-1-Field Computationin Natural and Artificial IntelligenceSummary*Bruce MacLennanComputer Science DepartmentUniversity of Tennessee, KnoxvilleMacLennan@cs.utk.edu

* This report is in the public domain and may be used for any non-profit purpose provided that the souce iscredited.

-2-I. Motivation for Field

ComputationIn this paper we discuss the applica-tions of field computation to natural andartificial intelligence. (More detailed dis-cussions of field computation can befound in prior publications, e.g.MacLennan 1987, 1990, 1993b, 1997.)For this purpose, a field is defined to be aspatially continuous arrangement of con-tinuous data. Examples of fields includetwo-dimensional visual images, one-di-mensional continuous spectra, two- orthree-dimensional spatial maps, as well asordinary physical fields, both scalar andvector. A field transformation operates inparallel on one or more fields to yield anoutput field. Examples include summa-tions (linear superpositions), convolu-tions, correlations, Laplacians, Fouriertransforms and wavelet transforms. Fieldcomputation may be nonrecurrent(entirely feed-forward), in which a fieldpasses through a fixed series of transfor-mations, or it may be recurrent (includingfeedback), in which one or more fieldsare iteratively transformed, either contin-uously or in discrete steps. Finally, infield computation, the topology of thefield (that is, of the space over which it isextended) is generally significant, eitherin terms of the information it represents(e.g. the dimensions of the field corre-spond to significant dimensions of thestimulus), or in terms of the permittedinteractions (e.g. only local interactions).Field computation is a theoreticalmodel of information representation andprocessing in natural and artificial sys-tems. As a model, it is useful fordescribing certain natural systems and fordesigning certain artificial systems. Thetheory may be applied regardless ofwhether the system is actually discrete orcontinuous in structure, so long as it isapproximately continuous. We maymake an analogy to hydrodynamics: al-though we know that a fluid is composedof discrete particles, it is neverthelessworthwhile to treat it as a continuum formost purposes. So also in field compu-tation, an array of data may be treated as afield so long as the number of data ele-ments is sufficiently large to be treated asa continuum, and the quanta by which anelement varies are small enough so that itcan be treated as a continuous variable.Physicists sometimes distinguishbetween structural fields, which describephenomena that are physically continuous(such as gravitational fields), and phe-nomenological fields, which are approx-imate descriptions of discontinuous phe-nomena (e.g. velocity fields of fluids).Field computation deals with phenomeno-logical fields in the sense that it doesn�tmatter whether their realizations are spa-tially discrete or continuous, so long asthe continuum limit is a good mathemati-cal approximation to the computationalprocess. Thus, we have a sort of�Complementarity Principle,� whichpermits the computation to be treated asdiscrete or continuous as convenient tothe situation (MacLennan 1993a).Neural computation follows differentprinciples than conventional, digital com-puting. Digital computation functionsby long series of high-speed, high-preci-sion discrete operations. The degree ofparallelism is quite modest, even in thelatest �massively parallel� computers. Wemay say that conventional computation isdeep but narrow. Neural computation, incontrast, functions by the massivelyparallel application of low-speed, low-precision continuous (analog) operations.The sequential length of computations istypically short (the �100 Step Rule�), asdictated by the real-time response re-quirements of animals. Thus, neuralcomputation is broad but shallow. As aconsequence of these differences we findthat neural computation typically requiresvery large numbers of neurons to fulfillits purpose. In most of these cases theneural mass is sufficiently large (15 mil-lion neurons/cm2) that it is useful to treatit as a continuum.To achieve by artificial intelligence thelevels of skillful behavior that we observein animals, it is not unreasonable to sup-pose that we will need a similar computa-tional architecture, comprising very largenumbers of comparatively slow, lowprecision analog devices. Our current

-3-VLSI technology, which is oriented to-ward the fabrication of only moderatelylarge numbers of precisely-wired, fast,high-precision digital devices, makes thewrong tradeoffs for efficient, economicalneurocomputers; it is unlikely to lead toneurocomputers approximating the 15million neurons/cm2 density of mam-malian cortex. Fortunately, the brainshows what can be achieved with largenumbers of slow, low-precision analogdevices, which are (initially) impreciselyconnected. This style of computationopens up new computing technologies,which make different tradeoffs from con-ventional VLSI. The theory of fieldcomputation shows us how to exploitrelatively homogeneous masses of com-putational materials (e.g. thin films), suchas may be generated by chemical manu-facturing processes. We need such a the-ory to guide our design and use of suchradically different computers.

