Michalski, A., Gerstein, G.L., Czarkowsk a, J., & T arnecki, R. (1983). \Interactions Between Cat Striate Cortex Neurons."

Exp erimental Br ain R ese ar ch, 51, 97{107 .

Michotte, A., Thinges, G., & Crabb e, G. (1964). \Les Complements Amo daux des Structures Perceptives (Studia Psychologia)."

Louv ain: Publications Universitaires de Louv ain.

Mitchison, G. & Crick, F. (1982). \Long Axons Within the Striate Cortex: Their Distribution, Orientation, and Patterns of

Connection." Pr o c e e dings of the National A c ademy of Scienc es of the U.S.A., 79, 3661{3665 .

Movshon, J.A., Adelson, E.H., Gizzi, M.S., & Newsome, W.T. (1985). \The Analysis of Moving Visual Patterns." In C. Chagas,

R. Gattass, & C. Gross (Eds.), Pattern R e c o gnition Me chanisms. V atican City: Ponti�cal Academy of Sciences, 117{151 .

Nagano, T. & Kurata, K. (1981). \A Self-Organizing Neural Network Mo del for the Development of Complex Cells." Biolo gic al

Cyb ernetics, 40, 195{200 .

Nak ayama, K., Shimo jo, S., & Silverman, G.H. (1989). \Stereoscopic Depth: Its Relation to Image Segmentation, Grouping,

and the Recognition of Occluded Ob jects." Per c eption, 18, 55{68 .

Nelson, J.I. & F rost, B.J. (1985). \Intracortical F acilitation Among Co-Oriented, Co-Axially Aligned Simple Cells in Cat Striate

Cortex." Exp erimental Br ain R ese ar ch, 61, 54{61 .

Nigrin, A.L. (1990a). \SONNET: A Self-Organizing Neural Network that Classi�es Multiple Patterns Simultaneously

." Pr o-

c e e dings of the International Joint Confer enc e on Neur al Networks, San Diego, June 1990, II., 313{318 .

Nigrin, A.L. (1990b). The Stable L e arning of T emp or al Patterns with an A daptive R esonanc e Cir cuit. Ph.D. Dissertation, Duke

University.

Orban, G.A., Kato, H., & Bishop, P

.O. (1979). \End-Zone Region in Receptive Fields of Hyp ercomplex and Other Striate

Neurons in the Cat." Journal of Neur ophysiolo gy, 42, 3, 818{832 .

Parks, T. (1965). \Post-Retinal Visual Storage." Americ an Journal of Psycholo gy, 78, 145{147 .

Parks, T. (1986). \Illusory Figures, Illusory Ob jects, and Real Ob jects." Psycholo gic al R eview, 93, 207{215 .

Pasternak, T. & Leinen, L.J. (1986). \Pattern and Motion Vision in Cats with Selective Loss of Cortical Directional Selectivity ."

Journal of Neur oscienc e, 6, 4, 938{945 .

Piaget, J. (1952). The Origins of Intel ligenc e in Childr en. New Y ork: International University Press.

Prazdny

, K. (1985). \Detection of Bino cular Disparities." Biolo gic al Cyb ernetics, 52, 93{99 .

Prazdny

, K. (1986). \Illusory Contours from Inducers De�ned Solely by Spatiotemp oral Correlation." Preprint.

Price, D.J. & Zumbroich, T.J. (1989). \Postnatal Development of Cortico cortical E�erents from Area 17 in the Cat’s Visual

Cortex." Journal of Neur oscienc e, 9, 2, 600{613 .

Ramachandra n, V.S., Cobb, S., & Rogers-Ramachand ran, D. (1988). \Perception of 3-D Structure from Motion: The Role of

V elo city Gradients and Segmentation Bounda ries." Per c eption & Psychophysics, 44, 4, 390{393 .

Ramachandra n, V.S., Inada, V., & Kiama, G. (1986). \Perception of Illusory Occlusion in Apparent Motion." Vision R ese ar ch,

26, 10, 1741{1749 .

Reeke, G.N., Finkel, L.H., & Edelman, G.M. (1990). \Selective Recognition Automata." In S.F. Zornetzer, J.L. Davis, &

C. Lau (Eds.), An Intr o duction to Neur al and Ele ctr onic Networks, New Y ork: Academic Press, 203{226 .

Ro ckland, K.S. & Lund, J.S. (1982). \Widespread Perio dic Intrinsic Connections in the T ree Shrew Visual Cortex." Scienc e,

215, 1532{1534 .

Ro ckland, K.S. & Lund, J.S. (1983). \Intrinsic Laminar Lattice Connections in Primate Visual Cortex." Journal of Comp ar ative

Neur olo gy, 216, 303{318 .

Ro ckland, K.S., Lund, J.S., & Humphrey

, A.L. (1982). \Anatomical Banding of Intrinsic Connections in Striate Cortex of T ree

Shrews (T up aia glis )." Journal of Comp ar ative Neur olo gy, 209, 41{58 .

Rubner, J. & Schulten, K. (1990). \Development of F eature Detectors by Self-Organization." Biolo gic al Cyb ernetics, 62,

193{199 .

Rumelhart, D., Hinton, G., & Williams, R. (1986). \Learning Representations by Backpropaga ting Errors." Natur e, 323,

533-536 .

Sereno, M.E. (1986). \Neural Network Mo del for the Measurement of Visual Motion." Journal of the Optic al So ciety of Americ a

A, 3, 13, P72.

Sereno, M.E. (1987). \Implementing Stages of Motion Analysis in Neural Networks." Pr o gr am of the Ninth Annual Confer enc e

of the Co gnitive Scienc e So ciety, Hillsdale, NJ: Lawrence Erlbaum Asso ciates, 405{416 .

Sereno, M.E., Kersten, D.J., & Anderson, J.A. (1988). \A Neural Network Mo del of an Asp ect of Motion Perception." Scienc e

at the John von Neumann National Sup er c omputer Center: Annual R ep ort FY 1988, 173{178 .

Sereno, M.I. (1989). \Learning the Solution to the Ap erture Problem for Pattern Motion with a Hebb Rule." In D. T ouret-

zky (Ed.), A dvanc es in Neur al Information Pr o c essing Systems, 2, San Mateo, CA: Morgan Kaufman.

Sereno, M.I. & Sereno, M.E. (1990). \Learning to See Rotation and Dilation with a Hebb Rule." T o app ear in D. T ouretzky (Ed.),

A dvanc es in Neur al Information Pr o c essing Systems, 3, San Mateo, CA: Morgan Kaufman.

