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Abstract

Approaches to learning by examples have focused on gener-
ating peneral knowledge from a lot of examples. In this paper
we describe a new learning method, called analogical genes-
alization, which is capable of generating a new rule which
specifies & given target concept from a single example and
existing rules, Firstly we formmlate analogical generalization
based on the gimilarity between a given example and existing
rules from the logical viewpoint. Secondly, we give a new pro-

cedure of inductive learning with analogical generalization, .

called ANGEL. The procedure consists of the following five
steps: (1) extending a given example, (2) extracting atoms
from the example and selecting a base rule out of the set of
existing rules, (3} generalizing the extracted atoms by means
of the selected rule as a guide. (4) replacing predicates, and
{5) generating a rule. Through the experiment for the system
for parsing English sentences, we have clarified that ANGEL
is useful for acquiring rules on knowledge based systems.

1 Introduction

Machine learning has a great contribution to improving per-
formance through automated knowledge acquisition and re-
finement, and so far, various types of machine learning
paradigms have been considered. In particular, learning from
examples, which can form general knowledge from specific
cases given as input cxamples, has been well studied and a
lat of concerned methods have been proposed[Mitchell 1877,
Dietterich and Michalski 1983, Ohkawa ef al. 1881].

Generally, in learning from examples, we have to give a
lot of examples te the learner. Why are so many examples
required? We thiuk the reason for this is that the bias for
restricting the generalization is relatively weak, becanse it is
independent of the domain. However, when a human being
acquires new knowledge, he wonld not alweys require a lot of
examples, As the case may be, he can learn from one exam-
ple. We think this is because he decides a strong bias for the
generalization according to the domain, awd generalizes the
examples based on the hias, That is, in order to generalize
few exumples appropriately, a strong bias which depends on
the domain is indispensable.

It is necessary to consider how the strong bias should
be provided. Let us recall the behavior of a human being
again. When acquiring new knowledge, he often utilizes sim-
ilar knowledge which is already known. In other waords, the

existence of similar knowledge may help for him to associate
mew knowledge. This process is called analogy. Analogy is
considered promising to realize learning from & few examples.
Since analogy will be regarded as one of the most effective
way for restriction on gemeralization, modeling its process
will make it possible to provide a domain dependent bias.

In this paper, we propose a new learning method, called
ANGEL (ANalogical GEneraLization), which is capable of
generaling a new rule from a single example. In ANGEL,
both the roles and the examples are represented as logieal for-
mulas. We intreduce the notion of analogy[Winston 1980],
namely, the similarity between the example and the exist-
ing rules as the bias for the Eenera]iza.tinn[l.{nri ot al. 1991'.
The similarity is determined by comparing the atoms of both
the example and the existing rafes. Based on the similarity,
firstly, ANGEL extracts atoms from the example and selects
a rule out of the existing rules; next, it generates a new rule
by generalizing the extracted atoms by means of the selected
rule as a guide. :

The next section describes the definition of analogical gen-
eralization. In this section we consider analogical generaliza-
tion from the logical viewpoint. Section 3 gives the procedura
of ANGEL which is a method for leaming based on analogi-
cal generalization. In this section, we also give consideration
to the experimential result of learning by ANGEL. Finally in
section 4, we clarify the originality of ANGEL through its
comparison to other related works.

2 Analogical generalization

To represent knowledge, we use the form which conforms
to fiest order predicate logic. Two kinds of forms, called a
fact and a rule, are provided., A fact is represented as an
wtom, while a rule is represented as a Horn clavse, which is
expressed in the form of

0‘*—.!31....,,}5_,,

where o, J, ..., 0, arec atoms, Lelling v be a rule o —
By By, we denote the consequence of rule v, namely o, by
cons(r), and denote the premife of rele ¢, namely #,..., 50,
by prem({r).

The underlyving notion of analogical generalization is that
a new rule is generated by generalizing an input example,
which consists of facts, based on the similarity betwean the
example and the existing rules. Before formulating analogical
generalizalion, we define the similarily between two atoma,
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and next formalige the similarity between two finite sets of
atoms.

2.1 Similarity between two atoms

First, we define some basic notations. A substitution is a
finite set of the pair v/t, where o is a variable, ¢ is a term,
and the variables are distioct. Let & = {1 /t5,... 0 1]}
be a substitution and ¢ be an expression, which is either a
literal or a conjunction or disjunction of literals. Then ef is
the expression abtained from e by replacing each cceurrence
of the variable w in e by the term #;. If § iz a finite set
of expressions and @ is a substitution, S¢ denotes the sei
{el | e e 8},

Let # be a substitution and § be a finite set of atoms. If 54
is & singleton, § is unifiable by # and we write unifiable(S).

Now, we give the following two functions, and define the
similarity between atoms by means of these functions. Let
I be & set of existing rules, and o and o' be atoms.