II. Overview of Field

ComputationA field is treated mathematically as acontinuous function over a bounded setrepresenting the spatial extent of the field.Typically, the value of the function is re-stricted to some bounded subset of thereal numbers, but complex- and vector-valued fields are also useful.Fields are required to be physicallyrealizable, which places restrictions onthe allowable functions. I have alreadymentioned that fields are continuousfunctions over a bounded domain thattake their values in a bounded subset of alinear space. Furthermore, it is generallyreasonable to assume that fields are uni-formly continuous finite-energy (i.e.square integrable) functions. Amongother things, these assumptions implythat fields belong to a Hilbert space offunctions. (See Pribram 1991 andMacLennan 1990, 1993b for more onHilbert spaces as models of continuousknowledge representation in the brain; seeMacLennan 1990 for more on the physi-cal realizability of fields.)A field transformation is any continu-ous (linear or nonlinear) function thatmaps one or more input fields into one ormore output fields. Since a field com-prises an uncountable infinity of points,the elements of a field cannot be pro-cessed individually in a finite number ofdiscrete steps, but a field can be pro-cessed sequentially by a continuous pro-cess, which sweeps over the input fieldand generates the corresponding outputsequentially. Normally, however, a fieldtransformation operates in parallel on theentire input field and generates all ele-ments of the output at once. Many usefulinformation processing tasks can be im-plemented by a composition of fieldtransformations, which feeds the field(s)through a fixed series of processingstages. (One might expect sensory sys-tems to be implemented by such feed-forward processes, but in fact we findfeedback at almost every stage of sensoryprocessing, so they are better treated asrecurrent computations, discussed next.)In many cases we are interested in thedynamical properties of fields: how theychange in time. The changes are usuallycontinuous, defined by differential equa-tions, but may also proceed by discretesteps. As with the fields treated inphysics, we are often most interested indynamics defined by local interactionprocesses, although nonlocal interactionsare also used in field computation (severalexamples are considered later). One rea-son for dynamic fields is that the fieldmay be converging to some solution by arecurrent field computation; for example,the field might be relaxing into the mostcoherent interpretation of perceptual data,or into an optimal solution of some otherproblem. Alternately, the time-varyingfield may be used for some kind of real-time control, such as the motor control.An interesting question is whetherthere can be a universal field computer,that is, a general purpose device(analogous to a universal Turing ma-chine) that can be programmed to com-pute any field transformation (in a large,important class of transformations, anal-ogous to the Turing-computable func-tions). In fact, we have shown (Wolpert& MacLennan submitted) that any Turingmachine, including a universal Turing

-4-machine, can be emulated by a corre-sponding field computer, but this doesnot seem to be the concept of universalitythat is most relevant to field computation.Another notion of universality is providedby an analog of Taylor�s theorem forHilbert spaces. It shows how arbitraryfield transformations can be approximatedby a kind of �field polynomial� computedby a series of products between the inputfield and fixed �coefficient� fields(MacLennan 1987, 1990).Adaptation and learning can be ac-complished by field computation versionsof many of the common neural networklearning algorithms, although some aremore appropriate to field computationthan others. Learning typically operatesby computing or modifying �coefficientfields� or connection fields in a computa-tional structure of fixed architecture.

