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An Efficient Feature-Based Connectionist
Inheritance Scheme

Ron Sun
we --L*",'él : :
Abstruct=—A conpectionist model that deals with the inheritance  semantics is developed for the problem. This analysis leads
problem in an efficient and natoral way is described. Based (o the rule of the shortest inferential distances for deducing

on the connectionist architectre CDNSYDERR, the problem
of property inheritance and formulate it in ways (aciliiating
conceptual clarity and connectionist implementation xnykpxed.
A set of “benchmarks” Is speeified for ensuring the correctness of
solution mechanizsms; parameters of CONSYDERR are formally
derived to satisxfy these benchmark requiremenis. The paper also
discusses how chaining of is=a links and multiple inheritance can
be handled in this architecture. It is shown that CONSYDERR
with a two-level dual (localist and distributed) represeptation can
handle inheritance and cancellation of inheritance correctly and
extremely efficiently, in coanstant Hme ingtead of proportional to
the length of a chain in an inheritance hierarchy. It also demon-
strates the utility of a meaning-oriented intensional approach

. (with featnres), for supplementing and enhancing extensional
apprvaches,

1. INTRODUCTION

NHERITANCE is one of the central problems in artificial

intelligence, and it has been receiving a lot of attention.
Many different variations of the inheritance problem have been
stdied and many different solutions have been proposed. Most
knowledge representation systems nowadays embody some
kinds of inheritance mechanisms; varous implementations
exist, ranging from simple ones to highly complex parailel
spreading activation systems. The intensity of activities in
this area signifies its importance—inheritance serves as a
foundation for building intelligent systems.

In a nutshell, inkheritance is the derivation of information for
one concept (class) based on known information associated
with another concept (class) in a hierarchically strucrured
knowledge base. Hierarchical structuring of knowledge allows
economical representation, by minimizing the redumdanecy
of information stored, and efficient reasoning, by directing
inference in a predetermined way. Knowledge representation
systems rely on inheéritance to enable certain useful and
frequently made inferences (i.e. inheritance of properties) to be
made. The research in this area centers on developing sound
mechanisms that can handle various inheritance situations
correctly and efficiently.

Among all the work in this area, Touretzky [25] is by far
the most comprehensive study of inheritance. In hiz work,
inheritance networks are construed to be lattice structures,
enabling full mathematical analysis of them, and a clear
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correct results; various kinds of inheritance scenarios are
anaiyzed in his work to show how each of them can be handled
correctly by the rule.

Instead of dealing only with top—down inheritance (inher-
itance from a superclass to a subclass), Shastn [13] presenis
an evidential framework for the inheritance problem in both
top—down and bottom-up directions and a connectionist im-
plementation of the evidential furmulat.iof His treatment of
inheritance is based on counting the numbers of objects with
different property values, and the conclugion is reached with
information maximization based em the counts. The connec-
tionist implementation is localist and mpkes use of several
specially designed node types for evidéntial combinations.
Cottrel]l {31] also implements a connectionist solution.

Yager [28], on the other hand, presents a possibilisiic
treatinent of the inheritance problem based on the fuzzy set
theory [29], [30]. Basically, results of imheritance are rated
with a possibilistic measure and the highest rated result is
adopted; other apparatuses are also needed, one of which is the
ordering of facts from the most specific to the most general.
The idea of a fuzzy solution to the imheritance problem is
very interesting, but the particular solution seems somewhat
ad hoc. Mili and Rada’s work [11] represemts a different
approach ir applying the fuzzy set theory to inberitance and
deals with inheritance as generalized fuzzy regularity; that
is, hierarchical relationships between concepts are to reflect
relationships between the properties of these concepts and vice
versa. It treats both top-down and bottom—up inkeritance in
one framework. It is a mathematically motivated treatrnent,
not a cognitively motivated one.

In this paper, we advocate the view that inheritance is better
dealt with intensionally, instead of extensionally. Briefiy.
extension is the class of objects that fits a concept;! and
intension is the “meaning” of a concept (and of the class it
describes), or more precisely it is a set of fearures that is
common and jointly peculiar to a concept [10]. Extensional
approaches thus only deal with the classes (of objects) per
se, while an intensional approach also takes into account the
intensions of classes. This distinction can be likened to that
of synactics versus semantics, in that extensional approaches
deal only with syntactic relations while intensional approaches
also deal with semantic comtent of concepts. We believe
that inferences in an inheritance system shouid be based on

1 Ngte that extension a5 used here (scc [10] for more explanation) is a oudly
different concept from the onc used in Touretzky [25].°
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intensions (features, semantics, etc.) of concepts involved at
least to a certain extent, rather than based solely on syntactical,
extensional relations (such as és-a); for intensional approaches
represent a deeper and more fundamental (meaning-oriented)
understanding of concepts and of relationships berween con-
cepts. The problems with the existing purely extensional
approaches are the following:

* The complexity and often ad koc nature of mechanisms
for handling various cancellation scenarios ([28], [2], and
[13])-

« The difficulty in finding correct soiotions to various
situations ([24] and [13]), such as multiple inheritance.

« The computational inefficiency resulting from the com-
plex mechanisms employed.

As will be shown in the paper, intensional approaches pmvide
ways for remedying these problems.

CONSYDERR is a connectionist architecture developed for
dealing with commonsense reasoning in general [16],? which
is used in this work to carry out the intensional approach with
a two-level representation. We adopt this architecture for the
following reazons (as will be demonsirated later on):

= It provides a computationally efficient (massively paral-
lel) mechanism.

= It provides a way for implementing an mtensmnal!seman-
tcal (versus extensional/syntactical) approach to the in-
heritance problem. '

* The inheritance problem is reduced to the more general
problem of rule application and similarity matching, and
15 handled uniformly along with other problems.