Definition 1 { R-deducible set )
O(R,0) % (8| RU {a} - 8,8 is an atom}.
Definition 2 {R-similar set }

(R,0,0)) E {80 € 8(R,e), ¢ € (R, "),
unifiable({8, 8'}1)}.

F-deducible set means all of newly obtained information
when a certain fact bas been known, Thus the intuitive
meaning of R-similar set is newly obtained information in
common when each of two distinct facts has been known.
Therefore we can say that H-similar set represents the rels-
vance between two facts under the background knowledge.

Definition 3 (Similarity between atoms) Lel o, o
and oz be atoma. ff the following relation helds, o s more
similar to ¢; than o) with respect to R.

TiA, o, ﬂ‘|} C VIR, o, az)

And if the following holds, the similarity between o and
o) is equal to the similarity between o and az with
respect to R,

(R, w0} = TR o, a)

Sinee R-similar set reflects the relevance between two given
facts, the similarity between a certain fact and two distinct
facts can be evaluated in terms of the subsumption relation

between R-similar sets reasonably .
For example, let By be a set of rules shown as follows,

Ry = {parent(r, y} « father{r,y),
parent(z,y) — sother(z, y),
family(z,y) + parent(z,y),
family(z,y) — brother(z,y),
hatea(r, y} — kills(z,y},
hates(z,y] — burtaz,y),
hates(z, y) — strikes(z,¥)}

Let wus consider the similarity of father(z,y) to
mother(Jim, Betty) amd brother(Tem, Joe). For each atom,
the following A-deducible sets are derived as

B[Ry, father(z,¥)) = {father(z,y), parent{z, ), fanily(=, 3]}
&Ry, mother(Jin, Batty))
= {mother( Jin, Botty), parent|Jim, Betty),
foamily(Jim, Betty)}
#( R, brother{Tom, Joa))
= {brother(Ton, Joe), fanily(Tom, Jou)].

BR-similar sets of father{z y} for mother(Jim, Betty) and
brother(Tom, Joa) are as follows.

W{fy, father(z,y), nother|Jin, Becty))

= {pﬂ.‘:tnt{:r.. ¥h f“il'fffl '!,I'H'
WAy, father(z,¥), brother(Tom, Joe)) = {family(z, y)}

Accordingly  father{z,y) i3 more similar  to
mether(Jim, Betty) than brother(Tom, Joe) with respect to
4y, This result matches our intuition very well.

2.2 Similarity between two finite sets of atoms

The similarity betwesn two finite sets of atoms is determined
by the similarity between elements of each set. In this case,
we also have fo consider the matching between atome in each
set. We begin with the definition of correspondence between
two seta of atoms,

Definition 4 (Correspondence ) Let A and B be finife
sets of aloms. Correspondence ¢ of 4 to B is defined as
follows, :

1. ¢ 15 & relation nn_A and H.
2, There 13 o substitution § and for all [u,ﬁ'} £l

arity(n) = erity(F),
arglo,n) = arg(f,n) (n=1,2,...),

where arity(c) indicofes the number of arguments of o,
and arglo,n} indicates the value of n-th argument of a.

8. Fer all w € A, there is an atom G sueh that (o, 7) € .
And for all 3 € B, there 12 an atom o such that (o, J) €
.

For example, let 4y and By be sets of atoms shown as
follows.

Ay = {father(z,y), kills{y,z}}
By = {zother(Jin, Betty), hurts(Betty, Jin)}

In this case, two correspondences 1,9 of 4; to B are
obtained.

y = {(father(r, y), mother | Tim, Betty]],
(k1lls(y, £), hurts(Betty, Jim))}

w1 = {{fathex(z, y), burta(Betty, Jim)),
(kills(y, =), mother(Jinm, Batty))]

Definition 5 (Precedence of correspondence)}
Let A and B be sets of atoms, ¢ and wpp be two distincd
correspondences of 4 fo B, Then



o Foralle in A, o s similar to 3y such that (o, ) €
then B such that (o, F2) € pa, or the similariy between
o and By is equal to the stmilardy between o and B with
respect to M, and

o There ezists a in A, which i stmilar fo By such that
{a,F1) € 4y than Jy such that (o, F2) € w2, with respect
to R,

if and only if we say the! correspondence ) precedes
gy with respect to R, For a correspondence p of A to
B, if there is no correspondence tha! precedes @, we call p a
maximally preceding correspondence of A to B with
respect to R.

Maximally preceding correspondence represents the
matching between the most similar atoms in two sets of
atoms with binding variables consistently.

In the above example, ; precedes another corre-
spondence, namely, 2, with respect to H), because
father{r,y) is more similar to mother{lim, Betty) than
hurts{Betty, Jim) and likewise kills(y,z) is more similar
to hurts(Betty,Jim) than mother(Jim, Betty). Therefore
iy is a maximally preceding correspondence of Ay ta H; with
respect to Ji;.

