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Abstract We propose a new approachto communication between agents that
perform inductive inference. Consider a community of agents where each agent has
limited view of the overall world. When an agentin this community induces a
hypothesisaboutthe world, it necessarilyreflects that agent’s partial view of the
world. If an agent communicates a hypothesis to another agenthankdypothesis

is in conflict with the receiving agent’s view of theorld, then the receiving agent

has to modify or discard the hypothesis.

Previous systems have usedvoting methodsor theory refinementtechniquesto
integrate these partial hypotheses.However, these mechanismsrisk destroying

parts of the hypothesis that are correct. Our proposal is that an agent should
communicate the bounds of an induced hypothesis, along with the hypothesis itself.
These bounds allow the hypotheses to be judged in the context from which they were
formed.

This paper examinegsing version spaceboundarysetsto representhesebounds.
Version space boundary sets may be manipulatedusing set operations. These
operationscan be usedto evaluateand integrate multiple partial hypotheses.We
describe a simple implementatiar this approach,and draw someconclusionson
its practicality. Finally, we describea tentative set of KQML operators for
communicating hypotheses and their bounds.

1. Introduction

In this paperwe addressgthe question:“How should agentscommunicatenductive
inferences?"This question is importartecauseof a growing interestin systemsthat
distributea learningtask amongsta community of agents(Weiss and Sen, 1995).
Such systems are often referred to as multi-agent learning systems (Brazdil, 1991). The
question is also relevant to the developmentof the Knowledge Query and
Manipulation Language (Finir,993). KQML currently doesnot define standardgor
the communicationof inductive inferenceslnductive inferencediffers from deductive
inferencein thatit is logically unsound.This meansthat a logical sentencederived



using inductive inference with respectto partial knowledge of a world may be
inconsistentwith the world as a whole. This is the central problem when
communicating an inducdaypothesis.In a multi-agentlearningsystemthis requires
agents to evaluate or refitgypotheseproposedoy otheragents.The major problem
with this is that the refinement process may change the rule so that wisilsbitect
for the refining agent, it may no longer berrectwith respecto the original agent’s
view of the world.

We were initially motivated by desireto extendKQML so thatit could be usedfor
communication within multi-agent learning systerAd. previoussystemshaveused
a variety of message#o facilitate communicationbetweenlearning agents.We had
intendedto rationalisetheseinto a core set of KQML messageprimitives (or
performatives)Thesewould have beenperformativessuch as “learn”, “refine”, and
“test”. However, the following questionarose:“How could inductive inferencesbe
communicated,whilst simultaneously maintaining a logically sound distributed
knowledge-base?This led us to proposea solution basedon the communicationof
the bounds to the inductive inference."

Version spaces (Mitchell, 1978) seem the natural candidate to describe these bounds, as
they represent all possible hypotheHeast are consistentwith an agents’view of the

world. In Section2.2 we provide an overview of Mitchell’'s work and review more

recent extensions to it. Briefly, Mitcheshowedthat for a given supervisednductive

learning problem, that thgpaceof consistenthypothesesnay be representedby two
sets,one containingthe most generalhypothesesndthe other containingthe most

specific hypotheses. These are jointly called the version space boundary sets.

This paper examines theasibility of using versionspaceboundarysetsto represent
the boundsof an inductive hypothesis.Thus an agent that receives an induced
hypothesis and the bounds now knows the space of hypothesea#winsistentor

the sending agent, as well as the particular hypothesis thegalessed The receiving
agent is now able to modify the specifigpothesisif it is inconsistentwith its own

world view, but can constrain the modifications it makes tediesistentwith the set
of hypotheseghat wasvalid for the originating agent.We shall now give a simple

example of the problem and the solution.

1.1 A Simple Example

In orderto demonstratehe problemof agentscommunicatinginductive hypotheses,
we considerthe simple goal of learning a propositionalbinary relation. Even this

trivial task (there being just 16 possible hypotheses)demonstrateghe essential
elementsinvolved. We describethe learningtask, how it is representeés a version

spaceandthenshow how it is affectedwhen distributedbetweentwo agents.In this

example we are only considering distribution of the training examplés.is referred
to ashorizontaldistribution. However,other aspectsof the learningproblemcan be

distributed. These include verticdistribution of examplegagentseachhave different

facts about all the examples),as well as the distribution of languagebiasesand

selection biases.



1.2.1 A Simple Supervised Learning Problem

The task is to learn an intensiortfinition of a relationf(X) in termsof two unary
predicateqe.g. p(X) andq(X) ) andthe full rangeof Booleanoperatorg(i.e. —,00,0).
We are given positive and negativeextensionalexamplesof f(X), and the Boolean
value of p(X) and q(X) . Thus there are 4 distinct possibilities for any particular
example(correspondingexactly to the traditional propositionaltruth table shown in
Table 1).

X p(X) aX) f(X)
0 F F ?
1 F T ?
2 T F ?
3 T T ?

