Editors’ In tro duction

Learning is a fascinating phenomenon of natural in telligence. In particular, h u-

mans ha v e develop ed the ability to acquire knowledge, and to generalize or sp ecify it

in dep endence on their actual needs. Also, h umans are very go o d in learning their

maternal languages as w ell as other languages. These abilities ha v e alwa ys b een con-

sidered the hallmark of in telligence. Therefore, learning is a cen tral issue of researc h

undertak en in the �eld of arti�cial in telligence, to o. The challenge to design an \in tel-

ligen t" computer has led to gro wing in terest in learning within the computer science

comm unit y . No w ada ys, mac hine learning is sough t after in a wider range of industrial

and scien ti�c applications, e.g., in molecular biology

, in kno wledge engineering, in �-

nancial prediction, in rob otics, in pattern recognition, in natural language pro cessing,

and in mac hine discov ery .

V arious machine learning techniques ha v e b een dev elop ed during the last decade

to satisfy this demand. Giv en this, it is imp ortant to elab orate a thorough theory to

b e able to pro vide, for example, p erformance guaran tees. Additionally

, it is necessary

to dev elop a uni�ed theory of learning as w ell as tec hniques to translate the resulting

theory in to applications. Ho w ev er, this is easier said than done. Algorithmic learning

theory aims to dev elop mathematically based mo dels of learning and to derive results

within the mo dels. Clearly

, b oth parts are imp ortan t. How ev er, our understanding

of learning is still to o limited to allo w the ultimate de�nition of learning. Therefore,

the �rst part is of particular imp ortance. Unlik e in other areas of computer science,

there are man y in teresting and con tending mo dels for learning giving v astly di�eren t

result concerning the learnabilit y and non-learnabilit y , resp ectively

, of target concepts.

Nev ertheless, all these mo dels considerably help to broaden our understanding of what

learning really is. As it turns out, there is at least one common feature shared b y all

learning mo dels, i.e., recognizing regularities in the data pro vided and expressing the

regularities found by compressing the data receiv ed. Usually

, the data pro vided are

incomplete. Moreov er, in many applications one has to handle sometimes noisy or

erroneous information.

The general theory studying learning from incomplete information is usually re-

ferred to as inductive infer enc e which go es bac k at least to the seminal work of

Solomono� and of Gold. Inductiv e inference mainly emphasizes to answ er what can

b e learned computationally at all. In particular, it studies the impact of several p os-

tulates on the b eha vior of learners to their learning p ow er. The insigh t obtained is

often v aluable in enlarging our general understanding of learning. Ho w ev er, it is often

m uc h less satisfactory from the standp oin t of computational e�ciency

. This led to the

dev elopmen t of a v ariet y of learning mo dels emphasizing on the feasibilit y of learning.

The presen t pro ceedings re ect a broad v ariet y of the curren tly intensiv ely studied

areas in algorithmic learning theory .

F ormal Language Learning

Inductive inference of formal languages is the study of algorithms that map evi-

dence on a language in to h yp otheses ab out it. The in v estigation of scenarios in whic h

the sequence of computed h yp otheses stabilizes to an accurate and �nite description

(e.g., a grammar) of the target language has attracted considerable atten tion during the last decades. The source of information ma y v ary from augmen ting initial

segmen ts of the sequence of all p ositive and negativ e examples (all strings o v er the

underlying alphab et are classi�ed with resp ect to their con tainmen t in the target lan-

guage), p ositiv e data only (an y in�nite sequence of strings exhausting just the target

in the limit) to queries, i.e., the learner is allow ed to ask particular t yp es of questions

to gain information concerning the target. Commonly used t yp es of questions are

mem b ership queries (asking whether or not a particular string b elongs to the target

language) and equiv alence queries (asking whether or not a particular �nite descrip-

tion generates the target language and nothing else). If the prop osed description do es

not generate the target, a counterexample dra wn from the symmetric di�erence of the

target and the prop osed description is returned, to o. Learning from examples usually

results in iden ti�cation in the limit, i.e., after having seen only �nitely man y exam-

ples the learner stabilizes its output to a correct description of the target. Ho w ev er,

usually it is not decidable whether or not the learner has already conv erged. In con-

trast, learning via queries requires the learner to clearly indicate that it has learned

b y stopping asking questions and outputting a correct description of the target.

The invited pap er by Y asubumi Sak akibara surveys grammatical inference with an

emphasis on constructiv e approac hes rather than enumerativ e ones (cf. Section 1).

