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Abstract

Understanding language is the quintessential soft-
computing problem. In order to understand language, a
hearer must integrate awide array of fuzzy, incomplete,
and common sense knowledge. Yet we understand lan-
guage effortlessly, spontaneously, and with remarkable
efficiency. Thisremarkable human ability posesachal-
lenge for computational neuroscience: How can a sys-
tem of slow neuron-like elements represent alarge body
of knowledge and perform a wide range of inferences
with such speed? sHRUT! attempts to address this chal-
lenge by demonstrating how a neural network can en-
codealarge body of (i) specificfacts, (ii) rulesinvolving
variables, negation, quantification, multiple antecedents
and consequents, and (iii) knowledge about entities and
types, and yet perform awide range of inferenceswithin
afew hundred milliseconds. This paper providesabrief
overview of sHRUTI with an emphasis on the encoding
of soft (evidential) rules and facts, and the manner in
which sHRUTI combines evidence during inference.

1 Introduction

Understanding languageisthe quintessential soft-computing
problem[10]. In order to understand language, ahearer must
integrate a wide array of fuzzy, incomplete, and common
sense knowledge, and draw a number of inferences to es-
tablish referential and causal coherence. Yet we understand
language effortlessly, spontaneously, and with remarkable
efficiency. Thisremarkable human ability poses a challenge
for computational theoriesof intelligenceand computational
neuroscience: How can a system of dow neuron-like ele-
ments represent a large body of knowledge and perform a
wide range of inferences with such speed?

SHRUTI[7] is a neurally plausible (connectionist) model
that attempts to address the above chalenge and demon-
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strates how a network of neuron-like elements could en-
code a large body of structured knowledge consisting of
(i) specific facts, (ii) rules involving variables, negation,
guantification, multiple antecedents and consequents, and
(iii) entities and types, and yet perform a wide range of
predictive and explanatory inferences within afew hundred
milliseconds 6][5].

SHRUTI suggests that the encoding of relationa informa-
tion (frames, predicates, etc.) is mediated by neurd circuits
composed of focal clusters and that the dynamic representa
tion and communication of relational instancesinvolvesthe
transient propagation of rhythmic activity across these clus-
ters. A role-entity binding is represented in this rhythmic
activity by the synchronous firing of appropriate cells. Rules
are encoded by linksthat enable the propagation of rhythmic
activity acrossfocal clusters, and afact inlong-term memory
isatemporal pattern matching circuit.

SHRUTI identifies a number of constraints on the rapid
processing of relationa knowledge and predicts the capac-
ity of the active (working) memory underlying reflexive
reasoning®. Firgt, it predicts that a large number of facts
(relational instances) can be active simultaneously and a
large number of rules can fire in parallel during an episode
of reflexive reasoning. However, the number of distinct en-
tities participating as role-fillers in these active facts and
rules must remain very small (= 7). Second, systematic
reasoning involving variable bindings can only be sustained
over a shalow depth. As the depth of inference increases,
inference reduces to a mere spreading of activation and all
binding information is lost. Third, only a small number of
instances of any given relation can be active simultaneoudly
(thisaso limitsthe depth of recursion).

SHRUTI has been applied to devel op model s of tactica de-
cision making under stressin collaboration with B. Thomp-
son and M. Cohen. An implementation of SHRUTI on the

1Since the reasoning underlying language understanding happens spon-
taneously and effortlessly, almost as if it were a reflex response of the
cognitive apparatus, it has been described as reflexive reasoning[€].



CM-5[2] can encode over 500,000 rules and facts, and yet
respond to a range of queries requiring derivations of depth
five in under 250 milliseconds.

2 An overview of SHRUTI

The following simple exampleillustratesthe basic represen-
tational machinery of sHRUTI. It shows how causal knowl-
edge is encoded, and how observations can autometically
lead to predictions and a search for an explanation. The
example and theillustration are deliberately kept simple. In
genera, the model can encode positive as well as negated
information; deal with inconsistent beliefs; represent rules
with multiple antecedents and multiple consegquents, exhibit
priming effects, support context-sensitive unification of en-
tities, and tune network weights and rule-strengths via su-
pervised learning. Figure 1 illustrates a partial encoding of
the following knowledge consisting of rules, facts, and type
relationships:

1. V(xagent y:agent zthing) give(xy,2 = own(y,2)
[800,8001;

. V(x:agent y:thing) buy(x,y) = own(x,y) [900,980];
. give(John, Mary, Book-17) [1000];
. buy(John, Car-23) [ 1000];