Table 1 A truth table for features p(X) and q(X)

There are 2(i.e. 16) possible hypotheses for the definitiofi(%j. However,oncewe
haveseena positive or negativeexamplefor eachone of the four truth table rows,
then the relation will be known. However, given léisan the four distinct examples,
an inductive leap must be made. This simple example shows the inputs to an
inductive learning algorithm:

1. The conceptual bias is simghX) andq(X).

2. Thelanguagebiasis all possiblelogical combinationsof the conceptualbias.
Together 1 and 2 constitute the concept description language (CDL).

3. Theselectionbias is the preferencethe algorithm hasin selectingone of the
remaining set of possible hypotheseswhich are consistentwith the training
examples. TypicallyOccam’sRazoris used,which selectsthe shortestsyntactic
hypothesis (e.g. given a choioé p(X) [J f(X) or p(X) L g(X) ZJ f(X) it would
chose the former).

4. The training examples are of the fofabject-1)7{T, F}, p(object-1)[J {T, F},
g(object-1)J {T, F}.

1.2.2 Representing the Problem as a Version Space

We can now show the versi@pacecorrespondingo this example(seeFig 1). Each
node of the version space represents a hypothedigpothesiscan be representedby
the extensionalefinition of the relationf(X), i.e. asa setthat containsthe distinct
valuesof X suchthat f(X) is true. The hypothesisis equivalentlyrepresentecy an
intensional descriptiom termsof p(X) andq(X). In Fig 1, eachnodecontainsboth
forms. Each node contains a description of the &8} = P , where{2,3} represents
the extensional form, and P represents the intensional form of the hypothesis.



A hypothesishlis more general (or more specific) thahypothesish2, iff hl [7 h2
(orhl1 7h2). The lattice connecting theodesis a partial orderof generalitybetween
hypotheses. This partial order is most cleadgnin the extensionaform. With this
particular concept description language (CDL), tteesonly 4 distinct objectsin the
universe,which are denotedby n [0 {0..3}. Thus the hypothesis-p(X) [J =q(X),
covers a single object ({0}), which is more general thattom node (describedas F,
for all false), covering nabjects({}), anddirectly more specificthanthe hypotheses
=p(X), =q(X), and(=p(X) L~q(X)) T (p(X) 7 q(X)), which cover{0, 1}, {0, 2}, and
{0, 3} respectively.

C{OJ,Z} = -pV-q> C{OJ,S) =-pVq ) 60‘2,3} =pV-q ) C {1,23}=pVq )

( {01}=-p ) ( 0.2=q ) @,3):"9&"QVD&Q> @2}:“9&qu&"€{> ( {13=9 ) ( 23}=p )

(o) Crw) Cme) Com)

n P q
0 F F
1 F T
2 T F
3 T T

Truth table for 2 attribute values

4=Fr

Fig 1: A version space for features p(X) and q(X).

A version space allows us to express the set of imbthesesn termsof boundary
sets consisting of the most specific generalisations(G) and most general
specialisations (S). Normallg andS will be describedntensionally. The ability to
represent a set of hypothedssthe boundarysetsis the essencef the power of the
version space approach.

Let us now look at how the version space changes with training examplésds&e
Initially, G is setto T (standingfor “all true”, the top node),andS is setto F (the
bottom node). Now these describe the initial versipace becausell 16 hypotheses
are valid with respect to no trainimxamplesimaginenow, that we havea negative
training examplef(object-1) where p(object-1) and g(object-1) are both true. This
changes G front to =p(X)[~q(X), leaving only 8 possible hypotheses.



No examples After first example (negative) After second example (postive)

Fig 2: Updating the version space.

Now if we havea positive examplewherep(X) andq(X) arefalse,thenthe S setis
changedo -p(X) J =q(X). There are now only 4 possible hypothesedeft (G, S,
=p(X), and-q(X)). Note that if G predicts an unclassified training example to be false,
then it is, but if it classifies it as positive, then it may be wrong. S is the imae,
until we haveG = S, thenwe must guessif an unclassifiedexamplefalls into the
spacebetweenG andS. This basisfor this guessis the selectionbias. If Occam’s
razoris used,thenwe would selectthe shortestone, in which caseis a randomly
choice between p(X) or = q(X).

Traditionally, a supervisedconcept formation learning algorithm such as ID3
(Quinlan, 1986), FOIL (Quinlan 1990), or FOCL (Pazzani, 1992), directly calculates a
hypothesis,without consideringG & S. However, by definition, even a directly
calculated hypothesis has a versgpace.The basisof proposedapproachs, in fact,

that agents make this version space explicit.

1.2.3 Distributing the Learning Problem

Let us now turn our attentionaway from the version spacerepresentatiorof the
hypothesisspace,and examinedistributed learning in the context of this simple
example. Imagine two learning agents, each of whichwadlistinct setsof training
examples. If all these examples were givenre agent,thenthe relationf(X) would
be fully defined, and the intensional definition woulddoeind.However,with only 2
exampleseach,the best each agentcan do is to generatethe set of 4 possible
hypothese®ach,and choseone accordingto its selectionbias. For example,let us
consider a situation in which the agents havetthiming examplesshownin Table 2
and Table3 below.



X p(X) a(X) f(X)
2 T F F
3 T T T

Table 2: Examples for Agent 1.

