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Abstract— We propose representing knowledge as a network there are many such relations in the brain, each similatipgc
of relations. Each relation relates only a few continuous or on a small number of variables, and it seems reasonable to
discrete variables, so that any overall relationship amongthe guess that these relations probably form a large interaziade

many variables treated by the network winds up being distrituted .
throughout the network. Each relation encodes which combia- network. Rather than speculate too much on how the brain

tions of values correspond to past experience for the varidbs WOrks, here we simply take these ideas as our inspiration for
related by the relation. Variables may or may not correspond developing an abstract model of relational networks andsnav

to understandable aspects of the situation being modeled by tigating how they can be used to solve interesting problems.
the network. A distributed calculational process can be use to We define the basic model in Section II, explore some

access the information stored in such a network, allowing th e . . .
network to function as an associative memory. This procesai natural modifications and exFens,lor!s In S?Ct'on,”l' andyapp
its simplest form is purely inhibitory, narrowing down the space the model to the task of learning to ride a bicycle in Sectin |

of possibilities as much as possible given the data to be méaied.
In contrast with methods that always retrieve a best fit for al Il. EXCLUSION NETWORKS

variables, this method can return values for inferred variables We define anExclusion Networkas a set of variables;
'

while leaving non-inferable variables in an unknown or partally- . . . .
known state. In contrast with belief propagation methods, his and a set of relations;, with each relation relating a tuple of

method can be proven to converge quickly and uniformly for Vvariablesuvy.,;. For this section, we will assume the variables
any network topology, allowing networks to be as interconneted to be discrete, taking values from a finite set. IrL@gical
as the relationships warrant, with no independence assumns  Exclusion Networkwhich is what we will first focus on, each
required. The generalization properties of such a memory @ rg|ation is a logical relation, meaning that any partictiaie
sgﬁgﬁg ;vslref:?se (;ett\r:veorrﬁgdrgl?gosri\tila;?opr:e:rzn::lt;c;gd?f how the of values is eithgr allowed or disallowed by thg relation.
For example, if each variable takes values in the range
|. INTRODUCTION 1,2,...m;, then a relation relating variables, vs, and vg
Cortical neural structures such as gain fields [2] appear ¢ould be represented by a three dimensionalx ms x ms
implement relationships between small numbers of varg@bl@rray of zeros and ones, with the ones indicating which value
such as the three-way relation between two successive jdifiples are acceptable, so a one in positi@1,4) in the
angles and the resulting composite angle, important for array would mean thatvs, vs,vs) = (2,1,4) is allowed by
animal using its body. Given any two of the values, this threthe relation, while a zero in positio(2, 2,6) in the array
way relationship can be used to deduce the third value. would mean that{vs,vs,vs) = (2,2,6) is not allowed by
This relation can be thought of as a trivial associatiie relation. In this way, the relation specifies exactly afhi
memory which has learned a pattern of triples , as, a3), tuples of values the related variables are allowed to have, o
and if 2/3 of a pattern is supplied to it, it will completein other words, how they are related.
the pattern. Similarly, if another relation relates valésb  The training of such a network consists simply of letting it
(ag, oy, as), then the two relations can communicate the valuecord the examples it sees. For example, a one in position
of a3 to each other, and if{, a2, anday are supplied then the (2,1, 4) of the array for a relation on variables, vs, and
relations together can calculate bath and as. Again, this wvs means that the network has seen some situation in which
can be thought of as an associative memory which, if givéng, vs,vs) = (2,1,4).
any three variables which are independent (i.e. the thirbis  Of course, this training method only works for relations
computable by one of the relations from the first two), camn variables which are directly observable or which can be
find the values of the remaining two variables. inferred using relations which are not being trained. Tirgin
The relations described above act on three variables, wihrelations on unobservable variables (conceptual miodell
each variable in the cortical implementation effectivelp+ variables) will be discussed in Section IV-C.
resented by a neuronal bundle projecting both into and outWhen a network has been trained, it can be used to
of each relational mapping area where it is used. Presumatd#pason about hypothetical or partially-observable sibnat