Definition 6 (Similarity between sets of atoms) )
Let A, A", B and C be sels of atoms, ¢p be o mazimally
preceding correspondence of A to B with respect to R and
wo be a maximally preceding correspondence of A" to © wilh
respect to B, Then

e Foralloin ANA', o is similar fo B g such that (o, f5) €
g than Be such that (&, 8c) € po, or the similarity
between o and B i5 equal fo the similarity between o
and Je with respect to A, and

# There epists o in A N A', which is similar te §g sveh
that (o, Bp) € pg than Bo suck that (o, Bo) € pe, with
respect to M,

if and only if we soy thet the similerily between A end B
is stronger than the similarity between A’ end O with
respect to R, denoted by

[4:B] = [4:C).
LS
Mow, we assume () is the following set of atoms.

= {b:l.'uthl: (Tom, Joe), strikes(Joe Mark)]

A maximally preceding correspondence of A; to &) with
respect to Ky is shown as

{{fathox (=, ), brother(Tom, Joa]),
(kille(y, 5), strikea|Joe, Hark)}},

and therefore,
s R
i_-l“i '.E_-l] = [A]_ H CJI.
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2.3 Formulation of analogical generalization

In this section, we proceed to formulate analogical general-
ization. First we give a logical consideration on analogical
genecralization ueder five conditions to generate a rule, dis-
cussing these conditions briefly.

Let v be a non-ground atom which represents a target
concept, and F be an example, that is, a set of ground atoms
which is relevant to the target concept. In Lhis case a non-
ground atom is an atom containing variables and a grownd
atom is an atom confaining no variable. We assume that
E contains ', called target instance, such that unifiable({r,
7'}]. Let E' be a set given by removing target instance '
from K, and EY be a set of ground atoms deduced by B E.
Analogical generalization is formulated as follows.

Definition 7 {Analogical generalization) Given
R, E,r, and of

RUE' ¥, {1)
then generating a rule r such fhat
RUE U{r}F+, (2)
RUE"U{+} is consistent, and (%)
r safisfies the following five conditions, {4)

12 pelled analogical generalization.

& Selection condition
There 15 o substitution § such that

T(r)e € B,

cons(r}f =1,
where [l{r) denotes a set of ofl afoms that consbitule v,

» Similerity condilion
There iz a rele #'(E ), provided that
{. There is @ correspondence of II{r") to II(v )8, which
contains (cons(r'), ") L.

2. For an arbitrary set of atoms A{C E"), the follow-
ing refation does nof hold,

[L1(') = A] & (Igr') : ()8

3. For an arbifrary rude (€ B) and an arbilrary sel
of atoms A(C E"), the follouring relation does not
hold.

[4: 1) £ (e : )],

& Significance condition
For o rule v which satisfies similarity condition 2, letting
@ be o correspondence of I{r') te M{r}d,

U #(Ra,8) #0.
[ed)cw

'@ indicetes the same substitution in selection condition.
Me call ** & hase rale.
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» (enerality condition
For a base rule v, letting @ be o correspondence of I{r')
to I(r),

vl:':hﬁ} €, Hﬂ{ﬂ,ﬂ} = “S'fﬂrﬂ} {'1' =1,2,.. ]'

o Appheability condition
For a base rula #', let 1 be o correspondence af ]:'Il:rr]
to I{r}8. Let ps be o correspondence of I{r') to
A(S E"} which conteins v, provided that pa contwing
{cons(r'),v'). For all e € I{+"), if RU {a} ¥ 3 or
fa} b fa such that (o, fa) € wo, RU{AI ¥ B2 or
By = B2 such thet (e, 1) € 1 has to hoids.

Sinee there are, in general, many rules satisfying the equa-
tion (2) and {3), we have introdwced the five conditions as
congkraiuts for the rule r.

Jelection condition means that the rule r is generated mak-
ing use of predicates which are used for representing given
examples and existing rules.

Similarity condition is a condition for the purpose of gen-
erzting & rule which is similar to an existing rule. A base
rile, which is the most similar rule to a given example in ex-
isting rules, is selected appropriately due to this condition.
Moreover, it guarantees that, with respect to the similarity,
relevant atoms are extracted from the example for the se-
lected base rule. That is, this condition is regarded as a bias
depending on the domain specific knowledge.

Similarity condition is a condition for checking the valid-
ity of & baze rule based on a relative comparison of the sim-
ilarities between & base rule and an example, while signifi-
cance condition investigates absolotely the velevance between
a base rule and an example by means of R-similar set. Rules
not satislying significance condition should be regarded as
absurd rules.