Starting with the learnabilit y of regular languages and subsets thereof the pap er

in tro duces v arious mo dels of grammatical inference including but not restricted to

the classical mo del of learning in the limit and Angluin’s minimally adequate teac her.

Next, the learnability of context free languages from structural information and mem-

b ership as well as equiv alence queries is considered and the author giv es a detailed

accoun t of his and his co-w ork ers contributions to this in teresting area. Subsequen tly ,

w e are guided to the emerging and imp ortan t �eld of inferring sto chastic grammars

whic h allo ws nice applications in molecular biology

. Finally

, the author deals with

non-grammatical inference and outlines recen tly obtained results in the setting of

cased-based learning of formal languages.

Section 2 starts with F ahm y and Ross’ pap er on e�cien t learning of real time

one counter automata from equiv alence and memb ership queries. Note that these

languages are in general not regular. The resulting algorithm is more e�cien t than the

kno wn one for deterministic one counter automata. Applying F ahm y’s decomp osition

theorem the learning can b e divided in to t w o steps. First, an initial segment of the

Nero de-automaton is inferred b y using Angluin’s algorithm. Then, this segmen t is

decomp osed into the con trol and data structure of the target real time one coun ter

automaton.

Koshiba, Makinen and T ak ada pro v e strongly deterministic even linear languages

to b e learnable from p ositiv e data. The target class of languages is a prop er subset of

the set of all con text free languages. First, the target class is c haracterized in terms

of a universal grammar and rev ersible control sets. The resulting learning algorithm

is a generalization of Angluin’s w ork on rev ersible automata and T ak ada’s approac h

to learn ev en linear grammars.

Sak amoto in tro duces the notion of c haracteristic examples for parenthesis gram-

mars, i.e., examples whic h exercise ev ery pro duction in the target grammar for their

deriv ation. The main result is a learning algorithm that, giv en c haracteristic examples

as input, learns b y additionally asking mem b ership queries. The construction resembles Sak akibara’s approac h to learn con text free languages from structured examples

b y asking mem b ership and equiv alence queries. This also sho ws that c haracteristic

examples are quite helpful, since they allo w to a v oid asking equiv alence queries.

The p olynomial time learnabilit y of unions of at most k tree patterns via mem-

b ership and equiv alence queries is established b y Arim ura, Ishizak a, and Shinohara.

Note that neither memb ership nor equiv alence queries alone are su�cien t to ac hiev e

learning of the same target class in p olynomial time. F urthermore, the authors intro-

duced a tec hnique called c onservative r e�nement that allo ws up dating of the actual

h yp otheses in a w a y suc h that the size of the conjectured n um b er of tree patterns in

the target is nev er exceeded.

F urther pap ers dealing with language learning are presented in Sections 6 and 10.

Mey er studies probabilistic language learning of recursiv ely en umerable families of

uniformly recursiv e languages (abbr. indexed families) from p ositiv e examples. In this

setting, the learner is allo w ed to ip a coin eac h time it reads a new example, and to

branc h its computation in dep endence of the outcome of the coin ip. This mo del has

b een initiated b y F reiv alds in 1979. Subsequen tly , v arious authors studied the learning

capabilities of probabilistic learners in dep endence on the success probabilit y required.

In terestingly enough, all approaches undertak en so far led to discrete hierarc hies.

Lo oking at probabilistic learners that are required to ful�ll the subset principle to

a v oid o v ergeneralization (guesses describing prop er sup ersets of the target) Mey er

disco v ers a new phenomena, i.e., the learning capabilities ha v e a dense structure and

are strictly decreasing as the success probabilit y con v erges to 1.

Stephan deals with noisy inference from b oth p ositive and negativ e and only p os-

itiv e examples. The mo del of noise is as follo ws. Correct data are required to b e

presen ted in�nitely often while incorrect data (the noise) is restricted to b e presented

only �nitely often. The main result sho ws that learning in the limit with noise from

p ositive and negative examples is equiv alen t to �nite learning from noise-free data

pro vided the �nite learner has access to an oracle for the halting problem. V arian ts

thereof are pro v ed for learning from noisy p ositiv e examples.

Finally

, Koba y ashi and Y ok omori inv estigate the appro ximate iden ti�cation of lan-

guages in the limit from p ositiv e data. The starting p oin t of their researc h is to tak e

in to account that prior kno wledge concerning a suitable h yp othesis space is often not

a v ailable. Hence, one migh t b e forced to p erform learning with resp ect to an a pri-

ori chosen hyp othesis space p ossibly not containing the target. Clearly

, under suc h

circumstances it seems highly desirable to learn the b est p ossible appro ximation av ail-

able. Therefore, the authors in v estigate the learnabilit y of arbitrary target languages

with resp ect to some given indexed family as h yp othesis space. Di�erent formaliza-

tions of \b est p ossible approximation" are intro duced. The resulting learning mo dels

are completely c haracterized with resp ect to the top ological prop erties the relev an t

h yp othesis spaces m ust p ossess in order to achiev e approximate learning.

