velop -a centralized system which can be used for various objectives as is stated in the Cyc project
[Lenat et al., 1990]. In this approach, it is vital to facilitate the reuse of large amounts of knowledge
according to the changes of the context in nse.

The other approach is to develop many cooperative knowledge systems in distributed environments.
The concepts proposed in Knowledgeable Community [Nishida et el., 1993] and Knowledge Sharing
Effort by DARPA [Neches 1991]) are categorized info this approach. Knowledge sharing, problem
solving, and communication are key issues for such systems. When one knowledge system cannot solve
a given problem by itself, it must ask other knowledge systems for intermediate results through queries
on the problem it is solving, and it is desirable to learn the final results for future use. This paper
focuses on such situations. '

In this paper, we propose a computational model: LPC. In the model, we assume that (1) a set of
problems is given to one of the agents, (2) any single agent cannot solve the problems, thus, the agents

'Presented Jnt. Symp. on Fifth Generation Computer Systems 1994 (FG05'94) Waorkshop on Hetercpeneous Coopo-
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must communicate each other, (3) the agents have abilities to learn from both problem solving results
and communications, and (4) the model has sufficient knowledge in total to solve the given problems.
The model consists of a set of agents with (a) a knowledge base for learned concepts, (b} a knowledge
base for the problem solving, (¢} prolog-based inference mechanisms, and (d) a set of beliefs on the
reliability of the ofher agents. Fach agent can improve its own problem solving capabilities by inductive
and/or deductive learning on the given problems and by reinforcement learning on the reliability of
communications among the other agents.

This paper is organized as follows: In section 2, the background and motivation of the research is
briefly described. In section 3, we explain the features of the proposed learning model. In section 4,
intermediate experimental results are described. In section 5, we discuss related work, then in section
6, concluding remarks follows,

2 Background and Motivation for the Learning Model

Very large knowledge system development efforts (e.g., Cyc project [Lenat et al., 1990]) have not usually
discussed the problems of learning in distributed environments. But such discussions will become one of
the main themes of distributed knowledge systems. In this section, we briefly survey the state-of-the-art
researches on distributed knowledge systems in order to darify our research motivation.

There are several researches on knowledge sharing and distributed knowledge systems. The first
example is Knowledge Sharing Effort (KSE) [Neches 1991]. KSE presents a vision of the future in which
knowledge-based system development and operation is facilitated by the infrastructure and technology
of knowledge sharing. It describes an initiative currently under way to develop these ideas and snggests
steps that must be taken in the future to try to realize this vision.

The second example is Knowledgeable Community. Nishida [Nishida et al, 1993] describes the scope
and goals of the Knowledgeable Community project and discuss how sharing of knowledge is achieved in
the knowledgeable community with a framework of knowledge sharing and reuse based on a multi-agent
architecture. In particular, they focus on the organizational structure that facilitates mediation between
those agents requesting a service and those providing the service.

The visions proposed in KSE and Knowledgeable Community are quite plausible for future distributed
knowledge systems; however, we believe that a simple and executable model for such excellent future
visions must be developed.

The third example is PACT (Palo Alto Collaborative Testbed) [Cutkovsky et al,, 1993], in which the
researchers develop a concurrent engineering infrastructure that encompasses multiple sites, subsystems,
and disciplines. Currently, PACT is one of few examples of distributed knowledge systems; however,
the framework proposed in PACT is too specific for general models of knowledge sharing. Again, we
believe that a model which is able to generalize the characteristics of specific distributed knowledge
systems must be developed.

Compared with the researches for learning agent systems, (for example, by [Weiss 1993]), our mo-
tivation is to give some insights for developing a general framework of distributed knowledge systems.
As is discussed in the other literature, in [Terano 1993], we also think the models should be used as a
common framework to analyze the problems not only of the future distributed knowledge systems, but
also of computer supported cooporative works (CSCWs), Computer Integrated Manufacturing { CIM)
[Cutkovsky et al., 1993], distributed information systems [Papazoglou et al,, 1992], and organizational
behaviors of social and software agents [Catley ef al, 1993], [CACM 1994].