Generality condition removes constants which occur in an
example [rom the generated rule, It aims at the versatility
of the generated role.

If an atom o forms a rule # and B U {o} Is able to deduce
anotlier atom o', a rule formed by an atom o' instead of o
also satisfies the equation (2) and (3). In this case, the latter
rule is more applicable than the former. Applicability condi-
tion guarantees the most applicable rule can be adopted.

3 ANGEL

3.1 Procedure

This section presents ANGEL in detail. If the set of exist-
ing rules K, an example F and target concept T are given,
ANGEL generate a new rule by means of analogical general-
ization. We show the overview of ANGEL in Figure 1.

If R consists of recursive rules, R-deducible set will be infi-
nite. Then, we assume B has no recursive rule for computing
the similarity between atoms practically.

The procedure of ANGEL consists of five steps: (1) ex-
tending an example, (2} extracting atoms from the example
and selecting a base rule out of the set of existing rules, {I)
generalizing the extracled atoms, (4) replacing predicates,

rireBy by,

genam%:m’on T riee By, By

u.fm‘ﬂ

A
| E : example '“m
t:ta:&tpt

Figure 1: Owverview of ANGEL

and {5) gemerating a rule. We show briefly each step as be-
low.

STEFP1 Extending an example
Generate a set of ground atoms which are deduced by
RUE and denote it by £, If an atom o E) can be
deduced by RU{a'} {&' # &, o' € E}, remove the atom
o from B,

STEP2 Extracting atoms and selecting a base rule
For cach rule +' € R, make correspondences of II{+') to A
which is an arbitrary subset of . At this time, cons(r')
will certainly correspond to the target instance. If a set
A'(# A) such that,

R
[I(>") - A = [I(x') : A,
A'CE
does mot exist, regard the correspondence of H{r') to
A as a candidate of useful correspondence; otherwise
abandon the set A, Note that onee abandoned sets for
a certain rule are never adopted for other rules.
For all candidates of useful correspondences, evaluate

the similarities between subsets of an example and rules.
And if a correspondence of A’ to II{r") such that,

(A" T £ [ 2 T6),
ACE,
eR

does not exist, adopt the correspondence of 4 to IT(r")
as a useful correspondence.

STEP3 Generalizing atoms

Generalization is performed by turning constants to
variables. As a result of STEP2, there is at least one
useful correspondence @ of II{r'), in which r' is selected
out of I, to A, which is a subset of £, Now, turn con-
stants in atoms in the set A to variables which oceur at
the same peosition of II{r") according to the correspon-
dence 4.



STEP4 Replacing predicates

For each pair of atom {, ) in ¢ which iz a useful cor-
respondence of I{+") to A, if (R, 5) contains an atem
which consists of the same predicates as o, replace the
predicate of § with the predicate of o. Otherwise, let §
be & set of atoms in ${H, 7) provided that none of whose
predicates oceurs in $(R, o). Replace the predicate of
3 with the predicate of (€ §) such that

Yo' e 8, ®(R,7) 2SR

STEPS Generating a rube
Finally, generate a new rule r in which cons(r) consists
of the atom which is generalization of the target instance
and prem(r) consists of the atoms which are generaliza-
tions of the atoms in the set A except the target instance,

3.2 Examples and discussions

In this section, we present the two examples of learning by
ANGEL. And we clazify the effectiveness of ANGEL by con-
sidering the experimental results.

First, we show a simple example in order to follow the
behavior of ANGEL. A set Hy which consists of seven existing
rules defines relations of family. ¥, is an example for the
target concept “grandnother(s, )",

Ry = { grandfather{r, z) « parent(r,y), fathex(y,z), ---(r1}
uncle(z, z) = parent(z,y), brother{y, z), een [r2)
cousin(z, ¥}

= Pu“tl:sh".]|W'm{yrszmtw{"rw}= v [!‘3)
parent(z, ) = mother{z, 2], e rd)
parent(z,y) ~— father(z,y), oo [rB)
fanily(z,y) — parent(z,y), we[r8)
family(z, y) ~ brothez{z, y)} e [rTY

Ey = {grandnother(Peter, Hary),
mother{Panl, Mary),
father|Peter, Faul),
nother{Peter, Luey),
likes(Paul,Hary),
enginser{Peter),
student(Faul)}

If Ey is given, ANGEL starts to extend the example. In
this case, since no atom has been deduced, the extension of
E) is By itself,

In STEP?, candidates of useful subsets of £ are found for
the rule 1 as follows.

{grandmthur{Fatar‘, Mary),
father{Peter, Panl),

mother|Paul, Mary)} - (#1)
{grandwother(Feter, Hazy),

father{Pater, Panl),

likes(Paul,Mazy)} woe 52}

In these sets, since the relation

[M(r1) ¢ 53] = [NI(rL) : 52]

holds, the set s2 is abandoned. As a result, only s1 are
adopted as the useful set of atoms. Likewise, s1 is adopted

50

for the rule r2, And no set of atoms is adopted for other
rules r3 ~ r7.