. is-a(Mary, Human);

2
3
4
5. is-a(John, Human);
6
7. isa(Human, Agent); and
8

. is-a(Book-17, Book);

Note that rule (1) also states selectiona restrictions for its
arguments. Thus it states that when an entity of type agent
gives something to another entity of type agent, then the
latter comes to own it. In Section 3 we will discussin more
detail how sHRUTI deal s with evidence combination, for now
it sufficesto notethat the pair of weights[a,b] associated with
arulehasthefollowinginterpretation: « indicatesthe degree
of evidentia support for the antecedent being the probable
cause (or explanation) of the consequent, and b indicates
the degree of evidential support for the consequent being a
probable effect of the antecedent. Weightsin sHRUTI liein
the interval [0,1000].

Representation of relations using focal clusters: Each
generic relation is represented by a focal cluster depicted
by a dotted elipsein Figure 1. Consider the focal cluster
for the relation give (top left of Figure 1). This cluster in-
cludes an enabler node labeled ?:give, two collector nodes
labeled +:give and -: give, and threerole nodes|abel ed giver,

recipient and give-object for each of its three roles? The
positive and negative collectors are mutually inhibitory (in-
hibitory links are depicted by filled blobs). In general, the
focal cluster for an n-place generic relation contains » role
nodes.

Semanticimport of enabler and collector nodes: Assume
that the roles of a relation P have been dynamically bound
to some fillers and thereby represent an active instance of P
(wewill see how thisis done, shortly). The activation of the
enabler ?:P means that the system is seeking an explanation
for the active instance of P. In contrast, the activation of the
collector +:P means that the system is affirming the active
instance of P. Similarly, the activation of the collector -:P
means that the system is affirming the negation of the active
instanceof P. Theactivationlevel of ?: P signifiesthestrength
with which information about P is being sought. Similarly,
theactivationlevel of +:P (-:P) signifiesthe degree of belief
in thetruth (falsity) of the active instance of P.

Degrees of belief and contradiction: The levels of activa-
tion of +:P and -: P collectors are the result of the activation
incident on them from the rest of the network and their mu-
tual inhibition. The activation levels of the two collectors
can encode a graded belief ranging continuously from no
on the one extreme (only -:P is active), to yes on the other
extreme (only +:Pisactive), and don’t know in between (nei-
ther collector is very active). If both the collectors receive
comparable and strong activation then both collectors can be
in a high state of activity, in spite of the mutual inhibition
between them. This signals a contradiction.

Significance of intra-cluster collector to enabler connec-
tions: Thelink from the collector nodes to the enabler node
of a generic relation converts a dynamic assertion of arela
tional instance into a query about the assertion. This means
that the system continually seeks support (or an explanation)
for active assertions. For a given relation P, the weight on
thelink from +:P (-:P) to ?.Pis proportiona to the system’s
overall propensity for seeking explanations and inversely
proportiona to the probability of occurrence of a positive
(negative) instance of P.

Encoding of types and instances: Thisisillustrated at the
bottom right of Figure 1. The foca cluster of each entity,
A consists of a ?:A and a +:A node. In contrast, the focal
cluster of each type, T consistsof apair of ? (?eTand ?v:T)
and a pair of + nodes (+eT and +v:T). While the nodes
+v:T and ?v: T participatein expression of knowledge (facts
and attributes) involving the whole type T, the nodes +e: T
and ?e:T participatein the encoding of knowledgeinvolving
particular instances of type T. Thus the pair of v nodes and
the pair of e nodes signify universal and existentia quan-

2Each label correspondsto a node. Nodes are computational abstrac-
tions and correspond to small ensembles of cells. Similarly, a connection
fromanodeA to anodeB correspondsto several connectionsfrom cellsin
the A ensembleto cellsin the B ensemble.
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Figure 1: An example sHRUTI network. Links between mediator and type structures have been omitted.

tification, respectively. The interconnection among nodes
within and across focal clusters of instances and types lead
to a wide range of type inferences. The levels of activa
tion of ?:A, ?v:T, and ?e:T nodes signify the strength with
which information about entity A, type T, and an instance
of type T, respectively, isbeing sought. Similarly, the levels
of activation of +:A, +v:T, and +e T signify the degree of
belief that the entity A, thetype T, and an instance of typeT,
respectively, play appropriate rolesin the current situation.