The plan for the rest of the paper is as follows: we first
analyze the problem of property inheritance and formulate it in
ways facilitating its solution; a set of “benchmarks” is specified
for ensuring the correctness of inheritance mechanisms we
develop. The connectionist architecture CONSYDERR devel-
oped in [16] and [17] is presented as a means of implementing
our formmulation of inheritance; the parameters of CONSY-
DERR are then derived to satisfy the benchmark requirements
specified. The chaining of is-z links and -the problem of
multiple inheritance are also analyzed. Some comparisons with
other approaches are made at the end.

II. BasiC INHERITANCE

A. Twp Iypes of Links

First, some clarifications shall be made here regarding the
basic notations used in formulating the inheritance problem.
Touretzky [25] deseribes inheritance as inheritance between
classes (concepts), with only is-¢ links used to connect var-
ious classes. In our discussion, however, a slightly different
formulation of the problem will be used: instead of all is-
2 links, we will have two types of links: is-q and fas-
praperty-value; is-a is used here to denote relations between a
superclass and a subclass; has-praperty-value is used to denote
a property value of a class. Although mathematically through
some transformaton onme type ¢an be turned into another,

For similar connectioinist models, see [1], [5], [5], ete.
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the resulting representation is unnatural.® These two types of
relations are fundamentally different.

For example, the elephant example ¢an be expressed in
Touretzky’s formalism ag: -

elephant is-a gray-thing

royal-elephant is-a white-thing

royal-elephant i5-g elephant.
Here “gray things” or “white things” are not natural categories,
although one ¢an always make up such categories if so
desired. In our formalism, the example can be expressed, more
naturally, as

elephant color gray

royai-elephant eolor white

royal-elephant i5-a elephant.
Or equivalently,

elephant has-property-value color-gray’

royal-clephant has-property-value color-white .

royal-glephant is-a elephant.
Here we treat a property-value pair (e.g. color-gray) as one
single comcepl.

Now we want to show fhat the preediing formulation of
inheritance can be described by rules and similarities. The
elephant example can be translated into the fulluwmg mles|

for expressing property values,
elephant —» colar—gra.y

royal-elaphant — color-white

and similarities between royal elephants and elephants (for Is-a |

or subc]assfsupemlass relations):
elephant ~ ruyﬂ[-etepham. S

That is, is-a (the subclass/superclass relation) is handled
here as a special case of similarity. Furthermore, the sim-
ilarity can be described by featws overlapping, and thus
the superclass/subclass relation (is-2) is a special case of
feature overlapping; it is special because the feamre set of
the superclass is always contained in that of the subclass (the
taverse containment). This is based on a well known principle
of philosophical logic: the larger the extension, the smaller-
the intension, and the extension of a concept with an intension
that is a proper subset of the intension of another concept is a
superset of the extension of the other concept. Here intension
means the “meaning” (or common features) of a concept,
and extension means the class of objects that is deseribed
by a concept. Similarity in general can be attributed to the
overlap in the meanings of two concepts; when we decompose
“meanings” into features, similarity amounts to the overlap of
the feature sets of the two concepts. Therefore, in this sense, &
superclass and a subclass are similar to each other, as a special
case of the peneral similarity. In terms of the example, the
feature set of “royal elephant™ it a superset of the feature set
of “elephant,” because “elephant™ is a more general concept
3Let p represant a particular property, v its value, and e a class. We can

fnalr.e A class out of all classes that have a certain value for 8 cermin property,
ie, ¢ = Ugg U...... U ey such that p{e;) = v §=12,....% and

plE)Fv if zde

*It means that elephant h rty ol
applics below, epl as 2 property color whose value is gray. The same

H.kl=Zs11
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An inheritance graph.

(a larger class) and hence has less features (less specificity).

associated with it; “royal elephant” 15 a subelass of “elephant”
and Hence coptain all the features of “clephant” plus some
others that are umique to it (for similarity issues, see [23],
[26], and [27]).

We can express an inheritance problem in an "mhentance

graph,” which is a directed acyclic graph where nof_les repre-

sent ciasses {concepts) and two types of conceptual links, is-a
and has-property-value, are used to connect pairs of nodes.
Sae Fig. 1 for an example. In such a graph, is-@ links can
be implemented implicitly through the containment relations

in the comresponding feature sets of the two concepts; the -

other type of links (has-property-value) can be implementad
explicitly as rules as shown previously, in which the premise of
a rule is a coneept node and the conseguent is a property-valne
pair (for example, elephant — color-gray).

B, A Set of Benchmarks

We shall investigate inheritance data to be accounted for
in our solution, requirsments they impose, and theoretical
considerations and desiderata for the system we are aiming
for.” The approach we take is: 1) first determining the range of
commonsense reasoning problems to be solved (not limited to
inheritance), 2) studying the data and problem characteristics,
3) figuring out a set of quantitative constraints, and finally, 4)
deriving solutions from those constraints. We discuss the first
three steps in this subsection.

The range of problems 10 be solved is determined in [16]:
first a set of psychological protocols (from [3]) that are difficuit
to account for by existing systems were analyzed, and the
difficulty is identified and further analyzed into a number of
aspects (since this is a separate topic, we will not repeat the
analysiz here). According to the analysis [16], the difficulty
can be dealt with by rwie epplicarion supplemented with
similarity marching. Inheritance (inchiding cancellation) can
be expressed as mixed rule application and similarity match-
ing as thown before; however, it also imposes some more
stringent requirements as to the outcome of rule application
and similarity matching, because it involves competitions of
mutually conflicting concepts (property values), which gives
rise to some subtle requirements {[25], [13] and [28]; see
[16] for more analyses). So we have to deal with inheritance

5For clarity, in the following discussion we will assume concepts invoived
are binatry; gituations involving graded concepts are dizcussion in [16],
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_ sepamtcly, in addition to the problems nf similarity matching
,.and-rule application.