Shimo jo, S., Silverman, G.H., & Nak ayama, K. (1988). \An Occlusion-Related Mechanism of Depth Perception Based on

Motiona and Intero cular Sequence." Natur e, 333, 265{268 .

Singer, W. (1983). \Neuronal Activity as a Shaping F actor in the Self-Organization of Neuron Assemblies." In E. Basar,

H. Flohr, H. Haken, & A. J. Mandell (Eds.), Syner getics of the Br ain. New Y ork: Springer-V erlag.

Singer, W. (1985). \Activity-Dep endent Self-Organization of the Mammalian Visual Cortex." In D. Rose & V.G. Dobson

(Eds.), Mo dels of the Visual Cortex. New Y ork: John Wiley and Sons Ltd., 123{136 .

Sun, G.Z., Chen, H.H., & Lee, Y.C. (1987). \Learning Stereopsis with Neural Networks." Preprint.

Ts’o, D.Y., Gilb ert, C.D., & Wiesel, T.N. (1986). \Relationships Between Horizontal Interactions and F unctional Architecture

in Cat Striate Cortex as Revealed by Cross-Correlation Analysis." Journal of Neur oscienc e, 6, 4, 1160{1170 .

Ullman, S. (1979). The Interpr etation of Visual Motion. Cambridge, MA: M.I.T. Press.

V an Essen, D.C. & Anderson, C.H. (1987). \Reference F rames and Dynamic Remapping Pro cesses in Vision." In E. Schwartz

(Ed.), Computational Neur oscienc e. Cambridge, MA: MIT Press.

von der Heydt, R., Peterhans, E., & Baumgartner, G. (1984). \Illusory Contours and Cortical Neuron Resp onses." Scienc e,

224, 1260{1262 .

von der Malsburg, C. (1973). \Self-Organization of Orientation Sensitive Cells in the Striate Cortex." Kyb ernetik, 14, 85{100 .

W alters, D. (1987). \Rho-Space: A Neural Network for the Detection and Representation of Oriented Edges." Pr o c e e dings of

the First International Confer enc e on Neur al Networks, San Diego, June 1987.

W einshall, D. (1989). \Perception of Multiple T ransparent Planes in Stereo Vision." Natur e, 341, 737{739 .

W erb os, P

. (1974). \Beyond Regression: New T o ols for Prediction and Analysis in the Behavioral Sciences." Ph.D. Dissertation,

Harvar d University.

215

Co olen, A.C.C. & Kuijk, F.W. (1989). \A Learning Mechanism for Inv ariant Pattern Recognition in Neural Networks." Neur al

Networks, 2, 495{506 .

Day , R.H. & Kasp erczyk, R.T. (1983). \Amo dal Completion as a Basis for Illusory Contours." Per c eption & Psychophysics,

33, 4, 355-364 .

Easton, P

. & Gordon, P

.E. (1984). \Stabilization of Hebbian Neural Nets by Inhibitory Learning." Biolo gic al Cyb ernetics, 51,

1{9 .

F� oldi� ak, P

. (1989). \Adaptive Network for Optimal Linear F eature Extraction." Pr o c e e dings of the International Joint Confer-

enc e on Neur al Networks, W ashington, DC, June 1989, I., 401{405 .

F� oldi� ak, P

. (1990). \F orming Sparse Representations by Lo cal Anti-Hebbian Learning." Biolo gic al Cyb ernetics, 64, 165{170 .

F� oldi� ak, P

. (1991). \Learning Inv ariance from T ransformation Sequences." Neur al Computation, 3, 194{200 .

Gabb ott, P

.L.A., Martin, K.A.C., & Whitteridge, D. (1987). \Connections Between Pyramidal Neurons in Layer 5 of Cat Visual

Cortex (Area 17)." Journal of Comp ar ative Neur olo gy, 259, 364{381 .

Gilb ert, C.D. & Wiesel, T.N. (1989). \Columnar Sp eci�city of Intrinsic Horizontal and Cortico cortical Connections in Cat

Visual Cortex." Journal of Neur oscienc e, 9, 2432{2442 .

Grossb erg, S. (1976a). \Adaptive Pattern Classi�cation and Universal Reco ding: I. Parallel Development and Co ding of Neural

F eature Detectors." Biolo gic al Cyb ernetics, 23, 121{134 .

Grossb erg, S. (1976b). \On the Development of F eature Detectors in the Visual Cortex with Applications to Learning and

Reaction-Di�usion Systems." Biolo gic al Cyb ernetics, 21, 145{159 .

Grossb erg, S. (1982). Studies of Mind and Br ain: Neur al Principles of L e arning, Per c eption, Development, Co gnition, and

Motor Contr ol. Boston: Reidel Press.

Grossb erg, S. & Marshall, J.A. (1989). \Stereo Bounda ry F usion by Cortical Complex Cells: A System of Maps, Filters, and

F eedback Networks for Multiplexing Distributed Data." Neur al Networks, 2, 29{51 .

Grossb erg, S. & Mingolla, E. (1985a). \Neural Dynamics of F orm Perception: Boundary Completion, Illusory Figures, and

Neon Color Spreading." Psycholo gic al R eview, 92, 173{211 .

Grossb erg, S. & Mingolla, E. (1985b). \Neural Dynamics of Perceptual Grouping: T extures, Boundaries, and Emergent Seg-

mentations." Per c eption & Psychophysics, 38, 141-171.

Hebb, D.O. (1949). The Or ganization of Behavior. New Y ork: Wiley .

Hildreth, E.C. (1983). \Computing the V elo city Field Along Contours." Pr o c e e dings of the ACM SIGGRAPH/SIGAR

T Inter-

disciplinary Workshop on Motion, T oronto: 26{32 .

Hinton, G.E. & Becker, S. (1990). \An Unsup ervised Learning Pro cedure that Discovers Surfaces in Random-Dot Stereograms."

Pr o c e e dings of the International Joint Confer enc e on Neur al Networks, W ashington DC, January 1990, I., 218{222 .

Hub el, D.H. & Wiesel, T.N. (1962). \Receptive Fields, Bino cular Interactions, and F unctional Architecture in Cat’s Visual

Cortex." Journal of Physiolo gy, 160, 106{154 .

Hub el, D.H. & Wiesel, T.N. (1977). \F unctional Architecture of Macaque Monkey Visual Cortex." Pr o c e e dings of the R oyal

So ciety of L ondon, Ser. B, 198, 1{59.