Dynamic bindings. The dynamic encoding of a rela
tional instance corresponds to a rhythmic pattern of activ-
ity wherein bindings between roles and entities are repre-
sented by the synchronous firing of appropriate role and
entity nodes. With reference to Figure 1, the dynamic rep-
resentation of the relational instance (give: (giver=Johny,
(recipient=Mary), {give-object=a Book)) (i.e,, “John gave
Mary abook™). will involvethesynchronousfiring of +:John
and giver, the synchronous firing of +:Mary and recip, and
the synchronous firing of +e:Book and g-obj. The entities
+:John, +:Mary and +e:Book will firein distinct phases.

Mutual exclusion and collapsing of phases: Instancesin
thetypehierarchy can be part of aphase-level mutual exclu-
sion clusters (p-mex clusters). Members of a p-mex cluster
inhibit one another, and hence, only the member with the
highest activation fires in a given phase. A similar p-mex
cluster can be formed by mutually exclusive types. If the +
node of an entity | firesin multiple phases: and j, and if the
+ node of no other entity isfiring in phase j, then phase j
gets collapsed into phase :.

E-factsand T-facts. sHRUTI encodestwo typesof relational
instances (i.e., facts) initslong-term memory: episodicfacts
(E-Facts) and taxon facts (T-facts). These facts provide clo-
surebetween theenabl er nodeand thecollector nodes. While
an E-fact correspondsto a specific instance of a generic re-
lation, a T-fact corresponds to a distillation or statistical
summary of various instances of a generic relation and can
be viewed as coding prior probabilities. In general, T-facts
can be conditioned on the type of rolefillers (e.g., the T-
fact buy(a-person,a-Car) which encodes how likely it isthat
a person would buy a car, will presumably have a higher
weight than the T-fact buy(a-person,an-idand)). While E-
facts are sensitive to matches and mismatches, T-facts are
sensitive only to matches, and respond like attractors in an
associative memory.

Encoding of rules: A ruleis encoded via amediator focal
cluster (shaded region) that mediates the flow of activity
between the antecedent and the consequent clusters. The
mediator consists of a collector and an enabler node and as
many role-instantiation nodes as there are distinct variables
intherule. The encoding of arule establisheslinks between
nodesintheantecedent, consequent, and mediator clustersas
follows: (i) Theroles of the consequent relations are linked
to the roles of the antecedent relations via appropriate role-
instantiation nodes in the mediator. Thislinking reflects the
correspondence between antecedent and consequent roles
specified by the rule. (ii) The enablers of the consequent
relations are connected to the enablers of the antecedent
relationsviatheenabler of themediator. (iii) Theappropriate
(+/-) collectors of the antecedent relations are linked to the



appropriate (+/-) collectors of the consequent relations via
the collector of the mediator. A collector to collector link
originates a the + (-) collector of an antecedent relation
if the relation appears in its positive (negated) form in the
antecedent. The link terminates at the + (-) collector of
a consequent relation if the relation appears in a positive
(negated) form in the consequent. |If a role-instantiation
node receives activation fromthe mediator enabler and oneor
more consequent role nodes, it simply propagatestheactivity
onward to the connected antecedent role nodes. If on the
other hand, the role-instantiation node receives activity only
from the mediator enabler, it sends activity to the ?:e node
of thetype specified intheruleasthetyperestriction for this
role. This causes the ?:e node of thistype to become active
in an unoccupied phase. The ?:e node of the type conveys
activity in this phase to the role-instantiation node which
in turn propagates this activity to connected antecedent role
nodes. This interaction between the mediator and the type
representation, in effect, creates activity corresponding to
“Does there exist somerolefiller of the specified type?’

