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Abstract

We amguethat Al is moving into a new phasecharacterizedy biological ratherthan psychologicalmetaphors.Full
exploitation of this new paradigmwill require a new class of computerscharacterizedoy massve parallelism:
parallelismin which the numberof computationalunits is so large it can be treatedas a continuousquantity We
suggesthat this leadsto a new model of computationbasedon the transformationof continuousscalarand vector
fields. We describea classof computerscalledbeldcomputes that conformto this model,andclaim thatthey canbe
implementedin a variety of technologies(e.qg., optical, artificial neural network, molecular). We also describea
universal beldcomputerand shav thatit canbe programmedor the parallel computationof a wide variety of field
transformations.

1. The@Ne@Al

TraditionalArtificial Intelligencetechnologyis basedon psytological metaphos, thatis, idealizedmodels
of human cognitive behaior. In particular models of conscious,goal-directedproblem solving have
provided the basisfor mary of AI& accomplishmentto date. As valuableasthesemetaphorsave been,
we believe that they are not appropriatefor mary of the tasksfor which we wish to use computers. In

particular symbolic information processingdoesnot seemto be a good model of the way people (or

animals)behae skillfully in subcognitve tasks,suchaspatternrecognitionandsensorimotocoordination.
Thus, the needsof theseapplicationsare driving Artificial Intelligenceinto a nev phasecharacterizedy

biological metaphors.We call this phase characterizedy a combinationof symbolic and nonsymbolic
processingthe @ne@Al (MacLennanjn press). The technologyof the new Al alreadyincludesneural
information processinggeneticalgorithms,and simulatedannealing. The new Al will allow us to make

use of massvely parallel computers (including neurocomputers),optical computers, molecular
computation, and, wexpect, a n& generation of analog computers.

CurrentAl technologyhasbeenquite successfuin a numberof tasks,for example,chess,diagnosisof
blood diseasesand theoremproving. Many other tasksremain beyond its capabilities,including face
recognition,autonomousnovementand continuousspeechrecognition. The interestingthing is that the
tasks that Al has been most successfulwith are those that we commonly considerhigher cognitive
actiities, specfically, thoseactvities that canbe performedby humansjput by few otheranimals. On the
otherhand,the tasksthat currently stretchthe capabilitiesof Al technologyarethosethatarelower on the
scale of cognitie accomplishmentSpectically, they are actvities that almost gnanimal can perform with
skill. A rodentmay not be able to prove theorems,but it can effectively navigate its way through a
complicatederrain,avoid predatorsandfind food N andaccomplistthis with a comparatiely smallbrain
constructed of comparatiely slow devices. It has been truly said that computers will replace
mathematiciangong beforethey will replacecarpenters.Unfortunately mary importantapplicationsof
artificial intelligencerequirejust the sort of actiities that stretchthe currenttechnology Thereforeit is
importantto seekthereasorfor thelimitations of the currenttechnologyandto seeif thereis away around
them.

Current Al technologyis basedon psychologicalmetaphors;its algorithms mimic conscious,rational
thought. Thus, this technology deals best with~verbalizablekncwledge (knowledge that), deductve
reasoning and discrete cgteies. However, aswe@e seen, there are other kind of intelligent béba
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In the past Al has attempted to reduce all intelligenviggtio intellectualactiity; the computer is in &ct
a disembodiedbrain. We claim that Al is enteringa new phasethat recognizeshe role of the body in

intelligent behaior, and that emphasizesinconscioustacit knowvledge N what we might call skillful

behaior, as opposedo knowledg-basedbehaior. This nenv phaseattemptsto cometo grips with such
problemsas unverbalizedknowvledge (knowledgehow), immediateperception sensorimotorcoordination,
approximateand context-sensitve cateyorization,and everyday(as opposedo intellectual)behaior. The
new Al ischaracterizethy a greateruseof biological (asopposedo psychologicalmetaphors.Harbingers
of the new Al include the recentresearchactivity in neurocomputationgenetic algorithms, cellular
architecturesand molecular computation. In this paper we present techniquesby which these
nontraditional computers can be designed independently of their implementation technology