X p(X) a(X) f(X)
0 F F T
1 F T F

Table 3: Examples for Agent 2.

This examplewas generatedising the FOCL program(Pazzani, 1991). For agentl,
the actualversionspaceis G, = =p(X) [Jq(X) and S, = p(X) J q(X). The selected
hypothesisusing FOCL, F,, is q(X). For agent2, the actualversion spaceis G, =
p(X) O =q(X) andS, = =p(X) J =q(X). The selectedhypothesis,F, is =q(X). So,
what is the problem? Quite simply, each agent generatesa hypothesisthat is
inconsistent with respect to all the examples. The correctqaunad)inferencefor the
undistributed examples should pep(X) L=q(X)) L (p(X) 7q(X)). If either hypothesis
(F, or F,) was tested against the other agent’s two examples, it clasghyexamples
incorrectly. So what is the solution ?

1. The simplestsolution would be to sendall the training examplesto one agent.
However, weareonly dealingwith distinct examplesput therecould be a large
numberof duplicateexamplesFor example,let X be US Social Security ID’s,
and p(X) representmale or female, and q(X) representemployedor not. The
hypothesiswe are learningfrom examplesmay be femaleunemployedand male
employed, and yet there could approximately2.2 x 10° training examples(the
US population) , of which there aomly 4 possibledistinct examplesgiven this
conceptual bias.

2. The second solution if®r one agentto sendthe inducedhypothesisto the other
agent, and then for this agent to perform theory revisiom, onith respecto its
own examplesWe haveattemptedhis using the theory revision mechanisnof
FOCL (Pazzani,1991). Agent 1 sendsits inducedhypothesis(q(X) [J f(X)) to
agent2, which usesit as backgroundknowledge.Even given this information,
FOCL returns—-q(X) J f(X) asthe hypothesisfor agent2. What went wrong?
There is aundamentaproblemfacing theoryrevision: the theory revisercannot
know what version spacethe backgroundknowledge was selectedfrom. The
FOCL revision algorithm has to make an assumpéisto the versionspacethe
rule is drawnfrom. A naturalapproachs to assumehe theoryis over specific
and/or over general. In this case, we can see that the hypothe$esory reviser
canconsiderare{F, —p, =q, =pLf, p[A, T}, (seeFig 3). None of which fall
within the version space of the second agent’'s examples.
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Fig 3: Theory Revision and Version Spaces.

3. The third solution forms the basis of our approach. Agent 1 must send the version
space that bounds its chosen hypothesis, as well as the hypothesis itsetieNow
secondagent may searchthis for a hypothesisconsistentwith its example
(perhaps using the induced hypothesss starting point), or it may useversion
space intersection [Hirsh 89] to find the solution.

1.2.4 Intersecting Version Spaces

Let us finally demonstrating how the version spatagentl canbe intersectedvith

that of agent 2. A version space is a set, and thus can be intersecteds Ehgiraple
algorithm to do this if the CDL is unrestricted logically. This is simply to conjoin the
G sets, and disjoin the S sets. Fig 4 shawgxampleof the intersectionof the two
version spaces from the previous example.

The first twoversionspaceshow the set of possiblehypothesisfor eachagent,and
the one preferredby FOCL is highlighted. The final version spaceis the result of
intersectingthe two sets, which in this caseis a singleton, containing the only
possible hypothesig;p(X)[~q(X)) £ (p(X) L7q(X)). If the intersection is not a single
hypothesisthen one again could calculatethe preferredhypothesis,accordingto a
particular selection bias.
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Fig 4: Intersecting Version Spaces

For completeness’ sake, the symbolic form of the intersection is as follows:
G = (p(X) 0q(X)) O(p(X) O=q(X))

= (=p(X) Op(X)) O (p(X) Oa(x)) O (=p(X) O=q(X)) O (q(X) O-~q(X))
(p(X) 0 a(X)) O (=p(X) O=q(X))
Sie (p(X) D a(X)) O (=p(X) O=q(X))

As can be seen,G and S are identical, and so we detectthe version spaceis a
singleton.

1.3 Structure of the Remainder of the Paper

In Section 2we describesomepreviousmulti-agentlearningsystemsand provide an
overview ofversionspacetheory. We also review the Inferential Theory of Learning
which we plan to use as the basis of our communication language (Michalski, 1993).

In Section 3 we describe our initial implementation, and discusgrtwticality of the
approach. We also discuss a humbefieafuresof boundaryset representations/hich
may prove useful.

Section 4 attempts to outline tl&QML performativego be usedin communicating
inductive inferences.

Section 5lays out the future direction of this work. In particularwe discusshow to
increasethe efficiency of our approachhow to handleintegrating different learning
biases, and how to deal with limited relational (i.e. first order) learning tasks.