The reasoning method is simple, and is the source of tisea subset of state;. It is straightforward to prove that if
name “Exclusion Network”. It works by indicating, for eachs; < s;, then any variable value excludable at the next step
possible value of each variable, whether that value is atlsre by s; is also excludable or already excluded &y Therefore
considered to be plausible for the current situation. Tot staf there is a stable statg, reachable from the current statg
with, everything is considered to be plausible. Then, foy arthen sinces; < s., we know that it is impossible to exclude
observable variable, the values which it can be seen raty variable value not excluded by. Therefore the next state
to have (that is, all values except the observed one) are reached by the asynchronous distributed process will also
excluded, by marking those values as not plausible. Thsatisfy s, < s., and by induction the eventual stable state
the following asynchronous distributed process occurghEas, reached by the process must also satisfy< s,,. So any
relation, knowing the possible tuples for its variablesh castable state reachable from the current state musk sy
exclude those tuples which contain excluded values for &nyather, and in particulag,, < s;, SO we must have, = s,
the variables, since those tuples are not plausible tuplgis. indicating that the stable state reachable from the custane
effectively yields a reduced relation, namely the set ofdsp is unique. [ ]
that still appear to be plausible. Any value not appearing in This section has defined the structure and behavior of
any of the reduced relation’s tuples is then marked as erdlud_ogical Exclusion Networks, as well as proving some basic
for that variable (if it was already so marked then there is moperties of the resulting dynamics, but it is still usetol
effect). understand in intuitive terms what the network is and isn't
For example, if a relation relatings and vg allows the calculating. Given partial information about a situatidhe
tuples (vs,v6) € {(1,1),(1,2),(2,2)}, and then the value network is doing its best to deduce what it can about the
2 is excluded for variableys, then this relation will exclude missing information, based on the relationships it undeics,
those tuples in whichigs = 2, leaving just the tuplel,1). assuming the relationships observed in past situationly &pp
Since no remaining tuples allows = 2, the value2 becomes the current situation as well. If it is given partial infortizan
excluded for variable;. This information is then transmitted corresponding to a previously seen situation, it may or n@y n
to the other relations involvings, which might allow them in be able to fully deduce the missing information correspogdi

turn to exclude yet other values of other variables. to that learned situation.
Theorem 1:The updating process described above alwaysA simple reason for being unable to fully deduce the missing
converges to a stable state. information is that perhaps two (or more) learned situation

Proof: Since the variables are discrete, they only havelsth match the variable information supplied, while diifiex
limited number of values. Each step of the process can ondy other variables. In this case the network has no way to
exclude more values. Once a value has been excludedkribw which of the memories should be retrieved, and will
remains excluded for the duration of the process. Thus thet retrieve any values which are specific to only one (or only
process must end at a stable state, where no relations same) of the memories. For example, a network that “has seen

exclude any more values. m it all", i.e. has been exposed to every possible combination
Theorem 2:The updating process described above comariable values, will never be able to deduce anything,esinc
verges quickly. as far as it is concerned, all combinations are possible, and

Proof: If each newly excluded value is considered as oreowing some variable values never proves anything about
step of progress, then the maximum number of steps that @ty other variable values.
occur is) . m;, which is less than the descriptional size of A more subtle reason for being unable to fully deduce the
the network itself. B missing information is that the relations in the network may

This maximum number of steps only occurs if everything isot be able to represent some relations existing in the data.
excluded (which is indeed a stable state), which only happdror example, supposes, v7, and vg are observed to take
if the supplied partial input was already inconsistent viite on all possible combinations of values excép§, vz, vs) =
network’s experience. (1,1,1). If the fact that(ve, v7, vs) is never equal tq1,1,1)

One may still ask whether the stable state that is reachiechot correlated with any other variable values, then itriyo
is necessarily unique, that is, whether it is independent mpresentable by a relation that relatgsv;, andvg (possibly
the order in which the various relations exclude the varioanong other variables). If the network does not have a celati
variable values. The answer is that the stable state is éhdeelatingvg, v7, anduvg, then it cannot “observe” this fact about
unigue, meaning that asynchronous implementations do itst world, and it will not be aware of this relationship. In
need to worry about any subtle effects arising from thgarticular, if it is provided the partial information that = 1
asynchrony. The uniqueness of the stable state is due to #ém&l vg = 1, it will be unable to exclude the possibility that
monotonicity of the exclusion procedure. vg = 1.