Kanizsa, G. (1979). Or ganization in Vision: Essays on Gestalt Per c eption. New Y ork: Praeger.

Kaplan, G.A. (1969). \Kinetic Disruption of Optical T exture: The Perception of Depth at an Edge." Per c eption & Psy-

chophysics, 6, 4, 193{198 .

Kato, H., Bishop, P

.O., & Orban, G.A. (1978). \Hyp ercomplex and Simple/Complex Cell Classi�cations in Cat Striate Cortex."

Journal of Neur ophysiolo gy, 41, 1071{1095 .

Kellman, P

.J. & Cohen, M.H. (1984). \Kinetic Sub jective Contours." Per c eption & Psychophysics, 35, 3, 237{244 .

Kohonen, T. (1982). \Self-Organized F ormation of T op ologically Correct F eature Maps." Biolo gic al Cyb ernetics, 43, 59{69 .

Kohonen, T. (1984). Self-Or ganization and Asso ciative Memory. New Y ork: Springer-V erlag.

Lehky

, S.R. & Sejnowski, T.J. (1990). \Neural Mo del of Stereoacuity and Depth Interp olation Based on a Distributed Repre-

sentation of Stereo Disparity

." Journal of Neur oscienc e, 10, 7, 2281{2299 .

Linsker, R. (1986a). \F rom Basic Network Principles to Neural Architecture: Emergence of Spatial-Opp onent Cells." Pr o c e e dings

of the National A c ademy of Scienc es of the U.S.A., 83, 7508{7512 .

Linsker, R. (1986b). \F rom Basic Network Principles to Neural Architecture: Emergence of Orientation-Selective Cells."

Pr o c e e dings of the National A c ademy of Scienc es of the U.S.A., 83, 8390{8394 .

Luhmann, H.J., Mart � �nez Mill� an, L., & Singer, W. (1986). \Development of Horizontal Intrinsic Connections in Cat Striate

Cortex." Exp erimental Br ain R ese ar ch, 63, 443{448 .

Lund, J.S. (1987). \Lo cal Circuit Neurons of Macaque Monkey Striate Cortex: I. Neurons of Laminae 4C and 5A." Journal of

Comp ar ative Neur olo gy, 257, 60{92 .

Marr, D. (1982). Vision. San F rancisco: W.H. F reeman and Company .

Marr, D. & Poggio, T. (1976). \Co op erative Computation of Stereo Disparity

." Scienc e, 194, 283{287 .

Marr, D. & Ullman, S. (1981). \Directional Selectivity and Its Use in Early Visual Pro cessing." Pr o c e e dings of the R oyal So ciety

of L ondon, Ser. B, 211, 151{180 .

Marshall, J.A. (1989a). Neur al Networks for Computational Vision: Motion Se gmentation and Ster e o F usion. Ph.D. Disserta-

tion, Boston University. Ann Arb or, Michigan: University Micro�lms Inc.

Marshall, J.A. (1989b). \Self-Organizing Neural Network Architectures for Computing Visual Depth from Motion Parallax."

Pr o c e e dings of the International Joint Confer enc e on Neur al Networks, W ashington DC, June 1989, II., 227{234 .

Marshall, J.A. (1990a). \Self-Organizing Neural Networks for Perception of Visual Motion." Neur al Networks, 3, 45{74 .

Marshall, J.A. (1990b). \Development of Length-Selectivity in Hyp ercomplex-Typ e Cells." Investigative Ophthalmolo gy and

Visual Scienc e, 31, 4, 397 .

Marshall, J.A. (1990c). \A Self-Organizing Scale-Sensitive Neural Network." Pr o c e e dings of the International Joint Confer enc e

on Neur al Networks, San Diego, June 1990, III., 649{654 .

Marshall, J.A. (1990d). \Representation of Uncertainty in Self-Organizing Neural Networks." Pr o c e e dings of the International

Neur al Network Confer enc e, Paris, F rance, July 1990, 809{812 .

Marshall, J.A. (1990e). \Self-Organizing Neural Network for Computing Stereo Disparity and T ransparency

." Optic al So ciety

of Americ a Annual Me eting T e chnic al Digest, Boston, Novemb er 1990, 268.

Marshall, J.A. (1990f ). \Adaptive Neural Networks for Multiplexing Oriented Edges." In D.P

. Casasent (Ed.), Intel ligent R ob ots

and Computer Vision IX: Neur al, Biolo gic al, and 3-D Metho ds, Pr o c e e dings of the SPIE 1382, Boston, Novemb er 1990,

pp.282{291 .

214

Visual F eature/Ob ject Recognition and F orm Represen tation. Like prior metho ds, EXIN

networks provide a means for low-level feature-detector neurons, analogous to ones found in the

visual cortex of many typ es of animal, to self-organize. But the inhibitory learning capabilities of

EXIN networks, combined with learned feedback connections, allow neurons capable of extracting

and representing higher-order visual features, including 2{D shap e, 3{D shap e, depth, and motion-

in-depth, to emerge.

Completion of Noisy or Occluded Visual F eatures. EXIN networks can use feedback from rep-

resentations of ob jects to amo dally (Day & Kasp erczyk, 1983; Kaplan, 1969; Kellman & Cohen, 1984;

Michotte, Thinges, & Crabb e, 1964; Parks, 1965) �ll-in visual features that are missing or invisible,

and to resolve representation ambiguities. This capability is useful in representing partially o ccluded

ob jects and in maintaining the stability of representations of intermittently o ccluded ob jects.

Conclusions: Bag of T ric ks or Uni�ed Theory?

A key ob jective of research in SONNs should b e to discover ways in which visual systems can auto-

matically learn to p erform a v ariety of nonlo cal op erations involv ed in visual p erception of higher-level

attributes such as depth, motion, and form. Results along these lines would contribute to an inte gr ate d

theory of self-organizing neural sensorimotor mechanisms, in which multiple pro cessing mo dules can

share a common form of representation, can automatically acquire the necessary structure to p erform

a v ariety of tasks, and can communicate e�ectively with one another.