2. Related Work

2.1. Multi-Agent Learning Systems

Brazdil et al. (1991) discussa numberof early multi-agent learning systemsand
attempta classificationof the generaltypes. They defined a multi-agent learning
systemas one in which two or more agentscommunicateduring learning. Their
simplest class of system is when distributed data-gathering agents communicate with
single learning agent. Given that this trivially requiresan algorithm to modify a
concept with respect to new examples, tttéa classcan be thought of asabstractly
including all incrementallearning algorithms, e.g. ID5 (Utgoff, 1989) and theory
refinementsystems.e.g. EITHER (Mooney & Ourston,1991). The secondclass of
systems integrate individual agent’s hypotheses into a single theory. One risetbod
simply order the hypotheses (Gart889). Another methodis for the agentsto vote

for the besthypothesis(Brazdil & Torgo, 1990). The final classof systemdiscussed
by Brazdil et al. are hybrids, in which agentsboth refine and vote on hypotheses
during the inductive process; see for example (Sian, 1991). It should also bé¢hadted
agentsmay communicateknowledgeinducedby one agentwhich is then used as
background knowledge for another learning goal; see, for example (Davies, 1993).

Since this initial attempt to survey activity in the area, a number of additional systems
and methodshavebeendevelopedProvost& Hennesseyl1995; Silver et al., 1991,
Svatek, 1994; Chan & Stolfo, 1995. There have also been a numberkshops,as

well as a comprehensivesurvey of learning in Distributed Artificial Intelligence
(Weiss and Sen, 1995) Researchers in the fietofputationalearningtheory have

also analysed aspects of the area of multiple learibeseinclude Kearnsand Seung
(1995) who modelinductive inferenceusing an “oracle”. Normally, eachcall to the
oraclereturnsa single classifiedexample.They show that to model a systemwith
multiple learners, each call to the oracle should return a summary of the examples seen
by a single agent. Cesa-Bianchiet al. (1995) also addressa similar problem and
presentalgorithmsfor integratingthe resultsof “experts” (single agentsthat makea

series ofpredictionsover time). Finally, Jain& Sharma,(1993) addresgshe issueof

team learning, in which just one agent of a team must learn the correct concept.

2.2. Version Spaces

Mitchell (1978)first introducedthe version spacemodel of inductive inference,by
demonstrating how inductive inference could be seem searchfor andthrougha set
of hypothesegonsistentwith the availableknowledge.This setof candidateconcept
definitions is called a&ersion spaceThe basic components usedctinstructa version
spaceare: positive and negativeexamplesof the conceptand representationabiases
(also called the Concept Description Language or CDL).

The first representationabias is the set of termsthat can be usedto describethe
concept (often called the conceptualbias). The secondrepresentationabias is a



restriction on the logical combination of these terms (often called the logical
language). The examplésgetherwith the representationabiasesuniquely determine

the versionspaceof an inductive inference.The examplesare usedto eliminate all
inconsistent hypotheses. The representational biases constrain the available
hypothesesThe conceptuabias determineghe maximum size of the versionspace.
The logical languagecan decreasethe size of this space,by disallowing certain
hypotheses. It shoulbe notedthat backgroundknowledgecan be useddeductivelyat

any stage in this process: whether it is to determine the classification of an ewample
to deduce values of the terms used in the concept description language.

Mitchell demonstrated that a part@ideringexists over the hypothesesbasedon the

subset relation between the extensional definitions of hypotheses. This qraiaig
defines a lattice which allows theersionspaceto be representedising two boundary
sets(G and S), which containthe most generaland most specific hypothesesAs

training examplesare presentedthe boundarysets are updatedusing the Candidate
Elimination Algorithm (Mitchell 1978).

To completethe inductive inferencea selectionbias is appliedto the version space.
This imposesa preferenceorder over the candidatehypotheses An example of a
selectionbias is Occam’s Razor, where hypotheseswith shorter descriptionsare
preferred. However, it should be noted thatladl hypothesesn the versionspaceare
valid concept definitions for the availabdsamplesThis is why maintainingversion
spaces keeps an inductive inference logically sound. If we selebtiypoghesis(using
the selection bias), then we are uncertain if that coraefiptition is sound.However,
if we maintain the set of all consistent concept definitions, it can be statezkdudy
one of these definitions is sound. As mesamplesand/orrepresentationdbiasesare
addedthenthe versionspacecan convergeto a singleton hypothesis,which is the
logically sound definition of the concept. However the agent should never
communicatea selectedcandidatenypothesisasif it had beensoundly deduceduntil

this point is reached.

It is also possible to obtain the same convergence effect by interseetsign spaces
(Hirsh, 89). For a given learning goal, the examples and representationaldaiabes
partitionedbetweenseveralagents.Eachagentthen learnsa versionspaceconsistent
with the available knowledg&.he resultingversionspacescanthen be intersectedo
form a new version spac&his versionspaceis identicalto the onethat would have
beengeneratedy a single agentwith all the examplesand representationabiases
available to it.

Hirsh extended the original version space model in several ways. Firstly, he defines the
mathematical conditiong@dnvexityanddefinitenessthat are necessary to represeat
hypothesisspaceusing boundarysets. Convexity occursif a subsetof a partially
ordered set does not contain any “holegth respecto the partial order. Definiteness
occursif a sethasa finite numberof elementsat the upperandlower limits of the
partial order. These properties taken together allow a hypothesis spaceto be
represented using boundasgts (andthus the spaceis a versionspace)Hirsh proves



that all finite Concept Descriptiobanguagesre representablas versionspacesand
we will therefore restrict our discussion to these languages.