In these applications, adding to planning and problem solving problems among agents in conven-
tional distributed artificial intelligence researches [Bond and Gasser, 1988], [Fox, 1981], the problems of



learning capabilities of both each agent and the whole system seem to affect the knowledge sharing,
problem solving, and communication facilities. If a user requires one of the knowledge systems to solve
some problems, that is, as we use the WWW in Internet, the system will generate one feasible solution
within the context the user has specified. The results should be learned for the future reuse. Such
learned results are fully context dependent and may differ from each other, when another knowledge
system solved the similar problems in the different context, where we might abandon the concepts of
completeness of the knowledge or common knowledge. '

This paper examines a multi-agent learning model for such distributed systems and describes some
intermediate experimental results. The main objective of the research is to verify and validate the
feasibility of learning mechanisms to improve problem solving and communication capabilities of multi-
agents in distributed environments.

3 A Computational Model for Distributed Knowledge Systems

The problems given to LPC consist of a set of tuples: {(G, E)}, where G is the goal of the problem,
and F is a set of examples common to all the agents. F is assumed to be static during the problem
solving. The information of Es are used to imprmre. the problem solving performance in similar manners
found in Multistrategy learning systems[Michalski 1993], [Michalski 1994]. If F is empty, the problems
become the same as the ones in distributed problem solving, If E contains plural examples, the agents
can utilize them for inductive learning,; and E contains only one example, the agents can use it for
deductive learning, when the agents have sufficient domain knowledge. The goal G is divided into some
sub-goals by each agent in the following way, if necessary, -

The agents of LPC solve a given problem in part by using the learned results and their own communi-
cation and problem solving knowledge. If they cannot solve the goal, they decompose it into sub-goals,
and then request the other agents to solve them. The requests are done based on the memory of the
other agents’ information. In order to improve the problem solving performance for a set of given sim-
ilar problems, (1} the agents of LPC compile the problem solving knowledge both within and among
agents via deductive and /or inductive learning techniques, and (2) the agents also organize themselves
by changing the information on which agents they should request to solve the (sub-)problems.

The agents in the proposed model are considered to be the model on heterogeneous knowledge bases,
because the domain knowledge, problem solvers, and communication facilities can be differ from each
other, when we implement concrete systems.

3.1 The Agents of LPC

The architecture and problem solving of the LPC agents is summarized in Figure 1.
The agents of LPC are defined by the following five tuples:

Ai=(LC;, KA;, Di, PS;, COM;)

1. Learned Concepts LC;: The agents memorize the operational knowledge [Keller 1988] for
learned coneepts of problem solving knowledge. The agents first try to use them for new problem
solving. If they are not applicable, use their communication knowledge and communication and for
problem solving functions.

2. Knowledge on the other agents KA;: The K A; consisis of a set of tuples: ( Ty, A;, R;),
where, A; is the name of other agent, T}, is the name of (sub-)problem sent to it, and R; is the
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Figure 1: Architecture and Problem Solving of LPC Agents
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credit value computed from A; and Ty, That is
='[{ f.i:: Aﬂ_‘i:R.f}}'

Each agent can memeorize a given number of tuples at a time.

. Domain Knowledge D;: The knowledge D;s of the agents are consistent with, but different

from each other. The contents of the D;s cannot be transferred among the agents; that is, the
agents do not know who has the correct problem solving knowledge. When the inductive learning
function is executed, D; is used as the bias for the learning. When general problem solving or
deductive learning functions are executed, D; is used as non-operational domain knowledge.

. Problem Solver PS;: Using PS;s, the agents solve the given (sub-)problems. The agent generally

executes PS; twice: first using only LC;, second using both LC; and D;. PS5; is further equipped
with some induetive learning functions. The power of PS;s can be different in each agent.

. Communication Value COM;: Each agent A; tentatively records communication values COM;

for other agents Ax. The value of COM; has one of the following forms:
( send, Ty, A; 5 Ay 15

( succeeded, S , Ai, Ay ),

{ fﬂﬂﬂd: Tk H ‘Ei 3 -"'i-!; }-r

‘where S} means the (sub-)solutions of Ty, The value of COM; is used to update K A:.