The challenge of such research is to seek and identify common developmental principles underlying

many asp ects of vision; the research thus constitutes an attempt to make vision theory more par-

simonious. The most signi�cant adv antage that a SONN approach to vision may hold over prior

approaches is the p otential for uni�c ation of many asp ects of visual function under a single common

theory

. More sp eci�cally

, the rep eated application of a single small set of learning rules (p erhaps up to

parameter di�erences) at di�erent network lo ci may generate many di�erent visual pro cessing mech-

anisms. It may b ecome p ossible to understand the elements of visual systems’ diverse \bag of tricks"

as di�erent manifestations of a conceptually simple set of self-organization principles. W e would then

b etter understand how visual pro cessing areas can represent, communicate, and pro cess information

in a self-consistent, rather than piecemeal, manner.

Ac kno wle dgemen ts.

This research was supp orted by a UNC-CH Junior F aculty Development Award. I thank Pamela

K. Johnson for drawing the �gures, Bryan Morse, Kevin Martin, and Michael Bradshaw for imple-

menting the motion displays on the computer, and Steven Ornat for helping videotap e the displays.

References.

Adelson, E.H. & Movshon, J.A. (1982). \Phenomenal Coherence of Moving Visual Patterns." Natur e, 300, 523{525 .

Amari, S. (1977). \Neural Theory of Asso ciation and Concept F ormation." Biolo gic al Cyb ernetics, 26, 175{185 .

Amari, S. & T akeuchi, A. (1978). \Mathematical Theory on F ormation of Category Detecting Nerve Cells." Biolo gic al Cyb er-

netics, 29, 127{136 .

Anstis, S.M. & Ramachandran , V.S. (1987). \Visual Inertia in Apparent Motion." Vision R ese ar ch, 27, 5, 755{764 .

Barlow, H.B. (1979). \Reconstructing the Visual Image in Space and Time." Natur e, 279, 189{190 .

Barlow, H.B. (1981). \Critical Limiting F actors in the Design of the Eye and Visual Cortex." Pr o c e e dings of the R oyal So ciety

of L ondon, Ser. B, 212, 1{34 .

Barto, A.G., Sutton, R.S., & Anderson, C.W. (1983). \Neuronlike Adaptive Elements that Can Solve Di�cult Learning Control

Problems." IEEE T r ansactions on Systems, Man, and Cyb ernetics, 13, 834{846 .

Bienensto ck, E.L., Co op er, L.N., & Munro, P

.W. (1982). \Theory for the Development of Neuron Selectivity: Orientation

Sp eci�city and Bino cular Interaction in Visual Cortex." Journal of Neur oscienc e, 2, 1, 32{48 .

Blasdel, G.G., Lund, J.S., & Fitzpatrick, D. (1985). \Intrinsic Connections of Macaque Striate Cortex: Axonal Pro jections of

Cells Outside Lamina 4C." Journal of Neur oscienc e, 5, 12, 3350{3369 .

Burr, D. & Ross, J. (1986). \Visual Pro cessing of Motion." T r ends in Neur oscienc e, 9, 7, 304{307 .

Callaway

, E.M. & Katz, L.C. (1990). \Emergence and Re�nement of Clustered Horizontal Connections in Cat Striate Cortex."

Journal of Neur ophysiolo gy, 10, 1134{1153 .

Carlson, A. (1990). \Anti-Hebbian Learning in a Non-Linear Neural Network." Biolo gic al Cyb ernetics, 64, 171{176 .

Cohen, M.A. & Grossb erg, S. (1986). \Neural Dynamics of Sp eech and Language Co ding: Developmental Programs, Perceptual

Grouping, and Comp etition for Short T erm Memory

." Human Neur obiolo gy, 5, 1{22.

Cohen, M.A. & Grossb erg, S. (1987). \Masking Fields: A Massively Parallel Neural Architecture F or Learning, Recognizing,

and Predicting Multiple Groupings of Patterned Data." Applie d Optics, 26, 1866{1891 .

213

� Grouping. The selectivit y prop erties of the networks can let di�erent neurons develop recep-

tive �elds that are identical except for their lateral input connections. Then a network would

have di�erent ways to represent a given feature (i.e., by activ ating di�erent neurons) (Mar-

shall, 1990a ). F or each such feature, only one of these representations would receive lateral

excitatory signals from previously activ ated neurons. The lateral signals would select that neu-

ron as the one currently representing the feature; the others’ activ ations would b e suppressed.

The selection of a single active neuron would represent the gr ouping to which the feature b e-

longs, based on contextual data. The feature would then propagate di�erent output lateral

signals, dep ending on which grouping it b elongs to.

� Coherence. The inhibitory learning rule lets neurons co ding inconsistent attributes (e.g., left

motion and right motion) b ecome disconnected from one another, b ecause they are rarely

coactiv ated. Later, if b oth attributes are present simultaneously (as in motion transparency),

then features with one attribute are linked together into one group, and features with the other

are linked into another group. Neurons co ding one attribute simply ignore features with other

attributes. This implements a form of sensitivity to \common fate."

� Steering. The rules of neural op eration can b e designed to give priority to actual incoming

visual data, over predicted data coming in via the LEHICs. Thus, visible data can control, or

steer, the motion of the representation of an entire group, including invisible features.

� T ra jectory-Sp eci�c Propagation. The LEHICs send signals to p ositions in the direction

and velo city corresp onding to each ob ject’s predicted tra jectory

. These signals can bias neuron

activ ations in resp onse to the subsequent incoming image data, to implement a tracking mech-

anism. The signals are transmitted along di�erent connections for each visual ob ject or feature.

Hence, the representation is ob ject-centered; signals p ertaining to di�erent ob jects do not inter-

fere with one another. Besides learning to match the predicted p osition, direction, and velo city

of each ob ject, the LEHICs can in theory also learn to match the predicted con�guration and

app earance of the same ob ject. A p attern of activ ations across several neurons (rather than

a single neuron’s activ ation), corresp onding to one ob ject, would send these biasing signals to

another pattern of activ ations.

� Scission. The inhibitory learning rule allows representations of di�erent patterns to b e parsed

and represented simultaneously

, even if they overlap spatially .

It is likely that one additional to ol will b e needed to mo del some of these p erceptual phenomena: top-

down excitatory connections, from a network layer to an earlier layer. Like the b ottom-up excitatory

connections, the top-down connections will ob ey a v ariant of a Hebbian excitatory learning rule.

This to ol may enable sp eci�c active groupings to in uence the b ehavior or interpretation of neuron

activ ations at a prior layer.

The EXIN techniques are therefore suitable to b e applied to some of the most di�cult problems

in vision theory

, involving nonlo cal interactions in visual depth, motion, and form p erception. In

general, the visual applications of EXIN networks with LEHICs include the following:

Con text-sensitiv e image segmen tation. EXIN networks provide a direct means to incorp orate

feedback of �gural information, from representations of ob jects, into the segmentation pro cess. Thus,

segmentation decisions need not b e based solely on lo cal measures of discontinuity; instead they can

also use information ab out entire ob jects, thereby improving segmentation p erformance.