Secondly,Hirsh provesthat two version spacesmay be intersectedto form a new
versionspacethat is consistentwith the two original versionspaces.He definesan

algorithmto performthe intersection.Hirsh suggestghat this algorithm be usedto

incrementally learra versionspace by creatingversionspacefrom single examples,
and then intersecting them together. He alsmonstratebiow backgroundknowledge
canbe incorporated,by generatinga version spaceconsistentwith the knowledge,
which can then be intersected with the version space langedfrom the examples.
This allows versionspacedo be usedfor explanation-basetkarning(Mitchell et.al.
1986), as well as for conceptlearning. It is importantto note here that any two

version spacescan be intersected.By proving this property, Hirsh allows us to

distribute the task of inductive inference, as described earlier.

Smith (1995) adopts a similar approach to Hirsh, but descititedategrationprocess

as a constraint optimisation problem. His asrmo simulateany inductive algorithm

using a set of constraints and preferences. We will not examine his work in detail here,
except tonote that it addressethe issueof formally specifyingthe inductive biases.

He shows how biasesmay be describedusing regular grammars(or finite state
automata).

2.3. The Inferential Theory of Learning

Michalski’'s (1993) Inferential Theory of Learning describesa unified theory of

learning. Simply put, the theory states that therehaetypes of inference:deductive
and inductive, which give rise to other forms of reasoningsuch as analogy and
abduction. Theseccurwhenmeasure®f similarity are introduced.Michalski argues
that a learning problem can begardedas the applicationof inference-basedperators
to knowledge. Irthis model,therearetwo basicsetsof knowledge:the referenceset
and the descriptor set. The referencedefinesthe input to the inferenceprocesyi.e.

the training examples)whilst the descriptorset definesthe output model (which we

refer to here as the concept description language).

Operators may manipulatbe referenceset or descriptorset. Eight pairs of operators
are defined which transform the knowledgethe system,andthreepairs of operators
which manipulatethe knowledge (but do not transform it). The transformation
operators include the following pairs which relate to inductive inferences:

e Generalise& Specialisechangethe number of objects coveredby a concept
definition;

e Concretion& Abstractionchangesthe numberof hypothesesby varying the
descriptor set;

+ AssociateandDisassociaténcrease or decrease the size of a reference set;

« Characteriseand Discriminate define the targetconceptin termsof the reference
set(s);



* Selectand Generateeither selecta candidatehypothesis,or generatea set of
hypotheses.

The three remaining operataedateto clustering,analogy,similarity basedearning,
and ad-hoc modifications of existing knowledge.

Michalski’s centralargumentis that a learningagentcanbe designedwhich applies
any of these operatots knowledgeto achievea given learninggoal. We agreewith
his thesis, but have modified it to fit the version spacemodel in a distributed
environment.Thus the ITL combinedwith version spacesforms the basis of our
proposed KQML operators in Section 4.

3 An Initial Implementation of Distributed Learning using
Version Space Boundary Sets

This section describes a prototype learning agent that uses versiomspadarysets

to bound induced hypotheses. It both creates the boundary sets for commuracdtion,
uses received boundary statsboundthe refinementof hypotheseslts basiclearning
algorithmis an attribute value version of FOIL (Quinlan, 1990). That is, it uses
training examples in the formttribute(example-idyalue) andgeneratesiorn clauses
that describethe given concept.We use the EPILOG theoremprover (Genesereth,
1995) to provide deductive inference capabilities.

Our intended model of distributed learning is as follows:

e Agents generatethe hypothesis(F) that best fits their view of the training
examples and boundary sets G & S that dest¢hib@ersionspaceof the training
examples (and of course the CDL).

« Oneof the agentsthen receivesall the other hypothesesand boundsand then
performs the following steps:

1. Conjoin all the G bounds and S bounds to produce G’ and S’

2. Check to see if any of the hypotheses obey the following relationship:
S5 F- G

3. If one does, then this is the best hypothesis (F).
4. Else use G’ and S’ to generate F'.

e The triple G', S’, F' nowrepresentshe besthypothesisfor the communityasa
whole.

Step 2 follows from thdact that the implication relationaloperatoris the inverseof
subsumption, and that the relationship defines membeostilpe versionspace . Step
3 follows from the definition of selection bias apartial orderingof the hypotheses.
Step4 makesuseof a heuristic, that the shortestF’ in a DNF CDL problem, is
describablan termsof the disjunctsof G'. An informal proof suggeststhat every
disjunct in G’ keeps negative examples outha hypothesisspace but not eachone
is needed to cover the positive examples (S’). Therefore to sinarldecam’sRazor



selection biasye needonly try combinationsof G’s disjuncts.Note that we do not
yet say that it is identical to thetRat would be producedby an approachemploying
an Information Gain metric (Quinlan, 1986) or Minimum Description Length
principle (Quinlan, 1994 )

Our agent’s basic inductive learning algorithm is as follows:

1. Initialise two sets P and Mccordingto whetherwe aregeneratingG, S, F from
examples, or using G and S to generate F.

2. Create an empty clause.

3. Add literal to the clause amg@movefrom P andN training exampleghat do not
follow from the clause.

4. Repeat 3 until N is empty
5. Save the clause, then reset N and repeat from 2 until P is empty.
6. Return the clauses.

This is basicallythe Separateand Conquerapproachemployedby FOIL and FOCL.
However, thedifferencelies in how P andN arerepresentedf we are generatingG,
then N is set to the negative examplesavailable, whilst P is initially defined
intensionally as @etof size sizeof(all-true)- sizeof(N) The reverseis true if we are
generatingS. We maintainP (or N) by calculating sizeof(currentclause) If we are
generatingF (from examples)then P and N are set to the examples.If we are
generating F from G and S, then we set P to be S’ and N to be the complement of G'.

We implement the function sizeof(X) basedon the fact we know the concept
description language contains a finite set of liter@snsidera sentenceconsistingof
a disjunction D of conjunctions,OC, of literals L,..L,. Thussizeof(X)is defined as:

sizeof (D) = (5 cp sizeof (C)) - sizeof(cgtc):)

sizeof (C) = ; |£| sizeof (Ln)
LEIngeOf(L)

sizeof (L) = |valu&s_of _ L|

3.1 Initial Observations

For small languages, the procedure works well. However it spalasy. An analysis
(promptedby initial experimentspf sizeof(X)suggestst is NP-Hard. This is based

on the observation that the algorithmaigemptingto countthe numberof examples

that would satisfy the G or S description. Thiefectively the SAT problem (Floyd

and Beigel, 1994) which is known to be NP-Complete. Thisdsappointingresult,

but should have been expected. However, it is not grounds for giving up the approach.



Firstly, learning descriptions that are 3-DNF and above is krtowre NP-Complete.
Therefore we should not expect distribution to ameliorate the problem.

Secondly, there are a number of ways to deal with our problem:

1. Optimisethe sizeof(X)algorithm so that is as efficient as possible, given the
class it is in. An example of this would be to use bit vectors. Using this approach
we have moved from being able to handle 4 binary attributesto 16 binary
attributes with a reasonable response time (< 1 minute, on a 100Mhz RISC chip).

2. Approximate the G and S descriptionsand calculations of sizeof(X) This
approach might also be desirable in order to handle noise in the training examples.

3. Reducethe ConceptDescriptionLanguageto a formally less hard problem (for
example, learning descriptions which are 1-DNF).

In terms of evaluatingthe approachwe will adopt the principle that the initial
calculations are done “off-line”. Thus we will compare the cost to generdtem G’
andS’, with the costof generatingF’ from all the examplesplus the cost of the
transmission.

Note that this initial agent can only deal with a fixed conclgscriptionlanguageand
selectionbias. We discussthis restrictionin section5. However despite currently
being restricted to a fixed CDL, the bounds G anmd&y be usedwith other selection
biases. However, such biases (or rather the algorithms that implement thehgveill
to be modified to use the intensional definition of G and S.

4. The Proposed KQML Operators

Michalski’s modelof inductive inferenceis as follows: induction is the processof
tracing backwardshe tautologicalrule of universal specialisation;abductionis the
result of tracing backward domain rules. Michalski notes that the first type of
inductive inferencés unsoundwhilst the secondmay be unsound,dependingon the
strengthof the reverseimplication. However, it is possibleto castboth forms of
inductive inference within the version spacemodel. It is also possible to place
deductive inference within the version space model (see the previous section).

So our first modificationto Michalski’s theoryis to replacehis model of inference
with the version spacemodel. The secondstepis to make the operatorsrefer to

operations over version spaces. The final step is to castab&@ML performatives
that can be sent as requests between agents.

The secondstepis straightforward.In Michalski's terminology, the referenceset
defines the training examples (either intensionally or extensionatigthe descriptor
setdescribeghe representationdbiases.Michalski doesnot havea specificterm for

the selection bias, but offers the appropriate operator.

The final stepis to definethe KQML performativesn termsof the operators their
versionspaceparametersWe also haveto formally specify the semanticsof these
performatives, although currently, they are informally statedagentis thenableto



sendand receive requestsfor inductive and deductiveinferences.They are able to
integratethe replies(which arein termsof hypothesedoundedby G and S) using
version space intersection.

We are proposing the following basic extensions to KQML. This isan@xhaustive
list of the new performatives, but it &srepresentativesample.The first performative
we identify isdiscriminate This is the basic request that specifies a version sphee.
actualversionspacecan eitherbe the setof all concepts,or the boundarysets. An
agentreceiving such a requestcan use its own knowledgeto generatethe version
space, or it may “sub-contract” the task to other agents.

(DISCRIMINATE <goal-concept>,<positive-reference-set>,<negative-
reference-set>, <descriptor-set>)

The next two pairs of performativesallow an agentto modify an inferencerequest.
Associateincreaseshe membershipof the original referenceset, whilst disassociate
(not shown), reduces it.

Abstractreduceghe numberof hypotheseshat canappearin the versionspaceFor
example,by removing conceptsthat may be used, or constrainingthe language.
Concrete(not shown) increases the number of different hypotheses.