III. Field Computation in the

BrainA. Realization in the BrainComputational maps are ubiquitous inthe brain. For example, there are thewell-known maps in somatosensory andmotor cortex, in which the neurons forma topological image of the body. Thereare also the retinotopic maps in the visionareas, in which locations in the map mir-ror locations on the retina, as well asother properties, such as the orientationof edges. Auditory cortex containstonotopic maps, with locations in the mapsystematically representing frequencies inthe manner of a spectrum. Auditory areasin the bat�s brain provide further exam-ples, with systematic representations ofDoppler shift and time delay, amongother significant quantities.In the presence of multiple stimuli,such maps typically represent the pres-ence of all the stimuli. For example, ifseveral tones are present in a sound, thena tonotopic map will show correspondingpeaks of activity. Similarly, if there arepatches of light (or other visual microfea-tures, such as oriented grating patches) atmany locations in the visual field, then aretinotopic map will have peaks of activ-ity corresponding to all of these microfea-tures. In this way the form of the stimu-lus may be represented as a superpositionof microfeatures.Computational maps such as these arereasonably treated as fields, and it is use-ful to treat the information processing inthem as field computation. Indeed, sincethe cortex is estimated to contain at least146,000 neurons per square millimeter(Changeux 1985, p. 51), even a squaremillimeter has enough neurons to betreated as a continuum, and in fact thereare computational maps in the brain ofthis size and smaller (Knudsen et al.1987). Even one tenth of a square mil-limeter contains sufficient neurons to betreated as a field for many purposes. Thelarger maps are directly observable bynoninvasive imaging technique, such asNMR.We refer to these fields as axonalfields, because the field�s value at eachlocation corresponds to the axonal spik-ing (e.g. rate and/or phase) of the neuronat that location. If only the rate is signifi-cant, then it is appropriate to treat the fieldas real-valued. If both rate and phase aresignificant (Hopfield 1995), then it ismore appropriate to treat it as complex-valued.Another place where field computa-tion occurs in the brain is in the dendritictrees of neurons (MacLennan 1993a).The tree of a single pyramidal cell mayhave several hundred thousand inputs,and signals propagate down the tree bypassive electrical processes (resistive andcapacitive). Therefore, the dendritic treeacts as a large analog filter operating onthe neuron�s input field, which may besignificant in dendritic information pro-cessing. In this case, the field values arerepresented by neurotransmitter concen-trations, electrical charges and currents inthe dendritic tree; such fields are calleddendritic fields. They may have a com-plicated topology, since it is determinedby the morphology of the dendritic treeover which it�s spread.Axonal and dendritic fields are com-paratively dynamic, since their patterns ofactivity change on millisecond or fastertime scales. There are also more staticfields in the brain, which change on

-5-slower time scale or not at all. Examplesinclude connection fields that describepatterns of connection between brain re-gions and synaptic fields that describe thetransmission efficacies of masses ofsynapses. In the former case, we oftenfind that the pattern of connections com-putes a convolution r ~ f with the inputfield f, where the field r describes thecommon receptive field profile of all theoutput neurons. More generally, theconnections may compute a linear trans-formation Lf = � L(u,v) f(v) dv, wherethe kernel L of the operation is a connec-tion field. In the case of synaptic fields,the transmitted signal is given by apointwise product s(u)f(u) between thesynaptic field s and the input field f.Connection fields and synaptic fieldschange comparatively slowly under thecontrol of neurological development andlearning.B. Gabor WaveletsThere is considerable evidence(reviewed in MacLennan 1991) that im-ages in primary visual cortex (V1) arerepresented in terms of Gabor wavelets,that is, hierarchically arranged, Gaussian-modulated sinusoids (equivalent to thepure states of quantum mechanics). TheGabor-wavelet transform of a two-di-mensional visual field generates a four-dimensional field: two of the dimensionsare spatial, the other two represent spatialfrequency and orientation. To representthis four-dimensional field in two-dimen-sional cortex, it is necessary to �slice� thefield, which gives rise to the columns andstripes of striate cortex. The representa-tion is nearly optimal, as defined by theGabor Uncertainty Principle (a general-ization of the Heisenberg UncertaintyPrinciple to information representationand transmission). Time-varying two-di-mensional visual images may be viewedas three-dimensional functions of space-time, and it is possible that time-varyingimages are represented in vision areas bya three-dimensional Gabor-wavelet trans-form, which generates a time-varyingfive-dimensional field (representing twospatial dimensions, spatial frequency,spatial orientation and temporal fre-quency). The effect is to represent the�optic flow� of images in terms of spa-tially fixed, oriented grating patches withmoving fringes. (See MacLennan 1991for more details.) Finally, Pribram pro-vides evidence that Gabor representationsare also used for controlling the genera-tion of motor fields (see citations inMacLennan 1997, p.64).C. Direction FieldsAnother example of field computationin the brain is provided by directionfields, in which a direction in space is en-coded in the activity pattern over a brainregion (Georgopoulos 1995). Such aregion is characterized by a vector field Din which the vector value at each neurallocation gives the preferred direction en-coded by the neuron at that location. Thepopulation code for a direction r is pro-portional to the scalar field given by theinner product of r at each point of D. Itwill have a peak at the location corre-sponding to r, which falls off as the co-sine of the angle between this vector andthe surrounding neurons� preferred direc-tions. (See MacLennan 1997, section6.2, for a more detailed discussion.)Field computation is also used in thebrain for modifying direction fields. Forexample, a direction field representing aremembered location, relative to theretina, must be updated when the eyemoves (Droulez & Berthoz 1991a,1991b), and the peak of the direction fieldmust move in a direction given by thevelocity vector of the eye motion. Thechange in the direction field is given by adifferential field equation, in which thechange in the value of the direction fieldis given by the inner product of the eyevelocity vector and the gradient of the di-rection field: df/dt = v�f. Each com-ponent (x and y) of the gradient is ap-proximated by a convolution between thedirection field and a �derivative ofGaussian� (DoG) field, which is imple-mented by the DoG shape of the receptivefields of the neurons. (See MacLennan1997, section 6.3, for a more detaileddiscussion.)