-+ The requirements for the more gcneral pmblems of simi-
; _Iamy matching and rule application. (not necessarily related to

inheritance) were identified in [16] and can be sumnmarized as
follows.
Similarity. A similarity measure 345 for “A ~ B” has the
following requirements:
- 845 @ |Fa N Fgl, that is, the similarity between two
‘concepts is proportional to thn amount of their feature
overlapping.

545 o 1/(|Fp|), that is, the similarity is inversely
proportional to the nwmber of features B has, when
everything e¢lse is equal.

Rules: The following cases of rules and mixed rules/ simi-
larities have respective requirements:®

(1) A~ B:if Ais activated, then ACTg = rap+ACT,,
where ACT. is the activation value of £ and raz is the
strength of the rule between A and B (the same below);

2 A~ B, B — C:if Ais activated, then ACTy =
348 * ACT,, and ACTr = rpo % ACTq, where 845

- - is the similarity between A and B (the same below);

(3) A~ B, B ~ C: if 4is activated, then ACTp =
rAR % AC‘TA, and AGTc = Zpc * ACTB, .

(4 A— B, B— C:if 4is activated, then ACTg =
rag * ACT,, and ACT» = rpe + ACTR:

.(8) A— B, B — C, C — D: if Ais activated, then
- ACTg = rap + ACT4, ACTo = rpc % ACTp, and
ACTp = rep * ACTo;

® A~ B, B— C, C — D:if Ais activated, then
ACTg = sap + ACT, ACTe = rge » ACTg, and
ACTp = rgp » ACTg;

(N A—- B B~C, C"—»D'ﬁAlsacnvated then
ACTB =TAR * ACTA, AGT.:' = Spo ¥ ACTB. and
ACTp = rep * AC"TC;

() A— B, B — C, C ~ D:if A5 activated, then
ACTy = rap + ACTs, ACTs = rge « ACTy, and
ACTh = a¢gp * ACT; ]

(N A~B, B ~— (O, C~ D:if Ais activated, then
ACTg = 3ap + ACTy, ACT; = rgg * ACTg, and
ACTD = Sep o * ACTG.

On the other hand, in terms of inheritance, we should be
able to deal with 1) inheritance of properties (top—down),
2) percolation of properties (bottom—up inheritance), and 3)
cancellation of inheritance. Let us look into these cases in
detail (cf. [25])

I1st A be a superclass of B (ie, A O B), therefore
the feature set of A is a subset of that of B (ie, Fa C
Fg). Suppose A has a property value C, and B has no
corresponding, property value. If B is activated then ' should
be activated to a certain extent from (top-down) inheritance.
For example, temperate regions lie north to ropical regions
in the northern hemisphere; subtropical regions constitute a

%We only deal with rules with only a single premisc here; rubes with multple
premiscy are just cxtensions of these cases (see [16], [20}, and [21] for a
detailed treatment).
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Fig. 2. Inheritance Case [, A C B. Fq FB Only the feature sets of the
respective concepis are shown here, One arrow is drawn in place of pairwise
connections,

B
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Fig 3. [Inheritance Case IL A & B. Fy C Fg. Only the feature sats of the
respeciive concepis are shown here. One amow is drawn in place of pairwise
CORNECHONS,

subclass of temperate regions; s0 subtropical regions also lie

north to tropical regions in the northern bemisphere,

Conversely, suppose B has a property value 17 and A has no
corresponding property value, if A is activated, I should be
activated from the percolation of property values (bottom—up
inheritance) from B, a subclass of 4, to 4. For example, given
that subtropical regions lie north to tropical regions in the
northern hemisphere, and that the subtropical regions are a
subclass of temperate regions, when there is no information
to the contrary, we can infer, with certain confidence, that
temperate regions lie north to tropical regions m the northemn
hemisphere.

The cancellation in property inheritance is more difficult to
handle. Again suppose 4 is a superclass of B {4 O B).

1) As shown in Fig. 2 (which depiets the feature sets), A

has a property value C' and B has a property value I .

# C; Fe and Fp do not overlap (C and D are not
similar). If 4 is activated, C' should win over .

For example, A = a warm, flat, fertile area with ample
fresh water supply, B =a warm, flat, fertile area with
fresh water supply but rugged, mountainous (i.e., 4 is
2 superclass of B), ' =rice-growing area, and D =
nonrice-growing area. 4 — ¢ and B — D). If given
A, we should be able 10 deduce C not D.

2) As shown in Fig. 3, A has a property value C' and B
has a property value I) # C'; Fe and Fp do not overlap
(C' and I) are not similar). If B is activated, ) should
win over C,

For example, A —a warm, flat, fertile area with
fresh water supply, B =a warm, flat, fertile area with
fresh water supply but mpged, mountaingus (e, A
is a superclass of B), ¢ =rice-prowing area, and
D =nponrice-growing area. A — Cand B — D If
given B, we should be able to deduce D instsad of C.

3) As shown in Fig. 4, A has a property value C and B
has a property value I which is a subelass of C (thus
Fp is a superset of Fio). If A is activated, ¢ should
win over 1.
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Fig. 4. Tnheritance Case I. A & B. Fy C Fp. O D D. Fee C Fp.
Only the feature sets of the respective concepts are shown hr.r: One arrow
is drawn in place of pairwise connectioms.

Fig. 5. Inheritance Case IV. A C B. Fy € Fg. C 5 D. Fr ¢ Fp.
Only the feane sers of the respective concepis are shown hers, One amorw

" iz drawn in placc of pairwise connections.

For example, A is a particular region (say, the South),

B is a subarea of A (say, the Southeast), C is fruijt-

growing ares, and D is orange-growing area (i.e., A is

a superclass.of B and C' is a superclass of D). A — C

. and B — D). S0 if A is given, C should have a higher
activation value than 1.