(ASSOCIATE <goal-concept>, <reference-set>)
(ABSTRACT <goal-concept>, <descriptor-set>)

Theselectperformative applies the selection bias tgiven versionspace.lnitially it
will return a single hypothesis, but it may be possible to return an ordered set as well.

(SELECT <goal-concept>, <version-space>, <selection-bias>)

The final performativeintersect,s not one of Michalski’'s operators, but is required to
integrate multiple version spaces.

(INTERSECT <goal-concept>, <version-spacel>,..<version-spaceN>)
These performatives will be nested in usage. For example, an agent could send:
(REQUEST (SELECT g(?X) (INTERSECT g(?X) (DISCRIMINATE 4¢y 9(?X))..)))

to an integrating agent in order to achieve the effedistfibutedinduction. Note that
this formalism does not permit the use of version space and seffgtethesistriples
of the form<G,F,S>. Thus an agentmust ask (or tell) Discriminateand Selectif it
wishes to transmit the bounds and the hypothesis.

The parameters to these performative are informally defined as follows:
1. <goal - concept >: The name of the target concept.

2. <reference-set>: A definition of the examplesit could be an extensional
set, or a set of knowledge that defthe examplesgetc. In many casegherewill
be two reference sets, representing positive and negative training examples.



<descri ptor-set>: This defines the representationalbiases. As the
representationabias is a language we assumewe will specify this using a
grammar of an appropriate class. For a finite language a resyydezssionFloyd
and Beigel, 1994) will suffice.

<ver si on- space>: The operatorsimply the generationof a version space,
eitherenumeratedully, or definedas a boundaryset. Thereforethe reply to an
operatorrequestconsistsof a versionspacelt is alsousedas the input to and
output from arintersectperformative.

<sel ecti on- bi as>: It is not yet certainhow we can representhis. It is
generally a procedural bias, thereforeaeeild just namea procedureg(e.g. ‘ most-
genera). However, it could also be specified declaratively (Smith, 1995).

Theseperformativesand parametersare still underinvestigation,and will be more
refined as we implement learning agents.

5. Discussion & Future Work

This is very muchwork in progressandto datewe havenot fully expandedall the
details. Nor have we evaluated the approach empirically. Howavemmberof issues
have already been raised, which we will discuss here.

We believe our method subsumegwo of the previous approacheso multi-agent
learning: the voting mechanism can be thoughasd group of agentsattemptingto

find at leastone hypothesisthat is containedin eachof their version spacesfor the

problem; theory revision is equivalentto modifying a hypothesisso it is in the

version space of thagentperformingthe revision. However,therearetwo problems
with these methods.Firstly, it might not be possible to find one hypothesis
consistentwith all the version spaceseven if one does exist, given that many
algorithmsusea hill climbing approachSecondly they resultin the selectionof a
single hypothesis, which might becorrect. The versionspaceapproachavoidsboth

these problems. It is not certain whether our approach will have the efficéiogse
generalmethods;or that of specialiseddistributedlearning algorithms (or inherently
incrementallearners).However,we do believe that it is a generalapproachwhich

should will allow inductive learning algorithms to be modifieduszdin agents.t is

also perceivablethat this approachcan be specialisedfor example,a neuralnetwork
learningalgorithm could sendweight vectorsthat correspondo G andS), or canbe

generalised along the lines of (Smith 95) where all the biases are declarative.

The specific concerns so far are:

1.
2.

The approach adopted so far involves an NP-Complete algorithm.

We have not investigatedhow to handle noise and uncertainty, nor have
investigated how to accommodate shifts in bias (Des Jardins and Gordon, 1995).

Our implementation is an attribute-value learner.



4. We do not have a mechanismfor either integrating version spacesof different
conceptdescriptionlanguagesor manipulating different referenceor descriptor
sets.

Future work will seek to address these issues in part. The first two points maewell
jointly solved by approximatingthe version spaceboundarysets, using statistical
information. The third point will be pursued by fitstking the approachemployedin
LINUS (Lavrac and Dzeroski, 1994), and then examiningoibesibility of modifying

an ILP algorithm suchas GOLEM (Muggleton, 1992) to generateand use version
spacesRecentwork by Nienhuys-Chengnd De Wolf (1996) suggeststhat certain
classesf ILP problemsarerepresentablavith boundarysets. We will not initially
seek to address the fourth point because of the limited usagrild have,as version
spaces of different languages can only be integatea lowest commondenominator
basis.

Acknowledgments

The authors would likeo acknowledge€unding by the UK Engineeringand Physical
SciencesResearchCouncil for the initial phasesof this research. They also
acknowledgethe support and encouragementof Mike Geneserethat Stanford
University, and helpful comments from Nils Nilsson, Anna Patterson, Jos&ifinaa,
Lise Getoor, Ofer Matan, Ken Brown and Will Schuman.

Bibliography

P. Brazdil, M. Gams,S. Sian, L. Torgo,andW. Van de Velde (1991). Learningin
Distributed Systemsand Multi-Agent Environments,In Proceedingsof the
EuropeanWorking Sessionon Learning (EWSL91) Springer-Verlag,pages
424-439, Porto, Portugal.