T ransparency (Stereo and Motion). EXIN networks provide a means to form separate groupings

(representations of distinct surfaces) within the same 2{D image region. Unlike prior metho ds,

multiple sup erimp osed representations of a limited numb er can b e maintained without signi�cant

mutual interference, yet constraints such as uniqueness are preserved.

E�cien t Visual Co ding. Visual features or ob jects are co ded in EXIN networks according to

the learned lik eliho o d of their o ccurrence in the visual environment. Unlike prior metho ds, EXIN

networks can self-organize yet co de inputs containing multiple patterns or ambiguous patterns with

signi�cantly less co de erosion.

212

(A)L1L2

a

b c d

(B)

L

1

L

2

e b c d

f g h i j

Figure 8: Propagation of Motion Signals along LEHIC Chains. (A) Phase 1: Uncertainty

. Horizontally

moving edge activ ates neuron a (a lo cal-motion detector) in layer L

1

, which excites neurons b; c; d in layer L

2

.

Mo derately active L

2 neurons (shaded) emit lateral excitatory signals, which do not arrive at their destinations yet

b ecause of transmission latencies. The simultaneous activ ation of the three neurons b; c; d represe nts the network’s

uncertainty ab out the actual direction of motion of the edge. (B) Phase 2: Resolution. A short while later,

the edge has moved farther to the right and activ ates L

1 neuron e (another lo cal-motion detect or), which excites

L

2 cluster f ; g ; h. Lateral signals now reach their destinations: neurons f ; i; j . One neuron receives b oth b ottom-up

plus lateral excitation, b ecomes strongly active (solid), and suppress es its neighb ors’ activ ations via lateral inhibition

within its cluster. Neurons that receive only lateral excitation (i; j ) are to o weakly activ ated to propagate their

lateral signals. Only one neuron p er cluster propagates its lateral signals in this phase. The choice of a single active

neuron represents the network’s decision ab out the actual direction of motion of the edge.

� they are adaptive { indeed, they acquire all their sp eci�city through observing and internalizing

correlations in the visual world.

Based on this work, we may also p osit an additional hyp othesis:

Dev elopmen t/Adaptation/Learning Hyp othesis. Some or all of the visual grouping, steering,

and segmentation capabilities describ ed ab ove (in the section on Nonlo cal Phenomena in Visual Per-

ception) develop p ostnata lly in human vision after a su�cient p erio d of exp osure to the visual world.

Certain activity-dep endent long-term adaptation pro cesses may directly synthesize the necessary sp e-

ci�c predictiv e pathways, as describ ed b elow. Much of the anatomically and physiologically observed

structure of horizontal intrinsic connections in several regions of visual cortex may b e attributable to

such activity-dep endent development. The pathways identi�ed through neural network simulation of

such adaptive pro cesses may b e homologous to those found in parts of visual cortex.

Applications of EXIN Net w orks in Mo deling Higher-Lev el Visual Pro cessing.

In an EXIN network, multiple visual features, ob jects, or transformations can undergo simultaneous

pro cessing, even if they overlap (as in the case of transparency) or are discontinuous (as in the case

of o cclusion b oundaries). The EXIN rules provide b oth a means by which visual groupings can b e

learned (EX) and a means by which the learned groupings can b e either engaged with or disso ciated

from one another (IN).

Using EXIN learning rules plus LEHICs can lead to the following capabilities:

� In visibilit y Represen tation and Imputation. The LEHICs can provide partial excitation

for neurons that lack stimulation from actual incoming, visible image data. This kind of

excitation arises when an image feature would b e predicted to app ear at a certain lo cation but

fails to actually app ear there b ecause of o cclusion or other factors. In theory

, the network rules

could b e designed to let such under-excited neurons propaga te such signals, under appropriate

conditions and with appropriate restrictions.

211 motion slightly later, in the same direction but at a lo cation slightly farther along a tra jectory in

that direction.

The network’s knowledge of such natural visual inertia correlations takes the form of a \chain"

structure that develops across its LEHICs (FIGURE 7). Each link of the chain corresp onds to the

correlation b etween activ ation of a motion detector at one retinotopic lo cation and activ ation of

another one slightly later, at a successive spatial lo cation.

17

16

15

2

1

0 3

4

5

18

19

20

6

7

8

21

22

23

9

10

11

24

25

26

12

13

14

27

28

29

32 35 38 41 44 32

31 34 37 40 43 31

30 33 36 39 42 30

17

16

15

2

1

0

32 35 38 41 44 32

31 34 37 40 43 31

30 33 36 39 42 30

Figure 7: Lateral excitatory connection chains. Time=8000. The chain lattice has formed p erfectly

. Each

neuron in 3 � 5 matrix of clusters is identi�ed by numb er. Some neurons are shown more than once to facilitate

display of \wraparound" connections, which were used in the simulation to circumvent edge e�ects . Initially

, every

neuron in this pro cessing layer was connected weakly to all its neighb ors in this layer. After 8000 time steps, all strong

remaining LEHICs are part of a lateral chain. Also, each cell in every cluster is part of a di�er ent chain. The same

overall chain structur e remains p ermanently through time 15,000, even though learning is allow ed to continue.

The network op erates by using the chain connections to track predictively the successive lo cations

of moving stimuli. Lo cal measurement uncertainty in p erceived direction of motion (the ap erture

problem) is resolved through this tracking mechanism (FIGURE 8).

The horizontal intrinsic connections that develop exhibit several relev ant characteristics:

� they are highly sp eci�c, serving as pathways by which a representation of a particular visual

pattern can in uence successive representations of the pattern;

� they interconnect neurons that have like stimulus preferences;

� they traverse long ranges of retinotopic distance;

� they serve to predictively prime or disambiguate lo cally uncertain image measurements, based

on the recent history of visual features;

210 frequent simultaneous excitation) (FIGURE 6C). Thus, when abcd is presented, neuron abc receives

inhibition from b oth ab and cd, while ab and cd each receive inhibition only from abc. Because

abc receiv es more inhibition, its activ ation is suppressed, and b oth ab and cd b ecome active. The

simultaneous activ ation of b oth ab and cd is made p ossible b ecause of the weakened recipro cal

inhibition b etween them.