Theorem 3:The order in which relations update their in- However, this is not all bad, as it is exactly such “interfer-
formation has no effect on the final stable state reached. ence” between correct memories which leads to the ability to

Proof: If we define a state of the network as a list of aljeneralize to similar situations. The generalization iselolaon
variable values which have not yet been excluded, then we tje¢ general knowledge embodied in the learned relatiosship
a partial ordering on states whesg= s; means that state; The network does not learn anything specific about what it



sees, beyond how groups of variables are related for thda#y matches at most 37 previous occasions if variahldas
groups whose relationship it is studying. This allows ththe value 5,” it can look at every tuple it contains in which
network to generalize by assuming future situations wiltecha v4 = 5, and if any of them have tallies higher than 37, it can
the relationships it has studied, while not assuming angthireduce such tallies down to 37. This reduction of tallies may
more than that. lead to other totals being reduced, leading again to prdjmaga
of information throughout the network.
. i In this way, a Tallying Exclusion Network can yield infor-
A. Tallying Exclusion Networks mation not only about whether a particular variable value is
While in some cases the rigid logical nature of Logicatonsistent with the given information, but in some sehew/
Exclusion Networks is exactly what is desired, in other saseonsistent it is, so if there was a single outlying obseorati
one might want a less strictly logical behavior. For examiple that dirtied the observational data, it will not have muchanf
on one peculiar occasion some rare combination of variablef§ect on the output, and as more observations are accusdulat
was somehow observed, but on the vast majority of occasianger time, any individual outliers will have a vanishingiyall
nothing like it was observed, then it would be nice if a networrelative influence on the numbers.
could base its inferences when possible on the majority @twh The proofs of convergence from Section Il also apply
it has seen, rather than always giving equal weight to the orethe Tallying Exclusion Network. Note that any Tallying
erratic case. Exclusion Network can be mapped into a Logical Exclusion
Such a modification turns out to be implementable witNetwork by simply mapping positive numbers to 1 and 0
a simple enhancement to the Logical Exclusion Networko 0, so a Tallying Exclusion Network always knows ex-
Instead of each relation simply recording whether or not dgictly what the corresponding Logical Exclusion Network’s
has seen some particular combination of values, it recavds hstate would be. To make the proofs apply without modifi-
many times it has seen that combination of values. Thus, ta&tion, a more complicated mapping is to enlarge the set
logical relation has been replaced with a tallying relatién of possible values for variable; from {1,2,...m;} to
Tallying Exclusion Networks the same as a Logical Exclusion{(a,b) | a € {1...m;},b € Z*}, so that the tally is treated
Network except that the array of values for each relatics part of the value. Although the set of possible valuesaspe
can now contain any non-negative integers, rather than jstbecome infinite, only a finite number of them are plausible
zeros and ones. For each relation, this array is simply theany time, and the values can now be formally treated as a
discrete joint distribution (histogram) of the relatediséfes, Logical Exclusion Network with no loss of information.
as observed and recorded by the network.
When a Tallying Exclusion Network is being used to reasg) continuous Exclusion Networks
about a partially described situation, the exclusion psece
must also be generalized to operate on non-negative iteger Another way in which we would like to generalize the
Now, instead of each value for a variable being marked &gdgical Exclusion Network is by allowing continuous vari-
simply plausible or implausible, each value gets markedh wigbles. This turns out to require almost no modification of
an integer “Cap” Wh|Ch indicates a bound on the number er framework at a” Merely a”OWing |nf|n|te sets Of Val‘iab
previous|y seen Situations (having the Variable Va'ueseeorvalues a.nd |nf|n|te sets Of tup|eS fOI’ the relations turnstout
sponding to the location in the array) that might correspori@ke care of this quite nicely. Of course, a continuous (ite)n
in all aspects to the current partially-specified situafigthe et of training experiences would be needed in this case to
exclusion process can start in the same way, with eacharlatPOPulate the data in the relations. The resulting formatsm
excluding those tuples (reducing their tally to zero) whitth be called aContinuous Exclusion Netwark
not match the partial information on some supplied variable However, while the proof of a unique limit for convergence
Then, a relation can look at all the tuples it has where, sdgmains unscathed by this modification, the proof of “quick”
vy = 5, and see that the largest tally for any of these tupl€®nvergence falls apart, and indeed, it is easy to construct
is, say, 37 occasions. Based on this, it can reduce the &g@mples which converge at any desired rate, meaning that
for v, = 5 to 37. Then, when another relation receives thigere is no rate of convergence which can be guaranteed.