2. Field Transformation Computsr
2.1 MassiveParallelism

Many of the newer computationaparadigmsare characterizedy the processingof massie amountsof

datain parallel. For example,in neurocomputerand BoltzmannmachinegHinton and Sejnavski, 1983)
large numbersof simple processingelementscomputein parallel. Similarly, some optical computers
procesdn parallelthe elementf an optical wavefront. A key advantageof molecularcomputerswill be

the ability of large numbersof moleculesto operatein parallel. Considerationof new computing
paradigms such as these leads usftr dfie follaving definition of massie parallelism?

Debnition (Massive Parallelism): A computationalsystemis massivelyparallel if the number of
processing elements is sodarthat it may coreniently be considered a continuous quantity

Of course this definition admitsborderlinecases.For mostpurposesa million processorsvill qualify, but
16 will not. In some circumstances asvfes athousand may be didient.

Why isit relevantthatthe numberof processorganbe taken asa continuousguantity? Onereasonis that
for somekinds of massvely parallelcomputerghe numberof processorss in factcontinuouspr nearlyso.
Examplesare optical and molecular computers. You don® count 10?° processorsyou measue their
guantity in terms of some macroscopicunit. The secondreasonfor seekingcontinuity is that the
mathematicds simpler Whenthe numberof processingelementsis very large, statisticalmethodscan
oftenbe applied. Also, continuousnathematic¢suchasthe infinitesmalcalculus)canbe applied,whichis
much more tractable than discrete mathematics (e.g. combinatorics).

Underour definition of massve parallelism,it doesnnatterwhetherthe implementatiortechnologyis in

fact discreteor continuous(or nearly so, asin molecularcomputing). In either casethe designof the

computercanbe describedy continuousmathematics.Then,if theintendedmplementatiortechnologyis

discrete we canselectout of the continuumof pointsa sufticiently large finite number This selectionmay
be eitherregular (e.g.in a grid) or random(subjectonly to statisticalconstraints).In this way muchof the

design of massvely parallel computerscan be accomplishedindependentlyof the implementation
technology

2.2 Field Transformation

Given our definition of massie parallelism,it is clearthatthe processingelementsf a massvely parallel
computer cannot be inddually programmed; themust be controlleén masseHow can this be done?

We suggesthat the operationof massiely parallelcomputerss bestthoughtof asbeldprocessing That
is, we think of a ery lage aggrgation of data as forming a continuous (scalareatar) beld(analogous to
an electricalfield). Theindividual processingstepsoperateon entire fieldsto yield entire fields. Sincea
continuumof datais transformedin parallel, we achieve massve parallelism. A simple exampleis an
optical cowolution, which operates on an entire optigeld in parallel.

Corventionaldigital (and analog)computersperform point processingthat is, they operateon one (or a

2. Perhapsnpbniteor continuougparallelism vould be a better term.
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few) points at a time. We suggestthat the full bendit of massie parallelismwill be achieved by peld
processingthe paralleltransformationof entire fields of data. (The distinction betweenpoint processing
and field processingis analogousto that betweenword-at-a-time and vector processingin functional
programming;see Backus, 1978.) In the remainderof this section we discussbeld transformation
computes: computers designed féield processing.

2.3 Classesf Held Transformations
There are tw classes ofield transformationsionrecursiveandrecuisive (or functionalandtempoal).

In nonrecursie processingfieldsarepassedhroughvarioustransformsandarecombinedwith oneanother
to yield anoutputfield; theremaybefeed-forward but no feed-back.Nonrecursie transformatiorappliesa
(perhapscomple) function to its input fields to yield its output fields. The input-outputdependeng is
functional: sameinputs, same outputs.