The EXIN network thus cho oses a more complete representation of the input, in which familiar

patterns ab and cd were sup erimp osed, than is p ossible in the winner-take-all network. The contextual

presence of d completely alters the multiplexed p arsing of the input.

One reason that previous research had b een unable to successfully extend winner-take-all mo dels to

higher levels of visual pro cessing is their relatively p o or handling of multiplexing and context.

Pr op erties and Uses of EXIN Networks.

The EXIN rules have the nice dual e�ects of identifying patterns by frequency of o ccurrence, or

familiarity

, and then building a mechanism that cho oses a near-optimal representation of multiple

sup erimp osed patterns, by simultaneous distributed activ ation of multiple pro cessing neurons. The

b ehavior of the EXIN networks is sup erior in this regard to that of ordinary \k -winner" networks,

which merely activ ate the k most-excited pro cessing neurons, regardless of the coactiv ation or famil-

iarity of the patterns co ded by those neurons. Instead, the EXIN networks implement a form of credit

assignment (Barto, Sutton, & Anderson, 1983); they can even suppress the activ ation of some of the

most-excited pro cessing neurons when necessary in order to achieve a maximally context-sensitiv e,

global representation of the input. Marshall (1990c) analyzes the details of this pro cess and includes

a description of why it works with analog as well as binary patterns and with patterns of di�erent

sizes.

The distributed representations allowed in EXIN networks also make them more e�cient than

k -winner networks, in the following sense: conjunctions (like abcd) of familiar patterns (ab; cd) do

not require additional neurons to b e accurately represented. In order to represent abcd as distinct

from abc, a k -winner network would need an extra pro cessing neuron, devoted to co ding abcd. In

fact, it would need an extra neuron for every p ossible conjunction of input patterns, whereas the

EXIN networks can multiplex the co ding of conjunctions by simultaneous activ ation of several neu-

rons. The multiplexed distributed co ding in EXIN networks therefore avoids or at least minimizes

the \grandmother cell" dilemma of combinatorial explosion.

In vision, EXIN networks p erform a context-sensitive parsing, indep endently representing multiple

ob jects or features at once. The EXIN networks have already b een used to mo del (Marshall, 1990ab ef )

several asp ects of visual p erception, including the development of disambiguation mechanisms for

pattern-motion (Movshon, Adelson, Gizzi, & Newsome, 1985) in the ap erture problem (Adelson &

Movshon, 1982; Hildreth, 1983; Marr, 1982 ; Marr & Ullman, 1981), the developmen t of hyp ercomplex-

typ e length-sensitivit y (Hub el & Wiesel, 1977; Kato, Bishop, & Orban, 1978; Orban, Kato, &

Bishop, 1979), and the development of orientation sensitivit y (Hub el & Wiesel, 1962) in neurons ca-

pable of representing edge intersections (W alters, 1987). Preliminary results (Marshall, 1990e) have

also b een successful in using the EXIN learning rules to mo del the development of neural representa-

tion of bino cular disparity surfaces, including stereo transparency (Prazdny

, 1985; W einshall, 1989;

Lehky & Sejnowski, 1990).

Development of L ater al Excitatory Conne ctions.

Mo deled LEHICs with signal transmission latencies were added to the pro cessing layer of an EXIN

network (Marshall, 1989ab, 1990a). Changes in the weights of the connections were governed by the

excitatory learning rule. The transmission delays allowed the network to learn to represent input

se quenc es; they have b een used in learning visual motion sequences (Marshall, 1989ab , 1990a).

An EXIN network using such LEHICs can learn to disambiguate uncertainty in the p erception of

motion. The network is exp osed to visual motion sequences and internalizes a mo del of the visual

inertia characteristics of the motion. That is, it learns that in ordinary visual exp erience there is a

high correlation b etween detecting motion in a certain direction at a certain lo cation, and detecting

209 its pattern preferences closer to the input pattern (Amari, 1977; Amari & T akeuchi, 1978; Gross-

b erg, 1976a b; Kohonen, 1982, 1984; Singer, 1983, 1985).

Inhibitory L e arning.

Marshall (1990acdf ) develop ed a parsimonious metho d that allows SONNs to acquire greatly more

sophisticated forms of b ehavior. The technique involves imp osing an inhibitory learning rule, to

govern changes in the strengths of the lateral inhibitory connections, in addition to the excitatory

learning rule. Because b oth excitatory and inhibitory learning rules are used, let us call such SONNs

\EXIN" networks.

The EXIN networks use the following inhibitory learning rule, in concert with the excitatory rule

describ ed ab ove: Whenever a neur on is active, its output inhibitory c onne ctions to other active

neur ons b e c ome gr adual ly str onger (i.e., mor e inhibitory), while its output inhibitory c onne ctions to

inactive neur ons b e c ome gr adual ly we aker. The inhibitory rule can also b e expressed mathematically

as a di�erential equation (Marshall, 1990a cdf ).

Thus, if two neurons are frequently coactiv ated, then the strengths of their recipro cal inhibitory

connections tend to increase, thereby decreasing the likeliho o d that they can b ecome coactiv ated in

the future. On the other hand, if two neurons are rarely coactiv ated, then the strengths of their

recipro cal connections tend to decrease, thereby p ermitting them to b ecome coactiv ated on relativ ely

rare o ccasions. Both the excitatory and the inhibitory learning rules are v ariants of Hebb’s (1949)

learning rule; they are simple, physically lo cal, and neurologically plausible.

The earlier networks, with winner-take-all b ehavior, are capable of representing each input pattern

only as a single, lump ed item. If an input containing multiple sup erimp osed familiar patterns is

presented, such networks are incapable of simultaneously representing all of the patterns separately .

The new EXIN metho d allows multiple patterns to b e represented simultaneously

, in a distributed

but highly regulated fashion. The new unsup ervised inhibitory learning rule pro duces a SONN

structure that allows multiple neurons to \win" a network comp etition, instead of forcing a single

winner to \take all." Thus, when multiple indep endent input patterns are present, all of them can

b e represented by distinct activ ations. The excitatory and inhibitory learning rules ful�ll di�erent

but complementary roles.

While others (Carlson, 1990; Easton & Gordon, 1984; Kohonen, 1984 ; F� oldi� ak, 1989, 1990; Nagano &

Kurata, 1981; Nigrin, 1990ab; Rubner & Schulten, 1990) have prop osed similar learning rules, Mar-

shall (1990acdef ) showed how a network using b oth an excitatory and an inhibitory learning rule can

multiplex (Grossb erg & Marshall, 1989; Marshall, 1990c), or represent simultaneously

, more than one

sup erimp osed familiar input pattern.