Mext, the similarity between II{r1) and I1{r2) is evaluated.
As 2 result, the role rl is adopted as a useful rule, because
the relation

[s1: T(r1)] & [ st : II(r2)]

holds.

In STEP3, the generalization will be accomplished. Mow,
there have been the following correspondences of [I(#1) to
sl.

{{grandfather(z, z}, grandmother(Peter, Hary)),
(parent(r, 3], father{FPetor, Paul]),
[father(y, z), mother (Fanl, Mary)}}

Therefore, the set of peneralized atoms are obtained as faol-
lows.

{gri.ndnuthlr{:, z}, fithu'l[a', y),notheriy, 2}

(a1

MNext, in STEP4, predicates in 51" are replaced with
more applicable one, In this case, predicate father in
gl" iz replaced with predicate parent, because predicate
parent ocours in ${f;, father(z,y)). While predicate
mother in £1' is not replaced, because predicate father
never oceurs in $(H, nother{y, z}) and atom mother{y,z)
is the only one atom in &g, methex(y, £)) except atoms in
&( My, father(y,z)). As a result of the replacement of pred-
icates, & set of atoms are modified as

{granduother(x, ), perent{z, y),mother(y, z}}. - {s1")

In STEPS, finally, according to the above set 517, the fol-
lowing new rule is generated and added to Ry,

grandnother(z, ) — parent(z, y},mother(y,z) - -(r8)

The rule r8 satisfies the requirement for analogical gener-
alization given at Definition 7, and it is just appropriate rule
about the target concept. In this case, good learning has
heen performed, because the rule which is closely similar to
the rule for target concept is in the existing knowledge base.

In rule based systems, generally, the lack of rules causes «i-
ther interruptions or mistakes on inference. ANGEL is useful
for such a situation, because it is possible to continue infer-

ence by generating new rules from given examples.

Mext we show an example of acquiring rules for the system
for parsing simple English sentences. The target system is
capeble of parsing English sentences by means of syntactic
rules shown as Figure2. In this system a sentence is treated
as a list. For example the sentence “The sun rises in the
enst™ is represented as the list,

|the, sun, Tisas, in, the, sast]
And

noun phrased [the ,san,rises,in,the,east],
[rises,in, the  east]}

indicates that [the, sun| is noun phrase. The system exam-
ines whether or not a given sentence is grammatically valid
by a backward chaining inference by means of the syntax
rules.
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pentance(s, ¢) — noun phrase(s, v ), verb phrase(uvy, &),

sentenca(s, ¢) « noun_phrase(s v ), vexb_phrase(v;, u),
prepositional phrass(vg,e).

sentence(s, ) « present progressive(s, ).

sentence(s, £) « prezent _passive voice(s, &).

sent nm:u{:,c;l — pcrusnnt_p-e:futl:s, c}.

nonn phrase|s, ) — deterniner|s, v ), noun|v, 2).

noun_phrase(s,e) + noun{s, e}

prepositicmal phrase(s,¢) « preposition(s,m),
neun phrase(w, £).

verb phrase(s,e) + verb(s, ).

verb phrase(s, ) — verb{s, » ), noun_phrase |, ).

present_progrossive(s, ) +— noun_phrase(s m ),

preasnt BE{u;,1;), present participlelys, )
Pruuuht_lzrus;ru:-uiwl'lql t:} — nnl.‘m..PhJ.‘nE#I:J. vy },

present.BE{v;, v; ), present_participle(vs, vs),

noun_phrase(u;, )
'F\ﬂ-l:'b[l.| &)+~ EE[:,g:l.
vorb|s, e) +— main_vezb(s, ).
varh(s, £) «— present_varh|s, ).
varb{s,¢) ~— past.verb{s, ).
BE(s, e} +— present BE(s e).
BE(s, &) — past_BE(s,&).
nain_verb(s, £} + present main verb(s, e).
nain verk(s, e} + past main warh[s, a).
present_verb(s,e) «— present BE(s, ¢).
past_verb(s, ) « past _BE(s, ).
present_verb(s, e} «— present main_verb(s, e).
past_verb(s, &) «— past_main verb{s,¢).
muxilisry werb(s, &) «— present auxilisry verb(s, ),
auxiliary_verb(s,c) — past_auziliazy werb(s, ).
participle(s,e) — present_participle(s, £).
participle(s,«) — past_participle(s, ).
determiner(s,e) « THE(s, ).
noun(s, &) «— SUB(s, e
noun( s, &) — EAST(s, ).
neun(s,¢) «~ DOOR(s, e).
noun(s,e) «— HER(s, e}.
ncun(s,£) «— BE(#, &),
noun(s, ) — I{s,e).
noun(s,e) «- BOMEWOERE(s, ).
present main verb(s e} — HAVE(s, &)
presant _main_verh(s, £) «— RISES(s, ¢).
present_auxiliary verb(s, e] — BAVE(s, ).
presart BE(s, &) «— 18(s,e).
past_participle(s,e) — CLOSED(s, ¢).
past_participla(s,e) +~ RESFECTED(s, ).
past_participle(s, ¢) — FINTSHED(s, ).
preposition(s,c] ~— IH(s, ).
preposition{s,e) — BY(s,e).