Recursve processings like nonrecursie exceptthatthereis feed-back. Thereforethe fieldsevolve in time
accordingto the differentialequationgdescribingthe system. The outputof a recursve transformdepends
on its inputsandon its current state.

We expectfield computersgo permit elementaryfield transformsto be connectedn a variety of waysto
yield morecomple recursve andnonrecursie field transforms. We alsoexpectfield computerdo permit
limited point processing. Scalar values are often useful as global parametersfor controlling field
processingoperations. For example,the averagelight intensity of a scene(a scalar) might be usedto
control a field transformatiorfor contrastenhancementPoint processingcanalsobe usedfor controlling
the threshold=of large numbersof neuralunits (e.g.,in simulatedannealingseeKirkpatrick et al.), or for
determining global reaction parameters for molecular processes.

Many field processingaskswill dependon a numberof bxedor constantbeldsthat must be properly
initialized. Therearea numberof sourcedor thesefixed fields. For example,they may be computedby
another field transformationprocessand loaded into read-only memories. Fixed fields can also be
generatedy training processeswhich build themup by recursve field processing.Finally, fixed fieldscan
be modified adaptvely asthe systemruns,in which casethey areonly relativelyfixed(i.e.,they changeata
much slover rate than theariable pelds).

2.4 Geneal Purpose keld Computes

We canimagineimplementingvariousrecursve and nonrecursie field processingystemsy assembling
the appropriateelementaryfield transforms. We expectthat mary specialpurposefield computerswill be
implemented in just this ay (indeed, some already are).

On the other hand, the flexibility of geneml purposedigital computershas shavn us the value of
programmability In thesethe connectionof the processingelementds transitoryand underthe control of
an easily alterableprogram. Is it possibleto designa generl purposepbeld computer that is, a field
computerthat canbe programmedo emulateary otherfield computer? We arguethatit is, and much of
the rest of this paper is in pursuit of this goal.

What would a generalpurposefield computerbe like? We expectthat it would have a numberof peld
storage units, of variousdimensionalitiesfor holding (bounded)scalarand vector fields. Someof these
would hold fixed fieldsfor controlling the processing.Otherswould hold variablefields (1) capturedrom
input devices,or (2) to be presentedo outputdevices,or (3) asintermediatefieldsin recursie processes.
There wuld also be some scalagrgters.

Field transformationprocessesvould be implementedby programmedconnectionsbetweenelementary
field transforms. Theseelementaryoperationsshouldpermit programmingary usefulfield transformation
in a modestnumberof steps. Note that we are not too concernedaboutthe numberof steps,sinceeach
processedn parallela massve amountof data. Someof the elementarytransformsmay be sensitve to
scalar parameters, thus permitting global control.

Is it possibleto find a set of elementarytransformsthat can be assembledo yield ary useful field
transformation?This is exactly what we establishin the next section. We shav how a limited variety of
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processinguinits canbe assembledo computealmostary field transformatiorto ary desiredaccurag. Of
course,the more accurag we want, the more units it will take, but that is acceptable.What is not
acceptablas to replacefield processingdy point processing.To do so would be completelyimpractical:
you can©®do 10?° operationsserially Thuswe mustidentify a universalsetof field transformsin termsof
which all others can be implemented.

3. AUniversal Held Computer
3.1 Introduction

The value of the Turing machineas a model of digital computationis that it allows establishingthe
limitations and capabilitiesof discretesymbol processing.In particular the univeisal Turing machine
establisheghe possibility of geneal purposedigital computers.On the otherhand,the universal Turing
machineis anidealization;it hasthe minimum capabilitiesrequiredto computeall computablefunctions,
soit is muchlessefficientthanreal computers.Realcomputerextendthefacilities of the universalTuring
machinefor the sale of practical(efficient) computation.In this sectionwe outline ananalogousdealized
model of computationfor massvely parallel and analogcomputation,that is, for field computers. This
universal Peldcomputeris capableof implementing@ay@unction definedon fields. Of course thereare
somelimitations on the functionsthatcanbe so computedjust astherearelimitations on the functionsthat
canbe computedby Turing machines.We claim that the classof implementabldunctionsis sufficiently
broadto includeall thoserequiredfor practicalapplications. Also, we expectthat real (practical)general
purposeield computers will preide more than this minimum cédilities.