information, that “the current situation, whatever it mag, b However, in practice, such pathological examples do natsee
to be the norm, and convergence does not tend to present a
LAlternatively, it could indicate the maximum number of tisnie variable practical problem.

might have had that value isimilar situations (corresponding only in the With . iabl di . | vsis i
specified aspects), from among the learned situations. isncise, addition Ith continuous variables, a dimensional analysis IS pos-

would be used (instead of the maximum) when calculating napscSuch Sible for certain kinds of state spaces. If the state space
a network still has the properties of unique and swift cogeace, but the s 3 k-dimensional manifold in the:-dimensional space of

overall deductive performance of a nontrivial network gsithis method ibiliti h defined . iabl
becomes relatively poor due to the accumulated degradafisignal to noise possibilities (t € space daerne by continuous varia es),

resulting from repeated summations as information flowsubh the network. then any relation relating: or fewer of these variables is
Here we will not analyze such “Tally-Sum” networks, but ophesent “Tally- unIiker to be able to capture the nature of the manifold,

Max” networks. (Although we will not discuss them here, thato exist h lati lati ledst 1 of th iabl
some arguments in favor of Tally-Sum networks, and they Ergec to belief whereas relations relating at least- 1 ot the variables are

propagation networks than Tally-Max networks are.) going to be much more successful at modeling the nature of the

IIl. M ORE GENERAL EXCLUSION NETWORKS



manifold? If k is large, then one would like to avoid having
such large relations, and in this case one can use auxiliary

variables to distribute the calculation so that a network of @ @ @ @

relations on three variables each can suffice. In Section I\g) (b)
C we will explore automated ways of creating such auxiliary @ @
variables.

C. Continuous Tallies

. . . Fig. 1. Conceptual diagrams comparing the learning process the
Can we merge Continuous Exclusion Networks with Tallygtiization process for an associative memory control eystin (a), the

ing Exclusion Networks? Strictly speaking, there is no thedearning process records how the environment tends to peodu future
retical difficulty with allowing a continuous range of vapia ~Situation given the current state and the action being taken(b), the

. . utilization process feeds in the known current state aloiity ¥he desired
values, with an integer tally for each of the uncountablygyre state to see what actions, if any, are compatible thigh goal.
infinite possible combinations of values. However, this gloe
not correspond to the sort of data we have in practite.
practice, we would like to make the tallies be continuous as
well, so each relation stores the joint probability diattibn on Vvariables: The speed of the bicycle, how much the bicycle is
its variables. This is the continuous limit of storing a dite leaning, the rate of change of the lean angle, the angle of
histogram (with all entries expressed as fractions of thelg)h the handlebars, and the rate of change of the angle of the
as the number of training samples goes to infinity and tf@ndlebars.
granularity of the discrete variables becomes infinitelg fin But what is the network supposed to learn? It needs to learn

The resulting calculations are equivalent to traditiona cause and effect relationship in the non-constant cowofext
Bayesian networks, but with theminimum operation taking the current state of the bicycle. The cause would be theractio
the place of multiplication, andnaximumtaking the place taken by the network at a timg and the effect would be
of addition. Minimum replaces multiplication because we arsome summary of the resulting state of the bicycle at a later
manipulating upper bounds, not probabilities, and we do nidme, sayt + 1. This summary of the resulting state need not
make any assumptions about independelieeiimumreplaces necessarily be in terms of the five sensors giving the state
addition because of the way we have defined what the bouredsnotion of the bicycle, but rather it should be in terms of
are on? parameters that are of interest for the goal-oriented ss®Ese
that are likely to be trying to control the bicycle, such as th
_ _ _ future location of the bicycle.