Figure 2: A part of rules in existing kuowledge base

As Figure? indicates, initially, the rule to define syntax
about the present passive voice is insufficient. Then we have
tried to generate a lacking rule by ANGEL.

Faor the target concept “present_passive_voice(s, )", we
have given the following example EFy to ANGEL.

Ey = { present passive_voice([the door,is,closed], [1),
THE( [the ,door, i8,closed] , [door,is,closed] ),
DOORY [door, ie, clased] , [ia,cloeed] ),
I3{[is,closed] , [clesed] ),
CLOSED{ [closed] , 02}

Firatly, the given example EFy has been extended to the
following set By,

Ba { present_passive_voice( [the,doer,is,closed], [13,
THE([the ,door,is,closed] ,[door,is,clesed]),
DOOR( [door, is,closed] , [ia,closed] ),
I5{[i= ¥ elosed] N E:louud] },
CLOSED( [closed] ,[1),
noun phrase([the door,is, closed], [is,closed]),
sentance([the,door,is,closed], [cloasd] )}

Then, the useful correspondence has been found as follows
by using a rule for "present_progressive” as a base rule.

{(present_progresaive(s,e),
present.passive.voice{[the ,door,is,clesed] , [1)),
{noun_phrase(s, v,
noun_phrasal [the ,deor ,is, elesed], (15, clased]}),
{preeent BE(vy,v;), I3((ie, closed] , [closed]}),
{present_participlefvs, ¢),CLOBEDE [clased], [131}

As a result, we have confirmed that ANGEL generates the
following one rule successfully.

present passive.veice(s,a) — nmm_phruu{s,u;]l,-
presest BE(w,v),
past participle(vy,e) ---(r#)

The generated new rule r9 is added to the koowledge base.
Again we have given an example sentence A mouse is
canght by a cat.” for the same target concept.
In this case, two distinet rules 10 and r11 are generated
by using the identical base role in the existing knowledge
base.

prasant pass :i.l'a-_vu:i.i:el{.;_c, :} — noun.phrase I:l'1 1 }I,
presentBE{v, v,
past_participlelv,, vs),
prepositicnal phrase(s;,e)

-+ - {r10)
present_passive voice(s,e) — sentence(s, v ),
participlevy,m),
prepositicn(vs,m],
noun_ phrase (s, )
e [rll)

Like the above, ANGEL sometimes generates several rules
for ene example. It is now important fo examine whether
each of the generated rules is appropriate. For instance, The
rule #10 is 4 suitable rule, whereas the rule #11 is obviouwsly
strange. The reason for this is none of the rules in the existing
knowledge base are really similar to the given example. Since
atom noun phrase(vs, €] in selected base rule

prosent progressive(s, e) «— noun phrase(s, v ),
present BE(m,wy),
prul:ut;:rnin!ph[wg, L] },

noun_phrase(vy, e}



corresponds to atom prepesitional phrase(vs.e) in the
rule v10 and atem noun phrase{vs,e) in the rule rll
{namely, the given example is regarded as the sentence con-
sisting of some phrases and noun_phrase), the similarity be-
tween the base rule and the rule r11 are stronger than the
ome between the base rule and the rule r10in respect of thesea

atoms,

Next, we have supplied a sentence “He was killed by them.
" to attempt to generate a rule for ancther target concept
past_passive wvoice(s,e). ANGEL could generate o new
rule r12 by employing a rule r10 generated just now,

past_pasaive_volce(s, ¢) «— noun_phrase(s, v},
past _BE[1y, 1),
past. partisiple(ivs, v},
prepoeitional phrase(vs,e)
- (rl2)

In this case, since an appropriate base rule, which does
not exist initially, has cccarred in knewledge base, a good
rule is penerated accurately by selecting it. ANGEL is capa-
Hle of growing knowledge base gradually by employing rules
generated by ANGEL itself as base rules.

Let us discuss the computational complexity of ANGEL.
In order to evaluale the similarity between atoms, ANGEL
has to compute deductive closures of each of the atoms. And
the similarities between atoms in arbitracy correspondences
have been estimated to find the most suitable pair of the
atoms in the given example and the base rule. Therefore,
procedure of ANGEL may be expensive as a whole, although
hypothesis space to be considered is amall. In fact, as a
result of implemnenting ANGEL on Sun SPARC Station2 with
SICStus Prolog, it tock a few minutes to generate a English
syntax rule.