4) As shown in Fig. 5, A has a -property value C and B

has a property value I} which is a subxlass of C (thus

. Fp is a superset of Fiz), I B is actvated, D should

win over C.

For example, A is a particular region (say, the South)

. B is a subarea of A (say, the Southeasgt), O is fruit-

' growing area, and I} is orange-growing area (ie., A is

a superclass of B and € is a superclass of D). A — ©

and B — D). So if B is given, I? should have a higher
activation value than .

C. A Connectionist Implementation

CONSYDERR? provides a means for implementing a so-
ludon to the inheritance problem satisfying the previous re.
quirements. It is a two-level, dual-representation connectionist
architecture for commonsense reasoning (see Sun [16]); one
level of it, called L, uses localist repressntation and the
other level, called CD, uses distributed (feature-based) rep-
resentation. The Iocalist level (C'L) is mainly for representing
rules and concepts. Rules are carried ont via links betwesn
nodes. The distributed level (CD) is mainly for carrying out
simnilarity-based reasoning, to supplement and enhance rule-
based reasoning mechanisms, Each node in 'L is connected
to all the relevant feature nodes in €D; once a CL node is
activated, the related C'D) nodes will be activated subsequently
from interlevel connection, and vice versa, Links in CL are
replicated diffusely in CD by multiple links betwsen two sets
of feature nodes representing a premise and a consequent of
a rule respectively. Similarity matching is actually accom-

It m for @ CONnectionist S¥stem with Dual representation for Eviden-
tial Rﬂbﬂt Reasoning,

F.okldgs 11
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Fig 6 The CONSYDERR Axchitccture. The top box is £'L and the bottom
box iz CD. In C'L, a concept is represented by one node. In D, a comespt
is represented by 8 clusier of nodes. Comespanding nodes are cnnnr.umd via
10p=dtrwn and botjom=up links. N

plished through the intéraction between the two levels, by a -

top—down/settling/bottom—up cycle, See Fig. 6.
A set of eguations for the mmputauun of the three phases
15 as follows: . ‘

For the top—down phase, .
AG’T,,. (t+1)= max(td,q * ACT,(4))

where ACT is the activation value of a node and A
is any node in CL that has z; € Fj; 1d is a'weight

. (to be deterinined later). That is, a feature node in CD
receives activation from the corresponding nodes in CL,
and chooses the largest value. '
For the settling phase, m CL

ACTo(t) =Y rix A1)

and im CD
ACT, (8) = 3wy # mg(t)

where r's and iw’s are link weights (representing rule
strengths), and [w°s can be determined from correspond-
ing r’s (as will be shown later); A;'s and z;’s are the
activations of nodes that are related respectively to ¢7
and y;’s by links (rules). That is, in this case, each node
receives activations from other nodes at the same level
{which are related to it by rules) and does a weightcd-
sum for computing its own activation. (This is actually
a simplified deseription. For the lengthy detail, see [16]
and [19].)

For the bottom—up phase,

ACT(t +1)

= max(ACT=(t), Y buc* ACT, (1))
wWECDo

where ' is any node in CL, 1;°s are its correspond-

HU tNUthtHlNu LIHHHHT
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ing feature nodes; bu is a weight (to be determined
later), That is, a C'L node receives activation from its
cormresponding C'D node, and chooses the value as jts
activation if it is greater than its original activation.
Applying this cycle results in the following scenario:
First some nodes in C'L get activated by external inputs
(and clamped), Then the top—down phase will activate
(and clamp) the €D nodés corresponding to the active
CL nodes. In the setling phase, links representing
rules related to thoge activated nodes take effect in
both CL and CD. Concepts may have overlapping
CD (feature) representations because they share some
common features dve to similarity; so some of the C'D
representations of concepts will be partially activated if
a concept similer to them is activated in CD. Finally
in the bottom—up phase, fully or partially activated CD
(feature) representations will go back up to activate the
comresponding nodes in (CL. The result ¢can be read off
from CLJ
Notice the massive parallelism in the previously specified
architecture: activations are propagaied, in 3 massively parallel
fashion, from all prelink nodes to all post-link nodes; each
node receives inputs as soon as it can, and therefore fires as
s00n as it can, ensuring a maximum degree of parailelism

" in terms of mle application. In terms of similarity matching,

all similar concepts are activated (in their CD representations)
immediately once an original coneept is activated, and simulta-

- meously matched with the original one (through top—down and

bottormn-up flows);. thus the architecture is extremely efficient
by employing the two level structure. The parallelism in
this architecture accounts well for the similar parallelism and
spemtaneity in human reasoning processes as identified in, for
example, [16] and [3].

Mareover, the fine-grained subsymhnhc leve] (se.e Smolen-

gky [14] and Dreyfus and Dreyfus [4]) in CONSYDERR -

enables intensional representation and meaning-oriented rea-
soning (versus pure syntactical symbolic manipulation), By
integrating extensional representation (at the conceptual, sym-
bolic level} and intensional répresentation (at the subcon-
cepinal, subsymbolic level), and thus forming a two-level
architecture, one can solve problems by utilizing the synergy
between the two compenents [16], [17] and [22].
CONSYDERR handles all inheritance relations with two
primitives: rules (e.g., elephant -— color-gray), imple-
mented with links in 'L and CD, and similarity (e.g.,
elephant ~ royal-elephant), implemented implicitly through
CI} representations. Fig. 8 shows an example of implementing
inheritance in CONSYDERR: an inheritance graph, its de-
scription with rules and similarities, and its implementation
in CONSYDERR with rules and feature set containment. This
example corresponds to the last two scenarios of cancellation
which we analyzed earlier, where the feature set of one
property value is the subset of that of the other and thus one
property value is a superclass of the other (the reverse con-

®Each node in the system has one of more sites (ef. [5]) =ach of which
computes the weighted-sum (or any other similar functions whenever n=eded)

" of the inputs, The maximum of the values computed by all the sites is taken

10 be the activation value of the node.
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Phase I: top-down
links enabiled

Phase II: intra-level

b N o
b links enabled
o/ Iw \ ol Phase [IT: bottom-up

links enablad .