-6-Other examples of field computationin motor control include the control offrog leg position by the linear superposi-tion of convergent force fields generatedby spinal neurons (Bizzi & Mussa-Ivaldi1995), and the computation of convergentvector fields, defining motions to posi-tions in head-centered space, from posi-tions in retina-centered space, as repre-sented by products of simple receptivefields and linear gain fields (Andersen1995). (See MacLennan 1997, section 6,for more details.)D. RBF NetworksOne kind of field transformation,which is very useful and may be quitecommon in the brain, is similar to a radialbasis function (RBF) neural network.The input field is a computational map,which encodes significant stimulus valuesby the location of peak activity within thefield (similar to the direction fields al-ready discussed). The transformation hastwo stages. The first stage is a convo-lution between the input field and a localfield (such as a Gaussian); this �coarsecodes� the stimulus as a pattern of activ-ity. (We do not require the local field tobe strictly radial, although it commonlyis.) This stage is implemented by a layerof neurons with identical receptive fieldprofiles given by the local field.The second stage is a linear transfor-mation of the coarse-coded field, whichyields the output field; it is also imple-mented by a single layer of neurons.Thus the transformation is given by L(r~ f), where f is the input, r is the localfield, and L is the linear transformation.Notice that this transformation is lin-ear in its input field (which does not im-ply, however, that it is a linear functionof the stimulus values). Since, if thereare several significant stimuli, the inputfield will be a superposition of the fieldsof the individual stimuli, the output willlikewise be a superposition of the corre-sponding individual outputs. Thus thistransformation supports a limited kind ofparallel computation in superposition.This is especially useful when the output,like the input, is a computational map.It has been shown (Lowe 1991,Moody & Darken 1989, Wettschereck &Dietterich 1992) that simple networks ofthis form are universal in an importantsense, and can adapt through a simplelearning algorithm. For example, as wesaw for direction fields, and input vectorr can be coded by a vector field D to yielda scalar field r�D, which is linearly trans-formed L(r�D). Learning proceeds byslow adaptation of the encoding vectorfield D and by fast adaptation of the ker-nel field L.E. Diffusion ProcessesDiffusion processes can be imple-mented by the spreading activation ofneurons, and they can be used for impor-tant tasks, such as path planning(Steinbeck & al. 1995) and other kinds ofoptimization (Miller & al. 1991, Ting &Iltis 1994). In a diffusion process therate of change of a field is directly pro-portional to the Laplacian of the field,dy/dt � �2y. The Laplacian of the fieldcan be approximated in terms of the con-volution of a Gaussian with the field,which is implemented by a simple patternof connections with nearby neurons:dy/dt � g~y - y, where g is a Gaussianfield of appropriate dimension. (SeeMacLennan 1997 for more details.)F. Information FieldsAs previously remarked, Hopfield(1995) has proposed that in some casesthe information content of a spike train isencoded in the phase of the impulsesrelative to some global or local clock,whereas the impulse rate reflects prag-matic factors, such as the importance ofthe information. Phase-encoded fields ofthis sort are a special case of what may betermed information fields. An informa-tion field represents by virtue of its form,that is, the relative magnitude and dispo-sition of its parts; its significance is aholistic property of the field. The overallmagnitude of the field does not contributeto its meaning, but may reflect thestrength of the signal and thereby influ-ence the confidence or urgency with