The approach evaluating similarities between atoms based
on their deductive closures is theoretically interesting, but it
may not be practical. For the purpose of practical leamning,
some restrietions on either forms of the background knowl-
edge or the hypothesis language are required like Muggleton's
GOLEM[Muggleton 1980]. We think we will have to improve
the practicability of ANGEL in the near future.

4 Related works

In this section, we characterize ANGEL [rom a viewpoint of
general machine learning framewark.

ANGEL belongs to the category of learning from exam-
ples, in the sense that it generatles new rules by generalizing
given examples. In inductive fearning methods, generally,
pre-defined generalization rules are used for generalizing ex-
amples. ANGEL also uses three kinds of generalization rules
corresponding to dropping condition rule, turning constants
to variables rule and constructive generalization rule based
cn logical implications [Michalski 1984), all of them are con-
sidered as the primary gencralization rules in learning from
examples. However, ANGEL differs from the ordinary in-
ductive learning methods in using the existing rules as the
bias. That is, ordinary inductive learning uses no existing
rirles, even if so, it uses them for the constructive induction.
On the sther hand, ANGEL employs the similarity between
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the existing rules and the given example in erder to drop
conditions, se it can reduce the hypothesis space extremely.

ANGEL is related to inductive logic programming (ILP),
because it generates rules represented as Horn causes by
induction. ILFP is also capable of learning new rules with
reference to existing rules.  Both Muggleton and Bun-
tine’s CIGOL[Muggleton and Buntine 1588] and Wirth's
LEP2[Wirth 1989], which are typical examples of ILF sys-
tem, use operators based on inverting resolution o aug-
ment incomplete clausal theories, The difference between
these systems and ANGEL is the way of employing existing
background knowledge. That is, in both of their systems,
background knowledge is not employed as biases at all. In
fact, rules can be acquired under no background knowledge,
Therefore the interaction between user and system is in-
evitable in their systems to derive reasonable rules. Whereas,
ANGEL employs background knowledge as a bias. A given
example is generalized through mapping a structure of & role
in existing knowledge base. It provides a sirong restriction
for induction and serves to generate & few useful new rules.

ANGEL evaluates a similarity between existing rule and a
given example to learn a new rule. Therefore it can also be
regarded as a kind of method for learning by analogy. Davies
and Fussell [1987] have defined, in their paper, reasoning by
analogy as the process of inferring that & property Q holds of
a particular situation T (called the target) from the fact that
T shares a property P with another sitvation 5 {called the
source] that has property ). In analogy, it is very important
to match between the target and the source. Similatly, in
ANGEL, the matching between existing rules and a given
example, which is called correspondence in this paper, must
be found suceessfully. Now we compare ANGEL with several
methods with respect to the way of matching.

Haraguechi and Arikawsa [1986] have formalized the reason-
ing by analogy on a deductien systern. In their method,
the domain for reagoning js represented by a set of definite
clanses, and the similarity between objects is defined as the
identity of predicates. Therefore the matching is performed
by priring the atoms which are deseribed with the same pred-
jicate. On the other hand, ANGEL finds & correspondence
between atoms based on their similarities, that is, it will not
require identity of predicates. And it enables ANGEL to
generate completely novel rules.

Recently, Arima [1991] has analyzed apalegy from the
point of logicel relevance. His formulation is based on the
idea as follows.

1. The properiy to be projected from the source to the
target must be justified.

2. The similarities, which means the properties shared by
hoth the soorce and the target, should be formed by the
minimun justifications.

Unlike ANGEL, the shared properties must be represented
by the same predicates both with the source and with the
target.

Gentner [1983] has slse developed a method, called Strue-
ture Mapping, for the matching between the target and the
source. In her method, first an atom is matched with an-
other atom, when both of them are described with the same
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predicates, and next, the object in each atom is matched.
And the process of the matching is repeated based on newly
matched objects. ANGEL is similar to Structure Mapping,
becanse the matching between atoms is achieved based on
the matched objects. However, there are the following two
differences between them.

1. Although Strueture Mapping requires the identity to
several kinds of predicates (e.g. greater, couse, etc.)
in arder to match between atoms, ANGEL will not re-
guire the identity of predicates at all.

2. In Structure Mapping, the similarity between descrip-
tions is defined by the identification of predicates and
the number of matched descriptions. On the other hand,
in ANGEL, it 1s defined as the subsumption between
deduetive closures of atoms based on the logical consid-
eration.