Therearea numberof wayswe might designa universalfield computeyjust astherearemary alternatves
to the universal Turing machine that compute the same class of functions. Fourier analysis and
interpolationtheory both suggestways of implementingarbitrary functionsin termsof a limited classof
primitives. In the restof this sectionwe explore a particularapproachpasedon an extensionof Taylor®
Theorem tdield transformations.

3.2 Taylor Series Apmximation of keld Transforms

In this section we develop the basic theory of functions on scalar and vector fields and of their
approximationby Taylor series. Onceit is understoodhat fields are treatedas continuous-dimensional
vectors, it will seenthat the mathematicsis essentiallythat of finite-dimensionalvectors. Thus the
treatmentereis heuristicratherthanrigorous. Firstwe considerscalarfields;laterwe turnto vectorfields.

As usualwe take a scalarfield to be a function / from an underlyingset" to an algebraicfield K, thus
7:" # K. ForourpurposeK will bethefield of realnumbersR. We usethe notation$ (" ) for the set
of all scalarfieldsover theunderlyingset" (K = R beingunderstood).Thus,$ (" ) isafunctionspaceand
in fact a linear space under the follog ddinitions offield sum and scalar product:

(/+9%) = /i1+% @)
(&) = &4)

Notethatwe oftenwrite /, for / (t), thevalueof the field at the pointt. Asa basisfor this linear spacewe
take the unit functions , for eacht ( " . They are déined

() =1 2)
"(s) = 0,ifs) t

The precedingdefinitions shav thatwe canthink of scalarfieldsasvectorsover the set” . Sincewe want
to be quite generalwe assumeonly that" is a measurablepace.In practice,it will usuallybe a closed
andboundedsubspacef E", n-dimensionalEuclideanspace. Thuswe typically have one,two andthree
dimensional closed and bounded scéiklds.

Since" is a measure space, we cafitean inner product between scdlalds:



796+ 1% dt 3)
We alsodefine the norm:
Wil = 1yl dt. (4)
Thus$ (" ) isthefunctionspacelL;(" ). Notethatthe ' ; arenot anorthogonalsetunderthis norm, since
Il" (Il = 0.
We first considerscalarvaluedfunctionsof scalarfields,thatis functionsf: $ (" ) # R. We prove some

basic properties of these functions, culminatingagldr®theorem.

Debnition (Differentiability): Supposef is a scalarvaluedfunction of scalarfields, f: $(" ) # R, and
that f is definedonaneighborhoodf/ ( $ (" ). Thenwe saythat f is differentiableat / if thereis afield
D ( $(")suchthatforall ( $(")

f(/+-). f(!) = - *D+/ll- 1 (5)
where/ # Oasll- Il # 0.

Theorem: If f is differentiable at thenf is continuous at.

Proof: Sincef is differentiable at we knav
f(%). f(!) = (%. 1)*D+/11%. /.
Therefore,

1£(9). T(¢) = |(©@. 1)*D+/1%. !l|

9. 1)*D|+/|lI%. /I
D% . 71+ /| 1I%. /I
(DI + V)% . 71l

Thus f is continuous at. O

I ool

Since our @ectorsOare continuousdimensional,partial derivatives are with respectto a @coordinatéd
t (" ratherthanwith respecto a coordinatevariable. To accomplishthis it corvenientto make useof
the Dirac delta functions:

L(t) = 2 (6)
1i(s) = 0, fors) t

Of course,by the first equationabove we mean 1,(s) = I;#rnO 31 for |s. t|< 3/2. Note the following

properties of the delta functionSe(ds):
1zl =1 (7)

.Zt*.l ='It

DePnition (Partial Derivative): The partial derivative, at coordinatet ( ", of f: $(" ) # R, evaluatedat
!/, isdefined:

4 .o f(/ +h1). (/) (8)
41, ) = fim h '

Theorem: If f is differentiable at then thefirst order partial devatives exist at’ .