One final extension to Exclusion Networks as so far de- gq e have three sets of variables: State variables, action
scribed is to let relations communicate to each other not oRjyriaples, and future state variables. The state variatdes
regarding single variables, but also about joint distitmg of e the five sensors listed above. The action variables can be
variables. In general, two relations should be able to comMyhe for acceleration (how much to pedal or brake), one for
nicate regarding the joint distribution of all the variabkbey steering (how much to push the handlebars left or right), and
have in common. L _ possibly one for leaning (shifting some weight to the left or

_If we consider such a joint distribution of variables as gghy) for a total of three action variables. The futuretsta
single distribution on a new composite variable whose 8inglo |4 he represented by as few as two variables, forathe
value uniquely indicates the values of all the variablesh® t 54, coordinates of the location of the bicycle one second
joint distribution, then the formalism becomes identicattie later, using a coordinate system centered and aligned hath t
previous formalism. However, in a typical implementatibes  picycle. If the intended control system is likely to be irested
ing able to pass joint distributions between relations g&he i, other aspects of the future (i.e. besides where the icycl
constitutes a positive and not too difficult improvement. ;g going), then those aspects could be represented as well. S

IV. L EARNING TO RIDE A BICYCLE the network will have around ten variables that are inputs or
A. The Basic Network outputs, connected to the outside world (or at least to aosgns

) ) ) ) ) ) or motor system that is closer to the outside world).
If an Exclusion Network is going to ride a bicycle, it needs As the network rides the bicycle, it will constantly be

to have |r|1puts fro:jn Isensors OE ths b||<cycle, as well as a(rmatpecording observed relationships between old state,rgciod
to steer, lean, pe al, or use the brakes. new state. Simultaneously, the controller will use the oekw
There are essentially five degrees of freedom for the st%e help it decide how to use the actuators. It can tell the

of motion of a bicycle, and so sensors are needed for f'}4%twork what the current state is to get information about

2These statements can be made much more precisely, but weatijo WhiCh future states are possible, given the current St"f“enT_
into such formalism in this paper. it can narrow down the future state to be one compatible with
°As they say, “In theory, there is no difference between themd practice, jts overall goals, S0 as to see what sets of inputs are cobigati

but in practice, they are completely different.” . . .
4Note that a Tally-Sum network would use addition insteadhef maxi- with getting the bICyCIe to that future state.

mum. A project exploring this approach is under development.

D. Multivariate Exclusion Networks



B. Learning New Relationships C. Learning New Concepts

In previous sections, we _have alwgys assumed tha.t theEven more interesting than learning new relationships is
structure of the netwc_>rk is fixed. In this and th_e followinge notion of learning new concepts. For a network, this
sectlor), we will examine naturgl ways to try to improve th‘éorrespondsto adding new variables to the network. It ismea
operation of a ngtwork by modifying its structure. ingless to add a new variable without also adding relations

The ”_‘OS‘ obvp_us proble_m tha? a networ_k m|ght have |%Iating that variable to existing variables. These retathips
that it mlght be fa_ulmg to notice a simple relat|onsh|!o beam essentially define the meaning of the new concept. It is not at
some variables simply because it has not been paying mnt’é\ll immediately clear how the new variable should be related

to how 'Fhose variables are related, i.e. therg IS 1o relatlpcp the existing variables. We will approach this question by
present in the network that involves those variables. considering a simple example

The obvious fix is to simply add such a relation to the The simplest in which iabl Id b l
network. The not-so-obvious part of this is how the network . € simplest case In which a hew variable would be usetu
if we have four variables which have a non-factorable-rela

is supposed to know when it is missing a simple relationshﬁ) hio bet h td ble int binati
and should therefore add a new relation. This is mostly areiss onship between them (no ecomposabe into a combination
f relations on subsets of the variables). For example, say w

for large networks, as small networks can simply include 6ﬁlave four continuous variables ranging between 0 and 1, and
possible small relations. ging ’