-7-which it is used. Thus a physical field fmay be factored f = m n, where m = ||f||is its magnitude and n is the (normalized)information field, representing its mean-ing. Information fields can be identifiedin the brain wherever we find informationprocessing that depends on the form of afield, but not its absolute magnitude, orwhere the form is processed differentlyfrom the magnitude. Information is in-herently idempotent: repeating a signaldoes not affect its semantics, although itmay affect its reliability, urgency andother pragmatic factors; the idempotencyof information was recognized by Boolein his Laws of Thought. Of course, thisindependence of magnitude also charac-teristic of the quantum field, which hasled Bohm & Hiley (1993) to characterizethis field as active information.

IV. Field Computing HardwareField computation can, of course, beperformed on conventional digital com-puters or by special-purpose, but con-ventional digital hardware. However, asnoted previously, neural computation andfield computation are based on very dif-ferent tradeoffs from traditional computa-tion, which creates the opportunity fornew computing technologies better suitedfor neural computation and field compu-tation (which is broad but shallow). Theability to use slow, low precision analogdevices, imprecisely connected, compen-sates for the need for very large numbersof computing elements. These character-istics suggest optical information trans-mission and processing, in which fieldsare represented by optical wavefronts.They also suggest molecular processes,in which fields are represented by spatialdistributions of molecules of differentkinds or in different states (e.g. bacteri-orhodopsin). Practical field computers ofthis kind will probably combine optical,molecular and electrical processes forvarious computing purposes.Mills (1995) has designed and im-plemented Kirkhoff machines, which op-erate by diffusion of charge carriers inbulk silicon. This is a special purposefield computer which finds the steadystate defined by the diffusion equationwith given boundary conditions. Millshas applied it to a number of problems,but its full range of application remains tobe discovered.To date, much of the work on quan-tum computing has focused on quantummechanical implementation of binary digi-tal computing. However, field computa-tion seems to be a more natural model forquantum computation, since it makesbetter use of the full representational po-tential of the wave function. Indeed, fieldcomputation is expressed in terms ofHilbert spaces, which also provides thebasic vocabulary of quantum mechanics.Therefore, since many field computationsare described by the same mathematics asquantum phenomena, we expect thatquantum computers may provide direct,efficient implementations of these compu-tations. Conversely, the mathematics ofsome quantum-mechanical processes(such as computation in linear superposi-tion) can be transferred to classical sys-tems, where they can be implementedwithout resorting to quantum phenomena.This can be called quantum-style comput-ing, and it may be quite important in thebrain (Pribram 1991).

V. Concluding RemarksIn this summary I have attempted toprovide a brief overview of field compu-tation, presenting it as a model of mas-sively parallel analog computation, whichcan be applied to natural intelligence, im-plemented by brains, as well as to artifi-cial intelligence, implemented by suitablefield computers. It is my hope that thissummary will entice the reader to look atthe more detailed presentations listed inthe references and perhaps to explore thefield computation perspective.

VI. ReferencesAndersen, R. A. (1995). Coordinatetransformation and motor planning inposterior parietal cortex. In M. S.Gazzaniga (ed.), The CognitiveNeurosciences, MIT Press, pp. 519-532.