ANGEL is also related to both the explapation-hased
learning (EBL)[Mitchell £t al. 1936] and Russell's single-
instance generalization (31G)[Russcll 1987], because all of
them are capable of learning from one example and back-
ground knowledge. However, EBL has to need completeness
for background knowledge, so rules produced by EBL are lim-
ited to ones which are deducible from background knowledge.
In this senze, EBL cannot generate really new rules. SIG re-
quires weak background knowledge, called determinations,
in stead of complete one. That is, it can learn rules under
comparatively insufficient background knowledge in contrast
to EBL. Froperly new rules cannot, however, be generated,
because it does not deal with non-deductive reasoning.

5 Conclusion

This paper has described au approach to learning from an
example by analogical generalization.
The notable features of ANGEL are shown as follows,

1. ANGEL is able to generate a new rule from a given single
example by analogical peneralization.

2. A similarity between an existing rule and an example
can be evaluated a similarity between atoms forming
each of them.

3. A similarity between atoms is defined based on the sub-
sumption relation between deductive closures of atoms,
and it enables to compute similarities formally,

Through the experiment for the domain of parsing English
sentences, we have confirmed that ANGEL is useful for ac-
quiring knowledge on knowledge based systems.

In this paper, from the inductive learning point of view,
we have highlighted the method to generate a new rule from
a given example. The definition of similarity introduced hare
iz mot specific for Inductive learning, We plan to apply this
ides to other various reasoning paradigms (e.g. ordinary ana-
logical reasoning, deductive reasoning and so on) to improve
performance and applicability of them,

This work was supperted partly by the Grant-in-Aid for
scientific research from the Ministry of Education.

References

[Miitchell 1977) T. M. Mitchell: “Version spaces: a candidate elim-
ination approach to rale learming™, Proc. of 5th IICAL, pp. 305—
310 (1977). .

[Winston 19&0' P. H. Winston: “Learning and reasoning by aoal-
ogy", Comm. of ACM, Vol.23, No.12, pp.BES-T03 [1980).

[Dictterich and Michalski 1983] T. G, Dietterichand R. 8. Michal-
shi: “A comparative review of selected methods for learning
from examples”, Mechine learning, R. 5. Michalski, J. G. Car-
bonell and T. M. Mitchel] {Eds.), Morgan Kaufmann, pp.41-81
(1883).

[Michalski 1283) R. 5. Michalski: “A theory and methodalegy of
inductive learning”, Machine learning, R. 8 Michalski, J. G,
Curbonell and T, M. Mitchell (Ede.), Morgan Kaufmann, pp.8i—
134 (1983).

{Gentner 1933] D. Gentner: “Structure-mapping: A theoretical
framewark for analogy”, Cognitive science, Vol. 7, pp. 155170
{1983).

[Hazaguehi and Arikawa 1988] M. Haraguchi and 5. Asikawa: “A
formulation of analogical reasoning and its realisation”, Journal
of JSAL, Vel. 1, Ma. 1, pp.132-139 (1986) (in Japanese).

[Mitchell ef ol 1886] T. M. Mitchell, B. M. Keller and . T.
Kedar-Cabelli: "Explanation-based generalization: A unifying
view", Machine Learning, Vol.1 No.1, pp.47-80 [1836).

[Davies and Hussedl 1887) T. R. Davies and 5. J. Russell: “A
logical approach to reasoning by anelegy®, Proe. L0th [JCAIL
PP.264-270 (1987).

|Ruozsell 1887] 5. J. Russell: *Analogy and single-instance gener-
alization”, Proc. 4th Int’l Machine Learning Warkshop, pp.A90-
397 (1987). .

[Muggleton and Buntine 1988 5. Muggleton and W. Buntine:
“Machine invention of first-order predicates by inverting resolu-
tion", Proc. of 4th Int’l Machine Learning Werkshop, pp.290-
397 (1088).

[Wirth 1988] R. Wirth: “Completing logic programs by inverse
resalution”, Proc. of 4th European Warking Session on Learn-
ing, pp.239-250 {1888).

[Muggleton 1990] 5. Muggleton and C. Feng: “Efficient induction
of logic programs”, Proc. of 15t Int’l Workshop on Algorithmic
Learning Theory, pp.366-381 {1980).

[Arima 1921] J. Arima: “A logical analysis of relevancy in analogy
*, Proc. of bth Annual Conf. of JSAL pp235-238 (1991) (in
Japanese),

{Mori et ol 1901] T, Mori, T. Chkawa, N. Babaguchi and Y.
Tezuka: “Learning based on similarity between rilss and exam-
ples”, IPS Japan rescarch report on artificial intelligence, T4-8,
pp-48-57 (1991) {in Japanese),

[Obkaws &t al. 1981] T, Ohkawa, T. Mor, N. Babaguchi and ¥.
Tezuka: “Class directed generalization”, Proc. of 3rd SCAIL
pp.260-276 (1981),