An example of inference: Figure 2 depicts a schematized
response of the sHRUTI network shown in Figure 1 to the
query “Does Mary own abook?’ (exists x:Book own(Mary,
X)?). Thisquery is posed by activating ?: Mary and ?e:book
nodes, the role nodes owner and o-obj, and the enabler
?:0wn, as shown in Figure 2. We will refer to the phases of
activation of ?:Mary and ?e:book as p1 and p», respectively.
Activation from thefocal cluster for own reaches the media-
tor structure of rules (1) and (2). Consequently, nodesr2 and
r3inthemediator for rule (1) become activein phases p; and
p2, respectively. Similarly, nodes s1 and s2 in the mediator
of rule (2) become active in phases p1 and p,, respectively.
At the same time, the activation from ?: own activatesthe en-
ablers ?:medl and ?:med2 in the mediators of rules (1) and
(2). Sincerl doesnot receive any activation from any rolein
itsconsequent’sfocal cluster (i.e., from own), it activatesthe
node ?e: agent which becomes active in afree phase (say p3)
and, inturn, activates r1 in this phase. The activation from
nodes rl, r2 and r3 reach the roles giver, recip and g-obj
in the give focal cluster, respectively. Similarly, activation
from nodes sl and s2 reach the roles buyer and b-obj in the
buy focal cluster, respectively. In essence, the system has
created new bindingsfor the give and buy relations. These
bindings together with the activation of the enabler nodes
?:giveand ?:own encode two new queries: “Did some agent
give Mary abook?’, and “Did Mary buy abook?’. At the
same time, activation travelsin the type hierarchy and maps
the query to alarge number of queries such as*Did a human
give Mary abook?’, “Did John give Mary Book-177", “Did
someingtitutiongive all humans Book-107", “Did Mary buy
al books’ etc. The fact give(John, Mary, Book-17) now
becomes active as aresult of matching the query give(John,
Mary, Book-17)? and causes +:give to become active. This
inturn causes c: medl, to become active and transmit activity
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Figure 2: A schematized activation trace of selected nodes
for the query own(Mary,Book-17)?.

to +:own. Thisresultsin an affirmative answer to the query
“Does Mary own abook?" and creates areverberant |oop of
activity involving the clusters own, medl, give, thefact F1,
and the entities John, Mary, and Book-17.

Parallel inference. The encoding of rules by the explicit
encoding of the inferential dependency between predicates
and predicate roles, in conjunction with the use of temporal
synchrony, provides an efficient mechanism for propagating
dynamic bindingsand performing reasoning. Conceptualy,
the proposed encoding of rules creates a directed inferential
dependency graph and the evolution of the system’s state of
activity corresponds to a parallel breadth-first traversa of
this inferential dependency graph. Consequently, the time
taken to perform an inference is simply proportiond to the
depth of its derivation and is otherwise independent of the
number of items in the knowledge base.



3 Evidence combination

There are many places in SHRUTI where activity converg-
ing on a node from different sources must be combined to
determine an output value for the node. Such evidence com-
binationoccurs at the coll ector nodeof arulemediator where
activity arrives from multiple antecedents of the rule, and at
the collector node of a relation where activity arrives from
collectors of digtinct rule mediators. Similarly, evidence
combination occurs at the enabler node of a rule mediator
where activity arrives from multiple consequents of therule,
and at the enabler node of a relation where activity arrives
from the enabler nodes of various rule mediators. More-
over, evidence combination a so occurs when evidence from
different facts impinges on collector nodes, and during the
propagation of activity through the type hierarchy.

An analysis of the evidence combination requirements
suggests that a flexible set of evidence combination func-
tionsis required for the proper integration of evidence. In
view of this, SHRUTI employsabroad rangeof evidence com-
bination functions (ECFs). A knowledge engineer wishing
to model adomain needs only to select the appropriate ECFs
and the approximateval ues of link weights. The system sub-
sequently fine-tunes these link weights through supervised
learning. In selecting arange of ECFs, the goal wasto have
a set large enough to adequately model real-world data, but
small enough to enable a simple choice of appropriate ECFs
for a given situation. It was also desired that these ECFs
be computationally ssimple. We discuss these ECFs in brief
below. A more detailed discussion appearsin [8].

An obvioussource of ingpirationin developing afamily of
ECFs was fuzzy logic where numerous functions have been
developed to combine fuzzy membership values [10]. In
particular, binary operators known as T-norms and S-norms
were highly relevant. These represent, respectively, genera
forms of fuzzy set intersection and union.

In neural networks, representationa adequacy is achieved
by adding additional nodesand links, whilekeeping the ECF
very simple. Generally, asingle ECF is used throughout the
network, the most common being the sigmoid-sum. While
other ECFs can be used in place of the sigmoid-sum, it does
not make sense to pick and choose different ECFsfor differ-
ent nodesin atypica neural network, since the nodes do not
haveany prior meaning. Incontrast, thenodesin astructured
connectionist system like SHRUTI have meaningful interpre-
tations, and hence, it is possible to choose appropriate ECFs
for different nodes.