P. Brazdil and L. Torgo (1990). Knowledge Acquisition Kiaowledgelntegration,in
Current Trends in AIB. Wielenga et al.(eds.), IOS Press, Amsterdam.

N. Cesa-Bianchi, Y. Freund, D. P. Helmbold, D. Haussler, R. E. Schapire, alid M.
Warmuth (1995)How to Use Expert Advic&echnicalReportUCSC-CRL-
95-19, University of California, Santa Cruz, CA.

P. K. Chan and S. SBtolfo (1995). A ComparativeEvaluationof Voting and Meta-
Learning on PartitionedData, In Proceedingsof the Twelfth International
Conferenceon MachineLearning (ML95), Morgan-Kaufmannpages90-98,
Lake Tahoe, CA.

W. Davies(1993). ANIMALS, An IntegratedMulti-Agent Learning System M.Sc.
Thesis, Department of Computing Science, University of Aberdeen, UK.

M. DesJardinsand DianaF. Gordon(1995). Evaluationand Selectionof Biasesin
Machine LearningiMachine Learning20:1-17.



Finin, J. Weber,G. Wiederhold, M. Geneserth,R. Fritzson, D. MacKay, J.
McGuire, R. Pelavin, S. Shapiro, and C. Beck (1988aft Specificationof
the KQML Agent-Communication Languadggmpublished Draft.

. W. Floyd andR. Beigel (1994). The Languageof Machines Computer Science

Press, NY.

Gams (1989). New MeasurementsHighlight the Importance of Redundant
Knowledge, In Proceedingsof the 4th European Working Sessionon
Learning (EWSL89) Pitman-MorganKaufmann,pages71-80, Montpellier,
France.

M. Genesereth (1995 pilog for Lisp 2.0 ManuaEpistemics Inc., Palo Alto, CA.

M

F.

. Hirsh (1989). IncrementalVersion SpaceMerging: A General Framework for

Concept LearningPh.D. Thesis, Stanford University.

. Jain and A. Sharma(1993). ComputationalLimits on Team Identification of

Languages Technical Report 9301, School of Computer Science and
Engineering, University of New South Wales, Australia.

. Kearnsand H. S. Seung(1995). Learning from a Population of Hypotheses,

Machine Learning18:255-276.

. Lavracand S. Dzeroski(1994). Inductive Logic Programming: Techniquesand

Applications Ellis Horwood, Herts, UK.

. S. Michalski (1993). Inferential Theory of Learningas a ConceptualBasis for

Multistrategy LearningMachine Learning11:111-151.

. M. Mitchell (1978).Version spaces:An Approachto ConceptLearning, Ph.D.

Thesis, Stanford University.

. M. Mitchell, R. M. Keller, and S. T. Kedar-Cabell(1986). Explanation-Based

Generalization: A Unifying ViewiMiachine Learning1:1-33.

. J. Mooney and D. Ourston (1991). A Multistrategy Approach to Theory

Refinement,In Proceedingf the International Workshopon Multistrategy
Learning pages 115-130, Harper’s Ferry, WV.

. Muggleton (1992)nductive Logic ProgrammingAcademic Press, London, UK.
S.

H. Nienhuys-Chen@ndR. De Wolf (1996). Least Generalizationsand Greatest
Specializations of Sets of Clausdsurnal of Artificial Intelligence Research
4:341-363

. PazzaniandD. Kibler (1992).The Utility of Knowledgein Inductive Learning,
Machine Learning9: 57-94.

J. Provost and DN. Hennessy(1995). Distributed Machine Learning: Scalingup
with CoarseGrainedParallelism,In Proceedingof the Secondnternational



(S ]

[

wn

Conferenceon Intelligent Systemsfor Molecular Biology (ISMB94) AAAI
Press, pages 340-348, Stanford,. CA

. R. Quinlan (1986). Induction of Decision Trddachine Learning1:81-106

R. Quinlan (1990). Learning Logical Definitions from Relations, Machine
Learning 5:239-266

. R. Quinlan (1994). The Minimum Description Length Principle and Categorical
Theories, In Machine Learning, Proceedingsof the 11th International
Workshop (ML94)Morgan Kaufmann, pages 233-241, New Brunswick, NJ.

. S. Sian (1991). Learning in Distributed Artificial Intelligence Systems Ph.D.
Thesis, Imperial College, UK.

B. Silver, W. Frawley, Glba, J. Vittal, andK. Bradford(1990).ILS: A Framework

for Multi-ParadigmaticLearning, In Machine Learning, Proceedingsof the
7th International Workshop (ML90), Morgan Kaufmann, pages348-356,
Austin, TX.

. D. Smith (1995)Induction as Knowledge IntegratipRh.D. Thesis, University of
Southern California.

. Svatek(1994). Integration of Rulesfrom Expert and Rules Discoveredin Data,
Unpublished Draft, Prague University of Economics, Czech Republic.

. E. Utgoff (1989). Incrementallnduction of Decision Trees, Machine Learning
4:161-186.