Problem Solving in LPC

The agents try to solve given (sub-)problems) by using learned concepts LCj, knowledge on other agents
K A;, or inductive learning via I);, then try to learn via communication and/or general problem solving.
The problem solving processes of the agents are summarized in the following. Steps 2, 3 and 4, and
steps 5 arid 6 can be executed different orders depending upon the features of the given pmhlems This
may cause some implementation issues.

1.

Problem Acce_ptiﬁg: When A; g;ets a message from another agent Ap, A; tries to accept a
(sub-)problem T%.

. Problem Solving via Inductive Learning Using common examples E and D;, PS; tries to
‘execute inductive learning. When the results are successful, A; refurns the results and update

LC;.

. Problem Solving via Learned Conceptis Agent A4; solves T, via P§;, if it can solve or decom-

pose T} using LC;. When the results are successful, A; returns the results.

. Problem Solving via Knowledge on Other Agents When A; fails in the above step, it will

inform the name of another agent A; to Ap by using K 4;, if B; of KA; has a large enough
reliability value, which means A4; has a higher possibility of solving Tp. When the resulis are
successful, 4; returns the results.

. General Problem Solving: PJ; tries to solve Tt using both LC; and ;. When the results are

successful, A; returns the results and update LC;. If it fails, the results are moved to COM;.



. Solving New Communication Paths: When the results of the problem solving are successful,
A; returns the results. When the results of the problem solving are not successful, COM; opens
the communication to another agent A;. The communication trials continue until another agent
accepts it. Upon acceptance, COM; updates K 4;.

7. Credit Value Computing: After the execution of Steps 4 or 6, The credit value R; increases
when the agent A; succeeds to solve T}, and decreases when A; fails to solve Ty The values are
compiuted based on the techniques of profit sharing pattern type eredit assignment algorithms in
genetic algorithms and reinforcement learning,.

4 Experimental Results

4.1 List Replacement Problem

In the experiments, we use the list replacement problem as a testbed. Simple illustrations of the problem
are shown in Figure 2. A list of items with constants or variables accompanied with or without examples
is given to the model. The goal of the problem solving is to make the given list empty, by decomposing,
deleting or replacing the elements via knowledge among the agents. The problem is quite simple but
scalable in the size. The problem aims o simulate cooporative works of multi-agents in manufacturing
processes, office works, query processing in distributed systems, and so on. Therefore, we think the

problem is just complex enough to assess the initial feasibility of the proposed model.

(1) List Replacement Problem withowt Exemples
Initial Problem: {[a, cd, bed], (3}
Gaol: 0, O
== Preblem solving by Agent-i:
Enceledge: a --» cd Besult: {([cd, cd, bed], ()}
W% Divided inte a Subproblem
== Problem solving by Agant-2:
Enowladge: ecd -—> a Result: ([e, o, bal, {J}
BHE Aggrégate Subproblems
== Problem sclving by Agent-3:
Enowladge: b == mil Result: ([a, &, &], ()
’ WL Partial Problem Selwved
== Problem selving by Agemt-4:
Fnowledga: e --» nil Result: ([J, ()}
Y% A11 the Problem Solved

(2) List Replacement Problem with Plural Examples

Initial Problem: {([a, cd, becd],
{([a, cd, bed] => [a, 4, bed])
{{a, cd, bed] -» [a, cd, bd]}
([a, of, bed] => [a, d, BAII)D
== Problem solving by Agent-1:
Engwledge: a ==> cd Result: ([cd, ed, bed],())
{[cd cd, bed],
(([a, cd, bed] => [a, &, bad])
{[a, cd, bed] =* [a, cd, bdl}
([a, ed, bod] => [a, d, Bd]}))
Y Divided imte a Subproblem
== Problem solving by Agent-B:
Enowledge: Rasult: ¢ ==> nil
Wi Imdeetive Learning
{[d, 4, bd],
({[ed, ed, bed] =» [a, 4, bedl)
{[a, cd, bed] =» [a, cd, Bd])
([a, ed, bed] -> [a, 4, bd]}))
Y4% Partial Problem Solved
== Problem solving by Agent-3:
Encwledge: b --» nil
([a, d, 4],
(([a, cd, bod] -» [a, 4, bed]}
([a, cd, bed] => [a, ed, BA]}
([a, cd, bed] ~> [a, d, bd]2})

Figure 2: Illustrative Examples of List Replacement Problem

4.2 Experiments on Problem Solving and Communication
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Figure 5: Learning from Communication in LPC Model

The experimental system is partially implemented. The main differences of the architecture in Figure
1 are that (1) the inductive learning component is omitted, and that (2) the reinforcement learning for
communication knowledge only gives on-off values for the other agents. We have used 10 agents in the
experiments.