Proof: First obsere that by diferentiability



f(/ +h). f(/) f()+hi *D+/lhgll. f()
h

h
1, *D + /1iZll |hj/h
1, *D + /|
D, +/|h/h

Recalling that # Oash# O, obsere

Sf(r +hz). f(/) Dg

L|m5 h {5 = Hpo|Dt+/|h|/h. Dy|
5 5 i
=V
=0

Hence,ﬂ f(/) = D;, where D is the field whoseexistenceis guaranteedy differentiability Thusthe
t
partial dervative exists. O

What is thefield D whose points are the partial dettives? It is just the gradient of the function.

DePnition (Gradient): thegradientof f(/) isafieldwhosevalueatapointt is the partialderivative atthat

.4
- AR
point, a1, f(/):

4 9)
f(N) = — ().
[6F( = 4 1)
The gradient can also bepressed in terms of the basis functions:
4 (10)
f(r) = “— () dt
61() = | gy )
When no confusion will result, we use the fallog operator notations:
6f = N 't4f/41t dt
’ (11)
6 = ! t 4/4‘Zt dt
y
4/4'Zt = .Zt*6
Note that by the daitions of diferentiability (Eq. 5) and the gradient (Eq. 9) wedihat
f(/+-). f(/) = - *61(¢)+/1-1, (12)

where/ # Oasll- I # 0. Thisleads to the concept of a directional dative.

Debnition (Directional Derivative): The directionalderivative in the direction- is given by thefollowing
formulas (shan in both &plicit and operator forms):

6.f() = - *6f() = "41 f(/) dt (13)

6_ = - *6 = B _'[4/4'Zt dt

]
Note that the notation is accurate in that' @) f(/) = - *[6 f(/)]. Alsonotethat4/41; =6 .
Lemma: If f is differentiable in a neighborhood ofthen

d ., L YB () 4 x. (14)
o fU+x) = - "6 f( +x-).

Proof: By the déinition of the dewnative:



d o f[/ +(x+h)-1. f( +x-)
dT(f('/+X-)_H£no h
— lim f(/ +x- +h-). f(/ +x-)
h# 0 h
. h-*6f( +x-)+/lh-1l
= |im
h# 0 h

= lim - *6 f(/ + x-) +/I- Il |hy/h
h# 0

= - *6f(/ +x-)
since/ # Oas|h|# 0. O
Theorem (Mean Value): Supposef: $(" )# R is continuouson a neighborhoodcontaining/ and %.
Then, thereis & 00 70 1, such that

f(9%). f(/) = (%. 1)*6f(8) (15)
where 8 = 7/ +7(%. /)

Proof: Let- =% . !/ and consider the function
F(X) = f(/ +x-). (/). x[f(%). ().

Sincef is continuoussois F. Now, sinceF(0) = F(1) = 0, we have by Rolle® Theoremthatthereis a 7,
00 70 1, such thaF47) = 0. Notethat

d
UG SRRIOREHCRRIO)
o fCrx) . [FE . f)]

By the preceding lemma

Fqx)

FIx) = - *6f(/ +x-). [f(9). f(*)]
Hence, substituting for X,
0=F97) = - *6f(/ +7-). [f(9). ()]
Therefore, transposing wevea
f(9). f(!) = - *6f(/ +7-)
and the theorem is pred. O
Theorem (Taylor): Supposehat f andall its partial derivatives throughordern + 1 are continuousin a
neighborhood of . Then for all- such that + - is in that neighborhood there is’a0 0 7 0 1, such that
(16)

f(/+-)=f()+6_f()+ %6_21‘(!)+---+ %6[‘f(!)+ 6™Lf(/ + 7-).