The end-result of EXIN learning is a network that b ehaves like the masking �eld networks of Cohen

and Grossb erg (1986, 1987). However, b ecause the EXIN networks do not require co des for all

p ossible input patterns to b e prewired, they are more exible and e�cient than masking �elds.

Op er ation of EXIN Networks.

The crucial imp ortance of context sensitivity in visual pro cessing is illustrated by the following

example (Nigrin, 1990a ). When input pattern abc is presented to the network describ ed in the

previous paragraph, neuron abc b ecomes active, thereby co ding the pattern.

Now supp ose instead that o ccasionally the familiar stimuli ab and cd are presented simultaneously ,

so that the input pattern to the network is abcd. How is this pattern co ded? In a winner-take-all

network, the b est resp onse is to activ ate neuron abc, b ecause it represents the closest match to the

input pattern (FIGURE 6B). However, such a resp onse ignores the presence of d, as if d were merely

noise.

But in an EXIN network, inhibitory strengths b etween neurons ab and cd are weak (b ecause ab and cd

do not overlap spatially and hence are not always excited simultaneously), while inhibitory strengths

b etween ab and abc and b etween cd and abc are strong (b ecause of their overlap and consequent

208 requiring that an external \teacher" b e av ailable to program the system; in the lower levels of animal

visual systems no external teacher is av ailable (Reeke, Finkel, & Edelman, 1990).

The capability of unsup ervised self-organizing neural networks (SONNs) to adapt or learn illustrates

how certain visual resp onse prop erties might b e acquired in animal brains, without requiring genetic

enco ding to carry most of the informational burden of sp ecifying the detailed full cortical wiring plan

(Marshall, 1990a; Price & Zumbroich, 1989).

Many self-organizing neural networks (SONNs) have b een designed to op erate in a winner-take-all

fashion. That is, only one neuron or a small, tightly clustered p opulation of neurons is allowed to b e

active at any moment within a given spatial neighb orho o d, b ecause of heavy lateral inhibition. Thus

any input to such networks is represented as a single, unitary pattern.

Excitatory L e arning.

Typically

, changes in connection strengths in such networks are governed by a v ariant of a Hebbian

(Hebb, 1949) learning rule, such as the following: Whenever a neur on is active, its input excitatory

c onne ctions fr om active neur ons b e c ome gr adual ly str onger, while its input excitatory c onne ctions

fr om inactive neur ons b e c ome gr adual ly we aker. The excitatory learning rule can b e expressed math-

ematically as a di�erential equation (Grossb erg, 1982).

FIGURE 6A depicts the initial architecture of the simplest such network. Two neuron layers are shown,

an input layer and a pro cessing layer. In general, such layers can b e cascaded, forming a hierarchy of

pro cessing stages. A set of initially nonsp eci�c feedforward excitatory connections pro ject from the

input layer to the pro cessing layer.

-Lateral

inhibitory

connections

+

Feedforward

excitatory

connections

Layer 1

Layer 2 a

b c d

(A)

+

-

a

b c d ab abc cd

(B)

-

+

a

b c d ab abc cd

(C)

Figure 6: Context-sensitive parsing in an EXIN network. (A) Initially

, neurons in the input layer pro ject

excitatory connections nonsp eci�cally to neurons in the pro cess ing layer. The strength of the excitatory pro jections

may decline as a Gaussian factor of spatial distance, with small random v ariations. Because each neuron in the

pro cessing layer receives approximately the same input connections as its neighb ors, the pro cess ing-layer neurons

are said to have nonsp eci�c receptive �elds. In addition, each neuron in the pro cessing layer pro jects lateral in-

hibitory connections nonsp eci�cally to all its neighb ors (shaded arrows). (B) After a p erio d of exp osure to patterns

ab, abc, and cd, the excitatory learning rule causes the network to b ecome selective for those patterns: a di�erent

neuron b ecomes wired to resp ond to each of the familiar patterns. Without inhibitory learning, the network b ehaves

in a winner-take-all fashion: the comp ound pattern abcd (�lled lower circles) causes the single \nearest" neuron (abc)

(�lled upp er circle) to b ecome active and suppress the activity of the other pro cessing neurons. (C) In an EXIN

network, the inhibitory learning rule weakens the strengths of inhibitory connections b etween neurons that co de

nonoverlapping patterns, such as b etween neurons ab and cd. Then when abcd is presented, b oth neurons ab and cd

b ecome active (�lled upp er circles), represe nting the simultaneous presenc e of the familiar patterns ab and cd. When

pattern abc is presente d to this EXIN network, neuron abc b ecomes active (not shown in FIGURE) and suppress es

the activity of neurons ab and cd.

Within the pro cessing layer a nonsp eci�c set of lateral inhibitory connections interconnects the neu-

rons. If the lateral inhibitory connections are strong enough, then this network op erates as a simple

adaptive classi�er. When an input pattern is presented (by activ ating or partially activ ating some of

the input neurons), it most strongly excites the \nearest" pro cessing neuron, which then suppresses

the activ ation of its neighb ors in a winner-take-all fashion via lateral inhibition. The feedforward

excitatory connection weights to the active pro cessing neuron are then mo di�ed slightly to rotate

207 addition, they allow the visible p ortions of the ob ject to steer the successive representations of the

invisible p ortions. Because the predictiv e signals are transmitted along highly sp eci�c pathways, the

predictiv e signals from di�erent ob jects can op erate with minimal mutual interference.

Scission Hyp othesis. Ob ject representations are segregated or isolated from one another, so that

signals in one ob ject grouping do not interfere with signals in another, even if the ob jects overlap

spatially .

Nonlo cal Structures in Visual Anatom y and Ph ysiology .

Long-ran ge excitatory horizontal intrinsic connections (LEHICs) have b een identi�ed in the visual

cortex of a v ariety of animals (Blasdel, Lund, & Fitzpatrick, 1985; Callaway & Katz, 1990; Gabb ott,

Martin, & Whitteridge,, 1987; Gilb ert & Wiesel, 1989; Luhmann, Mart � �nez Mill� an, & Singer, 1986;

Lund, 1987; Michalski, Gerstein, Czarkowsk a, & T arnecki, 1983; Mitchison & Crick, 1982; Nelson &

F rost, 1985; Ro ckland & Lund, 1982, 1983; Ro ckland, Lund, & Humphrey

, 1982; Ts’o, Gilb ert, &

Wiesel, 1986).