Interestingly

, results obtained in language learning can b e sometimes applied to

solv e learning problems arising in di�eren t areas. Ga v alda and Guijarro (cf. Section 7)

study the learnabilit y of Bo olean functions. The description c hosen are ordered binary

decision diagrams, a representation of Bo olean functions that has nice computational

prop erties. Assuming a �xed ordering o v er the set of v ariables, their algorithm learns

a minimal ordered binary decision diagram with resp ect to that ordering for the target

Bo olean function b y asking p olynomially man y equiv alence and mem b ership queries.

This result is obtained b y a reduction to learning regular languages represen ted b y

deterministic �nite automata. Moreo v er, since the range of the reduction do es not

exhaust the whole class of deterministic �nite automata the n um b er of queries needed

can b e reduced.

Learning logic programs

Logic programming and learning logic programs has attracted serious attention at

least during the last decade, and constitutes another core area of this conference se-

ries. The basic scenario can b e describ ed as follows. The learner is generally provided

bac kground kno wledge B as w ell as (sequences of ) p ositiv e (E

+

) and negativ e exam-

ples (E

�

) (all of whic h can b e regarded as logic programs, to o). Ho w ev er, E

+

and

E

�

usually contain only ground clauses with empt y b o dy

. The learning goal consists

in inferring a h yp othesis H (again a logic program) such that E

+

can b e deriv ed from

B ^ H while B ^ H ^ E

�

is con tradiction free. Again, if gro wing initial segmen ts of

E

+

and E

�

are pro vided, w e arriv e at learning in the limit. V ariations of this mo del

include the use of mem b ership queries to obtain E

+

and E

�

and of equiv alence queries

(or disjoin tness queries) to terminate the learning pro cess. Alternativ ely , E

+

and E

�

ma y b e drawn randomly with resp ect to some unkno wn probabilit y distribution, and

the learner is required to pro duce with high con�dence a hyp othesis that has small

error (b oth measured with resp ect to the underlying probabilit y distribution).

In Section 3, De Raedt and V an Lear prop ose a new approac h to learning �rst

order logic programs from p ositive and negative examples. The k ey idea is to view

examples as in terpretations whic h are true or false in the target theory instead of

taking them as true and false ground facts, i.e., they are taken as a Herbrand mo del

of the target theory

. As a result, the role of p ositiv e and negativ e examples has to b e

c hanged. This approach has b een successfully implemen ted, and the authors pro vide

exp erimental data sho wing that their system can learn classi�cation rules previous

systems failed to handle.

Rao studies incremental learning of logic programs. In his setting, incremen tal

means learning predicates in terms of previously learned predicates. This is a non-

standard idea. Com bining this idea with the known approac h to treat background

kno wledge as function symb ols ev aluated in pro cess of resolution by E-uni�cation he

arriv es at a learning systems that is more p o w erful than previously designed ones.

(cf., e.g., Y amamoto, AL

T’93).

Sadohara and Haraguc hi presen t an algorithm for analogical logic program syn-

thesis from p ositive and negative examples for linear logic programs with a certain

restriction. The nov elt y is to searc h the h yp othesis space for a program that is similar

to the target by refuting inappropriate similarities. Interestingly enough, the idea

to refute hyp othesis spaces b orn in the �eld of language learning (cf. Muk ouc hi and

Arik a w a, AL

T’93) pro v ed to b e useful in this rather di�eren t setting.

Learning logic form ulae

The p olynomial time learnabilit y of CNF and DNF formulae is a long standing

op en problem in algorithmic learning theory

. These classes are of sp ecial in terest,

since they pro vide a natural and univ ersal description of all Bo olean concepts. In

Section 3, Miy ashiro et al. con tribute to the analysis of the DNF learning problem.

They consider the learnabilit y of orthogonal F-Horn form ulae de�ned as follows. An

F-Horn clause is a disjunction of negativ e literals and at most one function from the

function class F. A k -F-Horn formula is the disjunction of at most k F-Horn clauses

with distinct sets of literals (called b o dy). Orthogonal F-Horn form ulae ha v e pairwise

incomparable b o dies with resp ect to set inclusion. This concept class is a natural

generalization of k -quasi Horn form ulae. If k -quasi Horn form ulae could b e pro v ed to

b e exactly learnable using mem b ership and equiv alence queries than DNF form ulae are

P A C-learnable (cf. Angluin, F razier and Pitt, Machine L e arning 9, 147 - 164, 1992).