-8-Bizzi, E. & Mussa-Ivaldi, F. A. (1995).Toward a neurobiology of coordinatetransformation. In M. S. Gazzaniga(ed.), The Cognitive Neurosciences,MIT Press, pp. 495-506.Bohm, D. & Hiley, B. J. (1993). Theundivided universe: An ontological in-terpretation of quantum theory.Routledge.Changeux, J.-P. (1985). Neuronal Man:The Biology of Mind, tr. by L. Garey.Oxford.Droulez, J. & Berthoz, A. (1991a). Theconcept of dynamic memory in senso-rimotor control. In D. R. Humphrey &H.-J. Freund (eds.), Motor Control:Concepts and Issues, Wiley, pp. 137-161.Droulez, J. & Berthoz, A. (1991b). Aneural network model of sensoritopicmaps with predictive short-term mem-ory properties. Proc. National Acad.Science USA 88: 9653-9657.Georgopoulos, A. P. (1995). Motor cor-tex and cognitive processing. In M. S.Gazzaniga (ed.), The CognitiveNeurosciences, MIT Press, pp. 507-517.Hopfield, J. J. (1995). Pattern recogni-tion computation using action potentialtiming for stimulus representation.Nature 376: 33-36.Knudsen, E. J., du Lac, S. & Esterly, S.D. (1987). Computational maps in thebrain. Ann. Rev. of Neuroscience 10:41-65.Lowe, D. (1991). What have neuralnetworks to offer statistical pattern pro-cessing? Proc. SPIE Conf. onAdaptive Signal Processing, SanDiego, pp. 460-471.MacLennan, B. J. (1987). Technology-independent design of neurocomputers:The universal field computer. In M.Caudill & C. Butler (eds.), Proc. IEEEFirst Intl. Conf. on Neural Networks,IEEE Press, Vol. 3, pp. 39-49.MacLennan, B. J. (1990). Field compu-tation: A theoretical framework formassively parallel analog computation,parts I-IV. Tech. Rep. CS-90-100.Comp. Sci. Dept., Univ. of Tennessee,Knoxville. Accessible via URLhttp://www.cs.utk.edu/~mclennan.MacLennan, B. J. (1991). Gabor repre-sentations of spatiotemporal visual im-ages. Tech. Rep. CS-91-144. Comp.Sci. Dept., Univ. of Tennessee,Knoxville. Accessible via URLhttp://www.cs.utk.edu/~mclennan.MacLennan, B. J. (1993a). Informationprocessing in the dendritic net. In K.Pribram (ed.), Rethinking NeuralNetworks: Quantum Fields andBiological Data, Lawrence Erlbaum,pp. 161-197.MacLennan, B. J. (1993b). Field com-putation in the brain. In K. Pribram(ed.), Rethinking Neural Networks:Quantum Fields and Biological Data,Lawrence Erlbaum, pp. 199-232.MacLennan, B. J. (1997). Field compu-tation in motor control. In P. Morasso& V. Sanguineti (eds.), S e l f - Organization, Computational Maps, andMotor Control, Elsevier, pp. 37-73.Miller, M.I., Roysam, B., Smith, K. R.& O�Sullivan, J. A. (1991).Representing and computing regularlanguages on massively parallel net-works. IEEE Trans. Neural Networks2: 56-72.Mills, J. W. (1995). Kirkhoff machines.Technical report, Comp. Sci. Dept.,Indiana Univ., Bloomington.Moody, J. E. & Darken, C. J. (1989).Fast learning in networks of locally-tuned processing units. N e u r a l Computation 1: 281-294.Pribram, K. H. (1991). Brain and per-ception: Holonomy and structure infigural processing. Lawrence Erlbaum.Steinbeck, O., T�th, A. & Showalter, K.(1995). Navigating complexlabyrinths: Optimal paths from chemi-cal waves. Science 267: 868-871.Ting, P.-Y. & Iltis, R. A. (1994).Diffusion network architectures forimplementation of Gibbs samplers withapplications to assignment problems.IEEE Trans. Neural Networks 5: 622-638.Wettscherick, D. & Dietterich, T. (1992).Improving the performance of radial

-9-basis function networks by learningcenter locations. In J. E. Moody, S. J.Hanson & R. P. Lippmann (eds.),Advances in Neural InformationProcessing Systems 4, MorganKaufmann, pp. 1133-1140.Wolpert, D. H. & MacLennan, B. J.(submitted). A computationally univer-sal field computer which is purely lin-ear. See also Santa Fe Institute TR 93-09-056 and Univ. of Tennessee,Knoxville, Comp. Sci. Dept. TR CS-93-206. Accessible via URLhttp://www.cs.utk.edu/~mclennan.