Belief nets combine evidence using conditional probabil-
ity tables (CPT) associated with each node. The use of a
full CPT dlows considerable flexibility but at an exorbi-
tant storage and computational cost. The noisy-OR function
[4] reduces these demands, but is overly restrictive if used

universaly. Other means of reducing complexity, such as
encoding the CPT with a tree structure, offer a different ap-
proach to evidence combination than that envisioned here
[3]. It would be interesting to compare the representational
flexibility afforded by arange of ECFs with that allowed by
structured CPTs.

The ECFs developed for sHRuTI form a continuum, with
and at oneend and or at theother. In between these extremes
are four basic categories of functions: soft-and (with values
up to min), soft-min (ranging from min to average), soft-
max (ranging from average to max), and soft-or (with values
beyond max). Although specific functionshave been chosen
to represent each category, many of the functions devel oped
for fuzzy logic could also be used here.

We believe that most meaningful evidence combination
Situations can be characterized as belonging to one of the
four basic categories listed above on the basis of the neces-
sity, sufficiency, and the degree of correlation of the inputs.
In general, correlated antecedents are expressed as the an-
tecedents of a single multiple-antecedent rule. Similarly,
correlated consequents are expressed as the conseguents of
a single multiple-consequent rule. In contrast, uncorrelated
factorsreside in separate rules. The family of ECFs used in
SHRUT!I alows the expression of rulesinvolving both corre-
lated as well as independent factors.

Link weightscan play animportant and context-dependent
rolein many ECFs. The standard use of link weightsisto
multiply them with the values of input nodes prior to doing
evidence combination. All the proposed ECFs support this
“standard” use of weights. However, in addition to smply
affecting values before they are combined, weights can be
used as additional function parameters, with different inter-
pretations for different functions. The use of link weights
in this manner, elaborated below, provides a high degree of
flexibility in the kinds of relations that can be represented.

At one end of the spectrum of ECFs are the soft-and
functions. Soft-and functions corresponding to T-norms of
fuzzy logic are appropriate for combining causes which are
deemed necessary. The primary representative of this cate-
gory istheweighted and, calculated as [, (1— (1— X;)W;).
The use of weights as parameters imparts some interesting
propertiesto the and function. Since the main characteristic
of the and function is that the inputs are regarded as nec-
essary, an obvious interpretation of the weights is that they
reflect the degree of necessity. In probabilistic terms, this
would be the probability that the consequent is false given
that the antecedent is false. This means that lower weights
should result in higher output values. While this may seem
counterintuitive, the assignment of degrees of necessity is
appropriate from a knowledge engineering standpoint, and
makes the and function remarkably flexible.

A graph of aweighted and function with two antecedents
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Figure 3: Graph of aweighted and function with antecedent
weights of 1000 and 600.

of weights 1000 and 600, respectively, isshown in Figure 3.
The relative importance of the weights is reflected in the
gradua decrease in the function value when traveling from
1 to 0 dong the near axis (which corresponds to the 600
weight), versus arapid decrease when traveling from 1 to O
along the far axis (corresponding to the 1000 weight).

Use of weights in the above manner represents a soft-
ening of the necessity requirement of the unweighted and
function (i.e,, the product of weighted values). Another
sort of softening involves a relaxation of the independence
assumption (e.g., assuming a positive correlation among
inputs). This has been achieved with a soft-and func-
tion similar to the Hamacher product T-norm H(z,y) =
ry/(w+ (1—w)(z +y— zy)) (Wherew € [0, 1]) general-
ized to n variables[1].

At the other end of the spectrum are the soft-or functions,
with the primary representative being the wei ghted or, given
as(1—[[,(1— X; *W;)). Thisisperhapsthesimplest of the
functions in that its weighted and unweighted versions are
the same (differing only in thetime at which the weightsare
multiplied in). Or-like functions, which can be thought of
asthose having output values at least equal to the maximum
input, are used when any individual antecedent is sufficient
to affect the consequent. These correspond roughly to the
S-norms of fuzzy logic, and many of these fuzzy operators
might be adapted to thetask. Or isthe most commonly used
functionfor combining activity from different rulesthat con-
verge on a particular concept. The natural interpretation of
weightsfor or-likefunctionsisthat they represent the degree
of sufficiency of the source concept, i.e., the probability of
the consequent given the particular antecedent.

As with the and function, a further softening of the or
functionto reflect positive correlationsamong inputsis pos-
sible and can be achieved with a soft-or function defined in
terms of the soft-and function referred to above.