Fig. 7. A generic model. The top box is ¢*L and the botom box is CD.
7 is the link weight (the strength of a rulc) in C'L. fw is the link weight in
C'D, which diffuscly replincated the L link., Acress CL and €D, bu is
the bottom-up weight and ¢d is the top—down weight. The opemtion of the
model is divided into three phasgs, -

tainment relation). In that case, we have dislike-elected-crook
C dislike-crook and F . p; -elected-crook = Faislike-crok

D. Deriving Paramerers

With all the requirements (benchmarks) established in the
previous sections, we can proceed to derive the exact specifica-
tions of the parameters for CONSYDERR, including top—down
weights (denoted as td), bottom-up weights {denoted as bu),
and weights for links between two C.D nodes (denoted as {u)
which diffusely replicate the rle links of C'L (see Fig. 7).

The formal derivation of these parameters, which is mather
long, is in [16]. Let us swmmarizs the derivation briefly: ta de-
termine these previous parameters, we look at the requirements
regarding rule application, similarity matching, and inheritance
as enumerated before. Based on the desiderata associated with
similarity matching, we choose a simple formula. Two cases
of inheritance are analyzed to come up with the link weights
(w) in the CD level, and two other cases of inheritance
are then analyzed to determine the bottom—up weights (bu).
We then determine the top-down weights (zd) in relation to
the similarity measure and the other two parameters. Finally,
the requirements for rule application are verified to be fully
fulfilled. '

The result from this derivation is swprisingly simpie: sup-
pose A and 7 are two arbitrary concepts and there is a link
from A to C (i.e, a rule A — (), then

fd,; =1
: TAc
fae = FD

blig = ——
“ T 3(iFeh

where f and g are functions that are slower than but close to
linear functions, and f is much claser to linear functions than
g; Tac 18 the link weight (the strength of the rule) from A to
C; in case of binary rules, r4c is either 1 or -1.

It is easy to verify that this set of parameters will work
correctly. As an illustration, we will consider the first case of

orad didd q4-d
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‘n
Cigzan - Dhslike-Crook
L - N
O - have-property-value . O
is-a is-a
O hm-wmr—vah.m -0
Gullibla-Citizen Dislike-Elected-Crook

{1} Inheritance graph
Gullible-Citizen ~ Cititsn
Dislike-Blacted-Crook - Dislike-Crook
Clizen —> Dislike-Crook
Gullible-Citizen - = Dislike-El=cred.Crook

{2} Description
o

gullible.cigzen :
‘ 1.
—
4+ .
(3) Implemeniation

Fig. 8. An inheritance graph, its description and it implementation with two

‘levels. In the figure guilible-citiren C citizen and Fttittecinpgny D Foiti.

dislike-elected-crook C dislike-crook and Fygiy uerimtuomat D F et gcvack-
“+" ropresents a positive connection -(with a weight of 1), “—" represents o
negative conacction (with a weight of —1) In D, one arow is drawn in
place of pairwisc connections.

cancellation. When A is activated (but not D), we want ' to
be activated more strongly than D in CD. Then during the
bottom—up process, these activation values will be transmitted
to the corresponding 'L nodes.®

Suppose A is activated, ACT)4 is the activation of 4 and the
activations of the feature nodes of A in C'D due to top—down
flow (ACT, is 1, if we consider only binary cases), ¢ is the
bottom—up weight (which is close to 1, the same for both ¢
and [, because they both have only one feature node), and
the rule strength r4r = rgp = 1:

ACTo =€) lwac » ACT,
Fa

- TAC
= E’EA'J’(IIFI) ACT
= EIFA l mACTA

YAs & geocral assumption, we take the MANM of the comesponding L
values and the bottom-up values, which represents the combination of the

fesults of the conceprual level and the subconceptual lovel reatoning (sec

[16]).
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Thing

ij-a

Noo-animal

Elephant

Snake
Fig. 9. An inheritance praph with long chains of &-a links.

ACTp = ez lugp * ACT,

E]FAI CT4

f(lF I)A

.f(IF I

So C'is activated more strongly than D (since |Fa| < |[Fg]).
-Other cases of inheritance and cancellation be verified in
the sarpe fashion.'? ‘

In short, we have derived the structural parameters in the

dfhl

CONSYDERR architectue uecessary for solving the problem .

of property inheritance and cancellation. This conmectionist
architecture with a simple two-level structure solves a range of
re.-prcscntatmn and reasoning problems, including inheritance,

in a magsively parallel manner and within a unified framework

(Sun [16]).

III. FURTHER ANALYSIS OF INHERITANCE

This section further analyzes how inhéritance is dealt with
by rules and smmilarities along the line we have sketched
previously, in terms of implementing a complete hierarchy
(for either top—down inheritance or bottom-up inheritance, or
both together), dealing with multiple inheritance, and forming
new concepts.

E. Chaining of is-a Links

Now we will analyze how inheritance hierarchies can be
formed with rules and similarities in CONSYDERR. An
inheritance hierarchy is an acyclic structure with nodes rep-
resenting either a concept (a class of objects) or a particular
property value pair (e.g., color-gray), connected by two types
of links. The chaining of is-a links forms the backbone of
an inheritance hierarchy (see Fig. 9). The chaining of is-a
links is handied in CONSYDERR, the same way as before,
by utilizing overlapping feature representations (ses Fig. 10).
The question now is how property values of a concept can be
inherited correctly along this chain upwards or downwards,

%o arder 1 deal with inheritance correctly, the sctivation of nodes will be
allowed 1o be slightly mon: than ape, 50 that we can distinguish two different
inherited properties (sse [16]), For final owiput from a system, any activation
greater then one will be beated as exacily one.