In particular, Miy ashiro et al. extend the latter result b y sho wing the follo wing. If F is

the set of monotone ‘-CNF formulae then the exact learnabilit y of k -F-Horn form ulae

via mem b ership and equiv alence queries implies the P A C learnabilit y of CNF and

DNF with mem b ership queries.

There is another pap er closely related to the learnabilit y of monotone DNF, i.e.,

learning minor closed graph classes b y Domingo and Sha w e-T a ylor (cf. Section 7).

Inferring a DNA sequence

In his invited lecture, Ming Li addresses the problem of ho w to infer an original

DNA sequence with high probabilit y from erroneous copies. A satisfactory solution to

this problem is of cen tral imp ortance to the Human Genome Pro ject. The approac h

dev elop ed b y Li and his co-authors Kececioglu and T romp fo cuses on reconstruction

of an original DNA sequence from a small num b er of erroneous copies, thereby dealing

with insertion, deletion, and substitution errors. The main progress made is reducing

the n um b er of copies needed from exp onen tially man y to p olylogarithmically man y .

F urthermore, the conv ergence rate is pro v ed to b e p olynomial in the length of the

copies, and indep enden t of the n um b er of erroneous copies, thus considerably improv-

ing kno wn tec hniques. The analysis of the algorithm dev elop ed makes hea vy use of

Kolmogoro v complexity .

Learning recursiv e functions

Starting with Gold’s and Putnam’s pioneering w ork, inductive inference of recur-

siv e functions has b een widely studied. The source of information provided are arbi-

trary sequences of input/output pairs of the target function drawn from an in�nite

set of recursiv e functions. Admissible h yp othesis spaces are recursive en umerations

of partial recursive functions the range of whic h comprises the target set, e.g., an ac-

ceptable programming system. The learning goal consists in identifying in the limit a

n um b er (program) in the relev an t en umeration suc h that the en umerated function cor-

rectly computes the target with resp ect to the correctness criterion intro duced. Man y

v ariations of this basic setting ha v e b een in tensiv ely studied, and the present volume

pro vides further sp eci�cations designed to answ er questions studied elsewhere. Case et

al. lo ok at mac hine induction without revolutionary paradigm shifts. In their mo del,

a paradigm shift is asso ciated with a signi�cant c hange in the hyp othesis guessed b y

the learner. As a �rst approac h to mo del \signi�can t" the length of a h yp othesis is

considered. Informally

, a revolutionary paradigm shift is one p erforming an extreme

v ariation in the size from the previously guessed h yp othesis to the actual one. The

in uence of forbidding rev olutionary paradigm shifts to the learning p o w er is consid-

ered in t w o v ariations. First, all h yp otheses generated must b e not to o far (measured

b y a recursiv e factor) from the minimal p ossible size. Second, all guessed h yp othe-

ses m ust b e close to each other (again measured b y a recursive factor). Finally

, the authors com bine this approac h with the num b er of paradigm shifts expressed b y the

n um b er of p erformed mind changes. Fixing the n um b er of mind c hanges a priory it

is sho wn that one more mind c hange can b e m uc h more lib erating than remo ving the

non-rev olutionary constraint (in the second formalization).

Kalyanasundaram and V elauthapillai study an old problem that has resisted sev eral

attac ks. The scenario considered deals with pluralistic learners mo deled as a team.

A team is said to learn successfully if one of its memb ers infers the target function.

The problem addressed is, given t w o teams with a b ounded n um b er of learners eac h

of whic h is restricted to an a priory b ounded n um b er of mind c hanges (one b ound for

eac h team) and demanded to infer programs that are correct for all but an a priory

b ounded num b er of inputs (again one b ound for eac h team), which of them, if an y , can

learn more than the other. This problem is usually referred to as the six parameter

problem, and its complete solution is sought after for roughly 15 y ears. In particular,

the authors pro vide a complete solution to the four parameter problem (b oth teams

are requested to con v erge to an error free program).

The question whether or not learning devices are capable to \re ect" ab out their

o wn comp etence is addressed b y Jan tk e. Tw o formalizations are prop osed, i.e., imme-

diately re ecting and re ecting, resp ectiv ely . In b oth cases, the learner is required to

either learn the target function or to detect its incomp etence in doing so. Immediately

re ecting learners are demanded to detect there inability as so on as there is enough

evidence that the initial segmen t of the target seen so far di�ers from all functions

it can learn. Re ecting mac hines are allo w ed to use more time, and p ossibly more

input data b efore detecting their failure to learn. Though seemingly contradicting

our in tuition, b oth formalizations are pro v ed to b e equiv alen t. Morever, the author

pro vides evidence that re ecting ab out its o wn comp etence is p ossible if and only if

there is no need to do so.