When agents are continuously given similar problems, they begin to learn rapidly. Figure 3 shows
the results of giving agents a knowledge intensive problem, in which each agent has sufficient number
of memories for storing learned concepts. In such a case, the learned concepts have been gathered into
specific agents. As a result, shown in the white line in the figure, the total corresponding problem
solving steps are reduced remarkably. However, if we limit the number of memories for each agent equal
toonly 2, then the problem solving steps become larger than the one with sufficient number of memories
as is shown in the gray line in the figure.

Next, in order to assess the effects of the communication functions, we have preparad two different
organizational structures of agents: the one is hierarchical structure, in which the communication is
restricted to the structure shown in Figure 4 (1), the other is flat one, where every agent can communicate
with each other in Figare 4 (2).

In this experiment, the agents in the flat structure begin to form seli-organized optimal communication
paths. Figure 5 shows the number of trials and the number of communications. The white and gray
lines in the figure respectively show the results of learning via communication for flat and hierarchical
organizations. This result comes from the fact that the flat organization is more flexible fro the given
problems than the hierarchical one. This result indicates that the agents’ communication knowledge
was restructured as learning proceeded in the distributed environment.

5 Related Work on the Learning Model

There are several researches in the literature on multi-agent learning models. The architecture of the
proposed model is some extensions of the ideas in practical systems e.g., presented in [Sugawara, 1993],



[Vittal 1992]. The learning mechanisms equipped in such systems are considered fo be limited ones
from the problem solving perspectives. The proposed model has provided a uniform framework for
such learning mechanisms. Shaw [Shaw 1989), Weiss [Weiss 1993], and Tan [?] deal with reinforcement
learning in multi-agent systems. The problem is how several agents can collectively learn to coordinate
their actions such that they solve a given environmental task together. We think that these ideas are
effective in learning by communication in multi-agent learning. Although the examples presented here
is a very simplified one, we think that it has a potential described in [Bradzil 1991] or [Sian 1991].

The self organizational properties found in [Ishida, et al, 1992] can also be simulated in the proposed
model. Furthermore, the problem solving schemas and communication protocols found in [Smith, 1980],
[Collin et al, 1991], [Bridgeland et al., 1090}, [Mason et al., 1989], [Georgeff, 1983], and
[Yokoo et al., 1892] may be introduced in the proposed model.

There are some other researches about the extension of EBL. Delong {DeJong et al., 1986] argues
that the inadequacies of the framework by Mitchell [Mitchell et al., 1086 arise in the tmatment of con-
cept operationality, organization of knowledge into schemata, and learning from observation, Yamamura
[Yamamura, Kobayashi, 1991] have augmented the framework of EBL on plural examples, and consid-
ering relations between generalizations and operationality, and proposed a learning method to generate
operational generalizations incrementally. These researches concentrate on the extension of the EBL
framework within a single knowledge system. Oun the other hand, the concepts of learning by problem
solving is another extension of EBL researches into multiple distributed exvironments [Cho 1994].

6 Concluding Remarks

This paper has proposed a machine learning model from problem solving and communication for dis-
tributed knowledge system. Qur framework is applicable to the next generation information systems,
which will involve distributed information agents which work in a synergistic manner (cooperatively) by
exchanging information and expertise, coordinating their activities, and negotiating how to solve parts
of a common knowledge-intensive problem. ' '

The multi-agent learning model proposed here is also considered to be some extensions of knowledge
acquisition tools [Boose et al., 1988] and machine learning techniques [Michalski 1993] for distributed
environments, The model can he extended so that the domain knowledge which each agent has (i.e., the
capabilities for problem solving) will increase as time passes. Further, it is natural from our prospect
that the domain knowledge is partially exchangeable among the agents.
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