Fig. 10. Implemeniing chaing of ir-n Links: CC it-a B and B is-a A
(ADB>Cand Fa C Fa € Fr)

Let us look at top-down inheritance first. By top—down we
mean that the property values of & class are inherited by its
subclasses. It seems easy to accomplish this task: based on
similarity between the superclass and the subelass in their
comresponding feature representations (one is contained in the
other), the subclass can easily inherit the property values. So
can the subclass of the subclass, the subclass of the subclass of
the subclass, . . . and so on, Troubles arise when there are one
or more cancellations of the property values somewhers along
the chain. In such cases, we have to make sure that correct
values are inherited.

Suppose, in an inheritance graph, A is a class and B is its
¢losest superclass that has a value for a property we want; that
is, A C B and p(B) # 0, and there is no ¢ such that 4 C C,
€ C B and p(C) # 8; where p(z) stands for the value of
the property p for the class z. See Fig, 11. To simplify the

discussion, we assume there is no bottom—up inheritance. We.

want to have.- regardless of other superclasses of A
p(A) = p(B)

The question is how we can accomplish this. The only situation
we have 1o look into is that thers is D suchthat A C B C D
and p(D)} # Q. If p(D) = p(B), there is no diffienlty
at all accomplishing the goal If p(D) # p(B), A has to
inherit p(B), not p(D); in other words, the node representing

p(B) has to fire more strongly than the node representing
p(D). This is exactly what CONSYDERR will do, given
the feature representation in C'D. Intuitively, since we have
F4 2 Fp 2 Fp, the feature sat of A is closer to the feature
set of B than to the feature set of D; therefore A will inherit
B’s property values instead of I)’s. Mathematically, suppose
p(8) and p(D) are represented in CI) by one feature node
each, according to the formulas specified befors:

_— ACT,

B g f(Fal)
ACT,
f(IF=])

ACT,

Ty = 2 F(Fah
_ ACT,
= Folemmn

where ACT: represents the activation of z, and ACT,
represents the initial activation of 4. Since Fp ¢ Fjg, and

ACT, z)

= |Felaimy

and

H.oervs11

TIEE S,

-



AHULG— S0~k kg s Ko

5UN: CONNECTIONIST INHERITANCE SCHEME

Fig. 11. Inheritance Case 1. AC B € D. Fg D Fp D Fp. p{z) denotes
a propeny value of x. Amows in C'D represent pairwisc links across two sets,

f i5 a monotonic increasing function (slower than linear), it
follows that AGTP(B) - AGTP(D).

Lt us now look into bottom—up inheritance. By bottom—up
we mesan that the property values of a class are “inherited” by
its superclasses. Based on the similarity between the superclass
and the subelass (one feature set is contained in the other), the
superclass can easily activate the same property values. This
mheritance can occur further and further along the is-z chain.
When there is a cancelation along the chain, however, wa
have to make surc that correct values are inherited. Since this
case is symmetrical to the top—down case, it is easy to see why
CONSYDERR will work. Suppose, in an inheritance graph, A
is a class and B is its closest subclass that has a value for a

property we want; that is, 4 > B and p(B) # 0, and there is -

no &' such that 4 3 € 5 B and p(C7) # @, where p(z) stands
for the value: of the property p for the class z. See Fig. 12,
To simplify the discussion, we assume there is no top—down
inheritance for the time being. We want to have, regardless
whether or not thers are other subclasses of A:

»(4) = p(B)

Suppose there is D such that A D B > D and p(D) # 0. If
(D) = p(B), there is no difficulty at all. If p(D) # p(B),

A has to inherit p(B) not p(D); in other words, the node -

representing p(B) has to fire more strongly than the node
representing p( D). Mathematically, suppose p(B) and p(D)
are represented in C.D) by one feature node each, according to
the formulas specified before,

ACT,
ACT, = —_—
(%) FZ F(IFED

ACT,

= sl zimmn

and

ACT,
ACT = E —_—
plD) < -f(IFDI)

y IAC‘TA
BT (F )

where ACT, represents the initial activation of 4. Since
Fp o Fp, and f is a monotonic increasing function (slower
than linear), it fallows that AUTP( By > ACT ().

When there are both top—down inheritance and bottom—up
inheritance, there are some complications that have to be
analyzed. Suppose A is a class and B is its closest superclass

Mo eEMGELIMEERLMNG L LBEARFT
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that has a value for a property we want and C is the closest
subclass that has a value for the property; that is, on one

hand, 4 C B and p(B) #£ 0, and there is no D such that

ACD,DCBandp(D)#ﬁ;onthentharhand,CcA_

and p(C') # B, and there is no D such that D ¢ A, C ¢ D
and p(D) # 0, I p(C) = p(B), there is no difficulty at all in
having the correct property values inherited, If p(C) 5 p(B),
we have to make sure the right property value is inherited.
Mathematically, suppose p(C) and p(B) are represented in
GD by one node each, according to the formulas specified
before, = = o wo T T
ACTy .

ACT, = —
e ,.Z faFeh -
o, ACT,
o L EalED
and._ SR VLTI .‘T._ S T o

ACTo) = 2 505D

ACT,
L Flrmy
Since Fz D Fy O Fg, and f is a monotonic increasing but
slower-than-linear function, it follows that the result can g0
either way. This ambiguity is the direct result of the ambiguity
in the knowledge given originally in the problem specification;
we can resolve it once all the feature sets are known, For
example, we will have ACT,5) > ACTh(e if and only
i (FsD/(F(1FaD) > (Fab/(F(FeD); or inmitively, to
inherit from top-down, the feature set of the superclass should
be as close to the feature ser of A as possible. By the same
token, to inherit from bottom—up, the feature set of the subclass
should be as close to the feanire set of A as possible.
In the previous discussion we assume that each property
value is represented by one node in CD. What if those

property values form a hierarchy too? In case of top—down |

inherjtance, suppose 4 € B C D, and p(B) and p(D) are
represented in CD by feature sets with Fygy O Fyep.l!
When A is activated,!? .

o uiﬂ;GT _ Z E.F‘n ?Aicfz;ij
AP (Fw)

M1t cannof be otherwise, Soe [25]. The same applies below.