Covering therange between min and max arethe weighted
averages. Weighted averages are appropriate when individ-
ual antecedents are neither necessary nor sufficient. For

all of these functions the link weights represent degrees of
influence, giving the relative effect of an antecedent value
on the output. There are three main functionsin this class:
thesimpleweighted average ", (X; W;)/ >, (W;), the soft-

minfunction (3, XF W) /(3 W) for k € (0,1), and
the soft-max function with £ € (1, o0). It should be noted
that min and max are the limits of the given soft-min and
soft-max functions, as k¥ — 0 and k¥ — oo, respectively,
and also that the weighted average is the same form as the
others with k¥ = 1. So this whole range from min to max
isredly only one functiona form with avarying parameter.
Soft-min is used when it is necessary that most of the evi-
dence for the antecedents be available in order to conclude
the consequent, but unlike and, no single piece is required.
Combining evidence about the symptoms associated with
a particular syndrome is a situation where soft-min can be
appropriate. In this case, alack of evidence for one of the
particular symptoms should weigh heavily against apositive
conclusion. But it should still be possible to conclude that
asyndromeis present even if evidence for one of its symp-
tomsis absent. Consequently, any and-like function would
not be appropriate, and soft-min is the function of choice.
With soft-max, only a fraction of the potentia evidence is
sufficient to lead to strong activity in the consequent, but
unlikeor, no single piece is sufficient on itsown.

The simple weighted average is probably the most basic
of al the ECFs and is appropriate when antecedents are not
known to be either causes or prerequisites; al that is known
isthat greater activity among the antecedents should lead to
grester activity in the consequents. An example of arule
that uses the weighted average functionis:

YV x:Person [ average( chilled(x) 400, lostSeep(x) 600,
exposed(x) 1000) = commonCold(x) ]

This rule says that being chilled, losing sleep, and being
exposed to someone with a cold are risk factors for devel-
oping a common cold. Moreover, these risk factors have
different degrees of influence, with exposure being the most
important. No risk factor is alone necessary or sufficient.

4 Learning

SHRUTI performs supervised learning by means of a gra-
dient descent algorithm based on backpropagation[9]. A
number of features of the system require that the learning
algorithm be somewhat different from standard neural net-
work backpropagation. Because of itsstructure, the network
has numerous cycles and only a subset of link weights are
adjustable. These are primarily those linksthat feed into the
various ECFs. Asall of the ECFs are differentiablein terms
of both the source values and link weights, error assignment
and adjustment of these weightsis straightforward.
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Figure 4: Learning curves for each ECF trained on a syn-
thetic data-set. Scenarios were generated by assigning ran-
dom values to antecedents and choosing a target value of
1000 or 0 for the consequent using probabilities determined
by the soft-min combination of the antecedents.

As a demongtration of learning and the importance of
having a choice of ECFs, a simple dataset was created using
the commonCold rule from above. Scenarios were created
by assigning varying valuesto each of the three antecedents.
The target value of the commonCold consequent for each
scenario was then determined based on the soft-min value
with weights of 400, 600, and 1000 as given above. The
rule was encoded with each of the ECFs and initial weights
uniformly set to 800. For each function, five batches of
training data were presented. The sum-of-squared-errors
for commonCold over al of the scenarios in a batch was
recorded for each batch to producealearning curve. Figure4
shows the learning curves for soft-min, and, soft-max, or,
and sigmoid-sum. Note that the dataset in question is best
represented by soft-min. The and function, which is most
similar to soft-min, shows the second best results.  With
or and sigmoid-sum, the error remains high, indicating that
thesefunctionsareinadequatefor representingthedata. This
demonstrates a definite weakness in systems which rely on
only asingle function like sigmoid or noisy-OR.

5 Conclusion

We have provided a brief overview of sHRUTI and described
how it encodes evidential knowledge and how it combines
evidentia support during inference. The representational
machinery of sHRUTI includes weighted links, a repertoire
of ECFs, and the ability to encode complex rules involv-
ing selectiona restrictions, multiple antecedents, multiple
consequents, and exceptions. We believe that these mecha-
nismsallow the encoding and processing of arich variety of
knowledgeinvolving fuzzy as well as probabilistic aspects.

The initial focus of work on sHRUTI had been the devel -

opment of neurally plausible representational mechanisms
for encoding and processing structured knowledge. More
recently, our focus has shifted to issues of evidence combi-
nation and soft-computing. The work summarized in this
paper pointsto where we are headed and should help expli-
cate existing as well as potential linkages between SHRUTI
and thefields of fuzzy logic and probabilisticinference.
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