Unfortunately, there is no good general answer to th|i%happens to be the case that they all take uniformly random

problem. Suppose that the combined parity of the followin lues subject to the condition that their sum Is an integer.
four items is the same every day for a year of your life: ThI t_he network has a_four-way rel_at|onsh_|p rel_atlng these
day of the month, whether you have a hot or cold lunch, tﬁ/grlables, then that W'," capture this relationship pe!:tjec

number of bills you receive, and whether it is cloudy or cle ut four-way refationships can be much more expensive than

in the evening. The question is, how would you ever noticé th ree-way relat|ons_h|ps_, SO we may prefer to try to repr_esen
this is the case? Probably, you would never become aware offys four-way relation In terms of two three-way relations
Even though you are perfectly aware of each of these Valuggnnected by a r_1ew Va”a?'e- _ )
you will never notice such a complex correlation betweemthe Fr(_)m the outside, knowing what the four-way relationship
(one which cannot be broken down into simpler dependenci@sit iS clear that the problem can be solved by letting the ne
among subsets of the variables) unless you are payingiatient@riable be the fractional part of a partial sum of just twaref

for some reason to how those values are related to each otMgfiables. This allows the four-way relation (say @b, ¢, d)

A network can fare no better. The only way for it to knowf® b€ perfectly represented by two three-way relationsgusin
that there is a correlation to be noticed is by giving it a try€ new variable: (also ranging from 0 to 1), one of which
Theories of the brain often postulate similar strategiese T'€Quiresa + b — ¢ to be an integer, and the other of which
large number of neurons is taken as support for strategl€§uiresc +d+ e to be an integer.
where relationships are initially noticed by neurons thattj However, from the inside, supposing the network has no
happen by chance to be connected in the right way to be afffgr-way relations, it is not clear how to start. Any three-
to notice the relationship. way relations among, b, ¢, d are simply uniform distributions

Of course, where dependencies exist, they can often Yelding no information whatsoever. So far as the network
observed by noticing that changes are correlated, andugjtho can tell, there is no relationship betweeyb, c, d. If you only
there may be many variables we are aware of, often onlycansider three of them at a time, they appear to be completely
few of them are changing at any given time. So for example,ifidependent. In general terms, part of the problem hereais th
we were to receive a bill during lunch and the temperature #fe space of values thatb, c, d take on is a three-dimensional
the lunch changed immediately, we might indeed start payifgbspace of the four-dimensional space of possibilitied,s®
attention to relationships between bills and lunch temipeea Projecting down to three dimensions loses the detail atiwut t
For variables that change infrequently, it is reasonablseto shape of the three-dimensional subspace. Let's say theretw
up a new relation every time two or more of them change €éecides to try to see if a new variabtecould help discover
the same time. At worst, this can result in remembering ts@me relation among, b, ¢, d. What can the network do? It
particular situation that came up. can create a relation far, b, e and it can create a relation for

To counteract the effect of adding relations at random ord, e (here, as in many cases, it does not matter much how
based on “suspicious coincidence” (such as changing vatué, ¢, d get paired off into relations with), but what should
simultaneously), there needs to be a way to prune relatidhese relations be to start out with? And then, how can inlear
which are not helping the network. This turns out to be mudkefine) the relation over time, if it is never told whashould
easier, as it is easy to measure the extent to which a relatleg for any particular experience? To answer these questions
is affecting the network. After all, we know when informatio we will start by supposing the new variable can only convey
about a variable has an effect on a relation’s distributaord @ single bit of information between the two relations.
in these cases we can mark the source of the new informatioThe new Boolean variable can at first be connected
as “helpful.” Over time, relations which are not helping casompletely randomly toa,b and to c¢,d. After all, there
be pruned to keep the overall size of the network managealiteno information in the network to indicate any particular



relationship between any af, b, ¢, d. So we will assume that
every pair(a, b) is initially associated with exactly one of the