"2In this tast, those nodes in Fy( py rective inputs from two differeat rules:
B — p(B)'snd D —. p(D), and the former is stronger than the latter, We
use MAX in’tombining results from different rules, The same applics below
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[y o -

Fig. 13. Inheritance Case . A 3 B2 D. Fy 0 Fn D Fp p(B)  p(D).
Fom) 2 Fpip)-
P oL ) - T
B (B) | p(®) .~
p‘" A D r -""

Fig. 14. inheritance Case 4. AD B D D. Fa ¢ Fg C Fp. p(B) D
o). Fumy C© Fpoy

and

ACT
ACTyp) = Z E_”L_ #(FaD

(| Femyl)

Since Fp C Fg Hﬂﬁ‘ Fp(D) C F,(B), and E i a2 mono-
tonic increasing function (slower than linear), it follows that
ACT gy > ACTyp). So the result is correct. See Fig. 13.

I’ case of bottom—up inheritance, suppose A O B o D,
and p(B) and p(D) are represented in €D by feature sets
with Fp gy C Fpipy. When A is activated, we have

Forp)

ACTym = Y Zr, Al
oy 9(0F@))
and
. e
AQZ}(D) :F,,(Z,, g(le(D}D)
T Tn
Fopy=Fp(m) 9(1EmD)

Since Fp € Fp and Fppy € Fppy, and f and g are
monotonic increasing functions (slower than linear), we have
- ACTyg) > ACT,p). So we obtain the correct result. (See
Fig. 14).

Having analyzed all these cases, we are cartain that CON-
SYDERR captures accurately inheritance in hierarchies. CON-
SYDERR provides an “implementation” of inheritance which
is not exactly sn implementation of explicitly path-based
inheritance, but merely rules and similarities intermixed.

"This analysis also shows that CONSYDERR provides a
computationally efficient solution to inheritance: even in face

of a huge hierarchy with long is-@ chains, it can accomplish

inheritance within constant time. All inferencas are done in

<

/ Pacifist
o bave-propeny-value

Republican
Fig. 15. The Nixon diamond: A typical multiple inheritanes problem.

Nixon

parallel and within one cycle, and there is no need to trace
long chains since they are represented implicitly.

F. Multiple Inheritance
Multiple inheritance is a difficult problem for all inheritance

. systems. When different answers are obtained from inheri-

tance through different paths, an inheritance system is in a
ambiguous sjtuation. CONSYDERR can provide a way for
resolving ipuity in multiple inheritance based on feature
similarities, that is, deciding which inheritance path has the

‘strongest strength, depending on which superclass (or subclass)

is closer in feature representation to the focal concept. (In case
that graded ¢oncepts and graded rule weights are allowed, we
can take into consideration both the similarities of featre sets
and the strenpths of rules.) ‘

A typical example of multiple inheritance is the Nixoa
Diamond (see Fig. 15), which can be stated as follows (we
treat Nixon, which is an instance, as a class of one element):

. Nixon is a2 Quaker. Nixon is a Republican, Republicans
are nonpacifists. Quakers are pacifists. Is Nixon a pacifist

or nonpacifist?

We shall represent the problem ag follows

Nizon C Republican

Nizon C Quaker

Quaker — Pacifist
Republican — Nonpacifist.

Our approach is to compare the feature sets of Republicans
and Quakers, to see which one is closer to Nixon.!? The
general principle is: the property values of a class are to be
inherited from 2 class that is the closest 10 it in terms of
feature overlapping, when all rules connecting classes to their
property-values have equal strengths,

Generally speaking, suppose that A D ¢ and B O (7, and
A -— FEand B —+ F (A and B are both superclasses of
¢, and each has a different property value £ or F). Then in
CD, Fy C Fo and Fg C Fg. Assume all links have the same
weights. Assume F and F' are each represented by one single
feature node in C'D. Let us further assume that [Fq| > |Fgl.
Since |Fiz| > |F4| and |Fz| > |Fg|, A is closer 1o C in
feature representation. Now if C is activated, after a cycle we
have

ACT-
ACT s = —_—
z §f(u~u|)

3 1f we deal with nonbinary eases, we also have to consider how sirang exch
tondeney is (# Cuaker being 2 pacifist or a Republican being a nonpacifist).
and then combine the scores to reach the final conclusion.

|
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and

ACT-
ACTF = E F0Fs0

where [ is a monotonic increasing function slower than linear.
So under the assumption that |[F4| > |Fgl, E is activated
more strongly than F.

G. Emergent Concepis
For most inheritance systems, only concepts explicitly struc-

tured into an inheritance hierarchy can be brought out, How-.

ever for many Al applications, some sort of a generative
capability is very useful or even crucial, new concapts and
classes need to be formed and generated on the fly, when the
need for them anges.

For example,

If earrying cargo, buy utility vehicles. If carrying pas-

sengers, buy passenger vehicles. If carrying bath cargo

and passengers, what shall one buy?
What we want 15 to have a system come up with a solution
such as “van,” which is both a passenger vehicle and a
utility vehicle, without the peed for a rule to take care of
the particular situation {in case the rule base is meomplets
or inconsistent for various reasons, as ofien seen in realiry).
In CONSYDERR, certain new concepts can be generated
dynamically through the imteraction in representation. An
informal description is as follows (ses [16] for the formal
analysis): different types of vehicles are represented as nodes
in C'L and as features in &' D; rules (carrying-cargo —— wtility-
vehicle and carrying-passengers — passenger-vehicle) are
represented as links; in responge to the question, two concepts,
carrying-carge and carrying-passengers, are both activated,
and their corresponding feature sets are activated in C'D (i
the: top—down phase); then the two rules are activated (in
the settling phase), so all the features corresponding to both
utility and passenger vehicles will be activated in CI; all this
activation goes up to C'L (in the bottom—up phase). Things
corresponding to the intersection of utility and passenger
vehicles will be activated stronpgly, because they have all the
activated features. So finally something like “van™ will win
in CL. This is only possible when an intensional approach
is taken, and further shows that CONSYDERR is not just a
straight “implementation” of the existing inheritance theories.