(n+1)!

Proof: By the Taylor theorem on reakviables,
1 1
f(/ +t-) = f(/)+d/dt f(/)t + Edzldt2 fFON+ -+ o d"/dt" f(OHt" +

dn+1/dtn+l f(/ + 7- )tn+l

(n+1)!
Obsene that by the preceding lemma



dr'l
n
ﬁ f(l+t-) = G_f(l+t-)

Therefore,

6™MLf(r + 7- )™,

1 2 2 1 n n
f(/+t-) = f(/)+6_ f()t+ 56_ fOR+---+ EG' fOOt" + n+1)
Settingt = 1 givesthe desired resulta
The etension to a function afeveral scalarfields is routine.

3.3 A Universal FHeld Computer Based oraylor Series Apmximation

We canuseTaylor® Theorento derive approximation®f quitea generaklassof scalarvaluedfunctionsof

scalarfields. Thus,if we equipour universalfield computemwith the hardwarenecessaryo computeTaylor
seriesapproximationsthen we will be ableto computeary of a wide classof functions(namely those
functionswhosefirst n partial derivatives exist andare continuous). Therefore considerthe generalform

of ann-term Taylor series:

1

n
f() = 1 -6%1(0), where- =/ . / 17
k=1 W:

What hardware is required? Clearly we will needa field subtractorfor computingthe differencefield
- =/ . 19. Wewill alsoneeda scalarmultiplier for scalingeachtermby 1/k!; we will alsoneeda scalar
adderfor addingthe termstogether The harderproblemis to find a way to computes ¥ f (/) for a vector
- thatdependson the (unknown) input /. Thetroubleis thatthe - s andthe 6 s areinterleaved, ascanbe
seen here:

6Xf(/0) = (- *6)*f (/)
= (- *6)“'[- *6 f(/0)]

4
= (- *6)T . (s, dt
( ) T (Vo) dty

1

4K
e Y (1) dt dt, - - dt
y- P t 41, 41, 41, (/o) dty dt; k

We want to separatesverythingthat dependon - , andis thusvariable,from everythingthat dependson
f(/o), andis thus fixed. This can be accomplished(albeit, with extravagant use of our dimensional
resourcespy meansof an outer productoperation. Thereforewe define the outer productof two scalar
fields:

(11 %)t = /% (18)
Note that i/, 9 ( $ (" ) then/ | % ( $(" 2.
To see hw the outer product alws the \ariable andixed parts to be separated, consittst the casé 2:
g ST 4413 41 f(/o) dtds
-)st (6)s(6): f(/o) dt ds
-)st (61 6)sp f(/o) dtds
UL k(61 6)dx T(Zo)
(-1 -)*(61.6)f(o)
Now we can see ho the general case goekirst we déine thek-fold outer product:

/=y (19)
![k+1] =1 _/[k]

62f(/0)

LA (- L
7" (- L

Then,



6Xf(/) = - M*lf() (20)
The n-term Taylor series then becomes

() = 1 o 1M ey @1
k-1 K!

Since! , is fixed, we cancomputeeach6 ¥ f (7 ;) once whenthe field computeris programmed.Then, for

ary giveninput / we cancompute(/ . /o)X andtake the inner productof this with 6K f (/). Thus,in

addition to the componentanentionedabore, computingthe Taylor seriesapproximationalso requires
outer and inner product units that will accommodate spaces up to ti®ge"h

We considera very simple example of Taylor seriesapproximation. Supposewe want to approximate
defint 7/, which computesthe definite integral of /, defint/ = /4 ds. First we determineits partial
y
derivative att by observing:
defint (/ + hz,) . defint/ LIs+hn(sg)ds.  /sds
im oy y

li = lim
h# 0 h h# 0 h

i /sds+h - 1;(s) ds. - /¢ ds
- hI#[nO h

- lim hizlth = 1
h# 0

4
Thus,E defint 7 = 1, and we can see that
t

6 defint/ = 1, (22)
wherel is the constant 1 function; = 1. Thisleads to a one termaylor series, which isxact:

defint/ = 7 *1 (23)
Note thatl is afixedfield that must be loaded into the computer
3.4 Transformations on Scalar aneéd&tor Helds