two Boolean values foe, perhaps at random. So then how :t.’:.:‘;-.. s::-::}:x,
can these relationships modify themselves over time so as to %;‘; > e
makee more meaningful? PSR b
. . - . . ) H .
The idea is that should be trying to find a correlation MR
gy K Y
between the two places it is being used. To be able to make T Ve

inferences from a finite number of samples, we will want to
assume that behaves in a “continuous” way, which for therig. 2. The algorithm described in the text performs well wiiee number
one-hit case means thatchanges values as “infrequenﬂy” a9f local areas (shown here as points) grows at about 20% chthethat data

: : : : : . points (values fom, b, c, d) arrive at. The first square showsversusb, with
pOSSIble. This will require a sense of Iocallty for the vates the color of each point indicating the associated value,adnd the second

e is connected to. We will present a simple algorithm angjuare shows the same foversusd. Each square has 1000 points, each one
then show that it optimizes the distinguishing ability af representing the region for which it is the closest point. &8 see how the

: ; ew variablee has learned to represent one bit of information regardirg th
Each _Ioca! area !I”(a, b) Space needs to d(?CId,e whether t@act thata + b + ¢ + d is an integer by relating a one-bit approximation of
associate itself wite = 1 or e = 0. To do this, it compares g + b (mod 1) to a one-bit approximation af + d (mod 1)
the incoming value ot for those timega, b) is in the local
area to the average incoming valuecolf the incoming value
is e = 1 more often, for the timesa, b) is in the local area,
than it is in general, then the locét, b) area associates itself

with the valuee = 1. On the other hand, if the local area V. CONCLUSIONS
‘receives”ec = 0 more often than average, then it associateés\ye have explored a new paradigm for constructing an

itself with ¢ = 0. _ _ ~associative memory, Exclusion Networks, which are based
This natural sounding algorithm can be seen to optimiz, the idea of an inhibitory, deductive style of computation
(locally) pg — rs, wherep is the fraction of the time that the peing distributed throughout networks of relations. We ehav
tyvo relations agree thatshould be 1y is the fraction of_the examined many specific approaches fitting this paradigm, and
time they agree: should be 0, and ands are the fractions gien an indication of techniques which could allow these
of the time that they d|sagr_ee_ in the two p935|ble ways. (ﬁiethods to be applied to a practical situation.
course we want to be maximizing and g while keepingr The next stage of this research will be to actively apply¢hes
and s to a minimum, but the reason the prodygtis used methods to a practical situation as described in this paper.

instead of simply the sum is that the sum is trivially maxieuiz js o he expected that many new issues will arise in the course
by always lettinge have the same value, whereas we woulgk this and we view this line of research as a direction that
like the two possible values far to be used in a balancedp ;¢ just begun.

way. The producpg rewards a balanced use of values for o 4 final abstract note, the calculational process followed

The productrs works similarly, as an uneven split betweet, Exclusion Networks can be understood as a message
r ands yields a more useful relation than an even split doggyssing algorithm similar to the Generalized Distributizsv
(the > relation is the extreme case). [1] used for belief propagation networks, but the operation

If this algorithm is executed simultaneously at the tWQged are different: Rather than a pair of operations satigfy
relations, then the two relations will work together to finghe gistributive lawz ® (y & 2) = (z®y) & (z® 2), Exclusion
a meaningful way to use. This can be seen to be effective\enworks use a pair of operations satisfying the absorptive
in Figure 2. law, z ® (z @ y) = . As such, they do not calculate standard

If e can transmit multiple values, the algorithm can bErobabilities, but rather they allow stability and confloerio
modlflgd so that (_each local area associates |tself_ with _t 8 provable properties of all networks.
incoming value which occurs most often locally relativete® i
global frequency. This is better than trying to use the ome-b REFERENCES
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(even during training), while the other (plus any additiona  pp. 295-355 (1998).
relations the variable may get used in) can be trained ar@l Nicholas PippengerTheories of ComputabilityCambridge University

used as described in previous sections for the case where all 7'ess: 1997)

the variables in the relation are observables.