IV. CONCLUSION

Finally, we will have a brief comparison with other works,
and then we will summarize the paper.

Comparizons

Touretzky [25]. Shastn [13], and Thomason [24] are all
path-based solutions; that is, in order to inherit from a concept,
a path has to be found that connects the ¢copespt to inherit from
and the concept to inherit to. This kind of schemes requires two
things: a fixed, static hierarchy, and a mechanism for tracing
the path. First of all, a path-based scheme entails the necessity
of tracing paths step by step in performing inheritance; thus
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the computational complexity is proportional to the length of
the longest path, to say the least. Contrarily, a feature-based
scheme takes only constant time for all kinds of inheritance

. scenarios as shown previously, This computational efficiency

matches human commonsense reasoning well [16], Second,
a static hierarchy can be unwieldy in many respects. For
instance, it is difficult to take context effects into comsider-
ation in performing inheritance when using a static hierarchy,
becanse of its fixed topology. On the other hand, a feature-
based scheme (implemented in a connectionist network such
as CONSYDERR) can easily adapt itsell by dynamicallly
modifying connections from concept nodes to feature nades,
as connectionist systems customarily do {[16], [18] and [19]).

Mozt of the existing schemes of inheritance take extensional
approaches. For example, the system in Shastri [13] counts
the numbers of things in each class, and then by evidential
combination, calculates the plausibility of a particular property
values for a particular class; his system will conclude with the
property value with the highest score. Contrary to that, our ap-
proach here i§ intensional; that is; the intensions (or semantics)
of concepts are explored, and inheritance is performed based
on the semantic closeness (i.e. feature overlap) of concepts.
The intensional approach can result in better aceuracy, becanse
it can take account of meaning and semantics as well as syn-
tactical, extensional relations. For example, one may see a lot
more chickens that do not fly than birds that do fly (imagining
living in a chicken farm). 5till, one will conclude that birds
nsuaily fly, because it is an essential feature of birds. It is
also my contention that the intensional approach represents
a deeper and more fundamental understanding of concepts
involved and thus better for any task that is suitable for the
approach. Only when one does not or ¢an not ynderstand the
nature of things, then one takes the extensional approach as a
way out (and thus extensional approaches are complementary
to our intensional approach).

While most of the existing solution schemes are specialized
mechanisms for inheritance, our solution to the imheritance
problem is provided as a part of the solution to problems of
much broader seopes [16]. Therefore, it is not an ad hor trick.
The solution is actually based on a principled dichotomy of
conceptual and subconceptual processing, utilizing rules and
similarities (see [14] and [16]).

Recent work on skeptical inheritance (Stein [15], Horty et
al [7] and [B], ete.) aims at deriving sound conclusions despite
the existence of ambiguity. Roughly speaking, skeptical in-
heritance reaches one sinple set of unambuipuous conclusions
from an inheritance hierarchy, by eliminating all ambuignous
paths in some way; an ideally skeptical inheritence system
reaches those and only those conclusions that are justified
by every possible inheritance scenarios (“credulous exten-
sions”). While this is an important goal for some purposes,
it is different from our goal of commonsensical evidential
reasoning [16]. We are more interested in the question of how
sensible (but fallible) conclusions can be reached efficiently in
a cogmitively plausible way (see¢ [16] for arguments related to
cognitive pluasibilities).

Most of connectionist (neural network) models use opti-
mization as a means for reaching the most plausible conclusion
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(se2 e.p., [9]). However, as clear from the previous descrip-
tion of CONSYDERR, we adopt a differsnt approach, in
which rule- and similarity-governed spreading activation im-
plemented in a neural network fashion does the job of finding
plausible conclusions; there is no overall energy function to
minimize in our model. One of the relative advantages of this
approach is that it avoids a host of problems associated with
energy minimizing neural networks: for example, long settling
time, local minima, global interaction (cf [12]).

Summary

In this paper, a new inheritance scheme is proposed, which
is based on a two-level, dual represeniation connectionist
architecture CONSYDERR. This scheme utilizes features and
the intaractions berween feature nodes and concept nodes. This
scheme can perform ipberitance extremely efficiently, with
constant time. To summarize the main points:

* Intensional (feature-based)} approaches are prefered over
purely extensional aproaches, because they employ more
detailed knowledge, which is oftentimes readily available.

* The featvre-based approach has better computationa] effi-

ciency, which matches the speed of human commonsense

reasoning better.
* The solution in this scheme is formally derived, and thus
has guaranteed correctness. ' .

Although this approach has shown its promise, it is not a
complete solution to all the problems within the scope; it is
a solution to a subset of the most comman problems that can
be solved efficiently with a simple computational mechanism.
Specifically, we do not deal with many intricate cases as in
[24], [7], or [8] (such as various blocking scenarios, skeptical
inherjtance, alternative formulations, ete.); we do not handle
evidential reasoning as in [13], and so forth.

Further exploration is definitely nesded to better understand
the approach. Future research will address more on the issue
of multiple mheritance, delineating its boundary conditions;
we will also further explore the issue of emergent conespts in
CONSYDERR,; we will analyze more difficult cases; and we
will extend CONSYDERR to fuzzy concepts and fuzzy rules,
to accommodate uncertainty in real world situations.
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