The previous resultsapply to scalar valuedfunctionsof scalarfields. Thesekinds of functionsare useful
(e.g.,to computethe averagevalue of a scalarfield), but they do not exploit the full parallelismof a field
computer Achieving this requiresthe useof functionsthat accepta (scalaror vector)field asinput, and
return a beld as output. We briefly sketch the theory for scalarfield valued functions of scalarfields;
transformations onaectorfields are an easytnsion of this.

By ascalarfield valuedfunction of scalarfieldswe meanafunctionF: $ (" ) # $(" ). Suchafunctionis
considereda family of scalarvaluedfunctions f;: $ (" ) # R for eacht ( " ; theseare the component
functionsof F. Note thatF can be gpressed in terms of its components:

FU) = | R() " odt (24)

More bridly, F =  f;’; dt. F is decomposed into its componentszpy F(/) = f,(/).
g

Next we considerthe directionalderivative of a field transformation.For a scalarfunction f,6_ f(/) isa
scalarthat describeshow much f (/) changeswvhenits agumentis perturbedby a small amountin the
@directiof® . For a field transformationF, 6 _F (/) shouldbe a beld,eachcomponenbf which reflects
how much the correspondingcomponeniof F(/) changesvhen’ moves in the @directiof® . Thatis,
[6.F(/)];=6. fi(). Hence,

6.F() = | "16.fi(r) dtS, (25)

or, morebriefly, 6 F = ' ,6_F dt. It@easyto shov that6_ =- *6. Thecorrespondindaylor series
y
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approximation is:

FOY = 1 g 10 1061 F (08 (26)

As before, outer products can be used to separatatiabdle andixed components.

We considervectorfieldsbriefly. Recallthatary three-dimensionalectorfield$ canbe consideredhree
scalarfields’, %, 8 where

$, = 1i+%j+ 8k 27)

Similarly, a function that returnsa three-dimensionalector field canbe broken down into threefunctions
that return scalarfields. Thus, we seethat a transformationon finite dimensionalvector fields can be
implemented by &nite number of transformations on scdlatds.

To ensurethe continuity of field valuedfunctions,certainrestrictionsmustbe placedon the fieldspermitted
asarguments. Although theserestrictionsare still underinvestigation,we believe thatit is sufiicient that
theinput field®gradientbe boundedat eachstage. This will bethe casefor all physicallyrealizablefields.
This restrictionon allowableinputsfindsits analogyin digital computerslegal input numbersarerestricted
to somerange;numbersutsidethatrangemay causeundefiow or overflow in the subsequerntomputation.
In the same way herefields whose gradients are toog@may lead to incorrect results.

4. Conclusions

We have arguedthat Al is moving into a new phasecharacterizedby biological ratherthanpsychological
metaphors.Full exploitation of this new paradigmwill requirea new classof computerscharacterizedvy

massve parallelism: parallelismin which the numberof computationalinitsis solargeit canbetreatedas
a continuous quantity We suggestthat this leads to a new model of computationbasedon the
transformatiorof continuousscalarandvectorfields. We have describeda classof computerscalled beld
computes that conformto this model, and have indicatedthat they may be implementedn a variety of

technologies (e.g., optical, ditial neural netwrk, molecular).

To illustratethe capabilitiesandlimitations of this modelwe have describeda universal beldcomputerand
shavn thatit canbe programmedor the parallel computationof a wide variety of field transformations.
The universalfield computeris not practicalasit standsjt® an idealizedcomputingengine. Nevertheless,
just asthe universalTuring machinesuggestsvaysof designingpracticalvon Neumanncomputerssothe
universalfield computer suggestsays of designing practical general-purpfieéd computers.
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