Finally

, there is a pap er dealing with the complexity of learning recursiv e functions.

The mo del in v estigated go es bac k to F reiv alds, Kin b er and Smith. In their setting,

a learner has access to a long term and a short term memory

, resp ectiv ely . Before

reading the next input bit, the short term memory is cleared. All information the

learner w an ts to main tain has to b e stored in the long term memory

. After having

read the next input bit the learner can exploit its short term memory to p erform all

necessary computations to pro duce its guess as w ell as to decide whic h of the data

it w an ts to store in its long term memory

. While it w as kno wn that ev ery function

iden ti�able at all can b e learned with linear long term memory and no short term

memory

, it remained op en ho w m uc h short term memory m ust b e provided in the

w orst-case if the long term memory is required to b e sublinear. Am bainis presen ts a

complete solution to this problem by sho wing that ev ery sublinear long term memory

ma y force the learner to exceed an y recursively b ounded short term memory

. As far

as w e are concerned this result provides evidence that a distinction b et w een long and

short term memory migh t b e not appropriate for practical purp oses.

Kno wledge disco v ery in databases

In his in vited lecture, Yves Ko drato� addresses the emerging topic of kno wledge

disco v ery in databases. Now ada ys h uge databases are av ailable in v arious �elds and

there is a gro wing need for kno wledge discov ery in such h uge databases. Kno wledge

disco v ery aims at transforming the information con tained in the database in to kno wledge ab out it. Starting p oint is data mining, i.e., the disco v ery of patterns in the

data. Once suc h patterns hav e b een recognized they should b e further pro cessed with

the o v erall goal to in terpret them. Clearly

, what kind of in terpretation is desired

ma y considerably v ary in dep endence on the envisaged users and goals. Ko drato�

pro vides a thorough o v erview of the issues addressed and the techniques applied in

this imp ortan t �eld.

Miscellaneous

Auer (cf. Section 4) in v estigates the learnabilit y of nested di�erences of intersec-

tion closed concept classes in the presence of malicious noise. The learning mo dels

dealt with are the on-line learning mo del (mistak e b ound), and the P A C mo del with

malicious noise. The author pro v es matc hing upp er and low er b ounds. It is w orth

noticing that the tolerable noise rate exclusively dep ends on the complexit y of the

target concept class, and not on the target itself.

Nak am ura and Miura (cf. Section 4) address the problem to learn a GF (2)-v alued

or real-v alued function ov er a �nite domain b y querying the function v alues of the

target at p oin ts the learner can c ho ose. The complexit y of learning is measured b y

the n um b er of queries needed. Since the learning domain is �nite, sa y N , ev ery

suc h function class can b e represen ted b y a linear space whose basis B consists of N

pairwise indep endent functions. Then, every function from the concept class p ossesses

a represen tation as a linear com bination of basis functions. The size s of the function

is the n um b er of non-zero co e�cien ts in the represen tation. The query complexit y is

analyzed in dep endence on the domain size N and the target size s. Clearly

, the target

size dep ends on the basis, and so ma y the learnabilit y . Low er and upp er b ounds are

deriv ed that are fairly close to eac h other.

In Section 7, Castro and Balcazar study simple P A C learning of decision lists.

Simple P A C learning is the same as P A C learning except that the class of proba-

bilit y distributions is restricted to simple distributions, assuming that the examples

are drawn with resp ect to the universal distribution. These distributions hav e b een

in tro duced b y Li and Vitanyi (Siam J. Comp. 20, 911 - 935, 1991) who also show ed

that simple distributions form a wide and interesting class. In particular, the pap er

resolv es the learnabilit y of simple decisions list that remained op en in Li and Vitanyi.

Last but not least, Pinter (cf. Section 7) resolv es an op en problem from Blum

and Rivest (Machine L e arning: F r om The ory to Applic ations 9 - 28, Springer 1993).

The problem addressed concerns training v ery simple neural nets. Consider a fully

connected lay ered neural net whose units compute linear threshold functions that

consists of one la y er and k units. Pinter sho ws that training such net w orks is already

N P -complete.

F ukuok a, July 1995 Klaus P

. Jan tk e

T ak eshi Shinohara

Thomas Zeugmann