The LEHICs exhibit several characteristics relev ant to the hyp otheses describ ed ab ove:

� They are highly sp eci�c, running anisotropically from one small patch of cortex to another.

� They typically run b etween cells with similar stimulus preferences.

� Some run for very long distances (e.g., 10 mm) across the cortex (Luhmann, Mart � �nez Mill� an, &

Singer, 1986).

� They are shap ed adaptively through visual exp erience. \There is an inb orn pattern of discrete

horizontal connections in striate cortex which is shap ed by visual exp erience and requires

contour vision for its maintenance" (Luhmann, Mart � �nez Mill� an, & Singer, 1986, p. 443). \The

development of the horizontal connections in striate cortex o ccurs in at least two phases, an early

phase during which connections are formed in excess and a later phase during which connections

are again eliminated" (Ibid., p. 447). Callaway & Katz (1990) suggest that \pyramidal neurons

making long-distance horizontal connections use activity cues to identify appropriate target

cells having similar orientation selectivit y" (p.1151).

� They may serve to predictiv ely prime motion-sensitive cells: \This feedforward excitation by a

neuron into whose receptive �eld an ob ject has just entered could act as a facilitatory device to

‘prime’ (by increasing their resp onse sensitivity) other neurons into whose receptiv e �elds the

ob ject might eventually travel. These op erations could also provide some predictive estimate

of the future p osition of the ob ject" (Gabb ott, Martin, & Whitteridge, 1987, pp. 378{37 9 ).

Since LEHICs are found in area V1, similar connections are likely to b e found within higher cortical

levels as well, like areas MT and STS. LEHICs may allow link ages and transformations b etween

groupings or b etween instances of a grouping to b e learned and allow priming or control to b e

exercised distally

. Possible mechanisms for these hyp othesized functions of LEHICs are describ ed

b elow.

EXIN Net w orks { P o w erful New T ec hniques

for Nonlo cal Prediction, Segmen tation, and Grouping.

Self-Or ganizing Neur al Networks for Visual Pr o c essing.

Self-organization metho ds, using unsup ervised learning rules, have b een useful in mo deling the

developmen t of several asp ects of low-level visual p erception, including sensitivity to contrast

(Linsker, 1986a), orientation (Bienensto ck, Co op er, & Munro, 1982; Linsker, 1986b; Marshall, 1990f;

von der Malsburg, 1973), motion (Co olen & Kuijk, 1989; F� oldi� ak, 1991; Marshall, 1989ab , 1990 a;

M.E. Sereno, 1986, 1987; M.E. Sereno, Kersten, & Anderson, 1988; M.I. Sereno, 1989; M.I. Sereno &

M.E. Sereno, 1990), length (Marshall, 1990b), and depth (Hinton & Beck er, 1990; Marshall, 1989b;

Sun, Chen, & Lee, 1987). Unlike sup ervised learning techniques, such as backpropagation (Rumel-

hart, Hinton, & Williams, 1986; W erb os, 1974), unsup ervised metho ds have the adv antage of not

206 a set of randomly arranged dots are shown, where half the dots are moving left and half right, at

a single constant sp eed. Dots reaching the (invisible) left and right edges of the display disapp ear,

and new moving dots app ear along the left and right edges. In this case, observers rep ort that the

display app ears to contain two transparently overlaid at surfaces, one moving left and one right.

Ramachandran, Cobb, and Rogers-Ramachandran (1988) created a second display

, identical to the

�rst, except that dots simply reverse direction (or \b ounce") at the left and right edges and retrace

their paths, instead of b eing deleted and replaced. In this case, observers rep ort a rotating-cylinder

p ercept.

This phenomenon suggests that p erceived 3-D structure (two sliding at surfaces vs. one rotating

cylinder) dep ends signi�cantly on �ne image details such as continuous existence vs. disapp earance

of dots at b oundaries. These results suggest that accretion/deletion of individual visual features may

b e even more salient than optic ow p er se in determining our p ercepts of 3-D structure.

Per c ept #6: Motion T r ansp ar ency.

Random-dot rotating cylinder displays (Ullman, 1979) illustrate the capability of visual systems to

allow di�erent (even opp osite) motion signal groupings to o ccur across the same image region. Visual

pro cessing mechanisms can thus implement scission op erations, whereby surfaces can b e functionally

disengaged from one another so that motion signals in one do not interfere with those in the other.

Per c ept #7: Motion Sharp ening Along T r aje ctories.

A moving visual stimulus app ears smeared (with a comet-like tail) when it is viewed for a brief ex-

p osure (30 ms), yet p erfectly sharp when viewed for a longer exp osure (100 ms) (Burr & Ross, 1986;

V an Essen & Anderson, 1987). Our ability to counteract smear at longer exp osures suggests that our

visual systems combine and sharp en motion information from multiple lo cations along a spatiotem-

p oral tra jectory that matches the motion of the stimulus (Barlow, 1979 , 1981; Burr & Ross, 1986).

Analysis: Se gmentation, Gr ouping, Continuity, and Communic ation.

T aken together, these psychophysical phenomena suggest the following hyp otheses ab out key func-

tional capabilities of visual systems.

In visibilit y Represen tation Hyp othesis. Visual systems can maintain a sub jectiv e representation

of the ob jectively invisible p ortions of a �gure (though p erhaps only for a limited time). The invisible

p ortions include o ccluded features, sub jective contours, and \�lled-in" surface data.

Visible/In visible Grouping Hyp othesis. Visual systems can group together as an internally

coherent ob ject the representations of the visible and invisible p ortions of a �gure, to form a unitary

ob ject-centered representation that can b e manipulated as a whole.

Coherence Hyp othesis. Visual systems use coherence information, such as common fate, prox-

imity

, and similarity

, in determining what features constitute each ob ject. F eatures sharing similar

characteristics are linked together. The link ages are maintained despite transformations such as

shifts, rotations, and o cclusions.

In visibilit y Imputation Hyp othesis. Visual systems interp olate or �ll-in putatively missing

information within each ob ject representation, complete moving sub jectiv e contours even b etween

colinearly aligned pairs of edges that are not simultaneously visible, and generate interp olated surface

groupings from sparse texture.

Steering Hyp othesis. The motion of the visible p ortions of an ob ject \steers" or controls the

motion of the representation of the ob ject, including the invisible p ortions of the ob ject.

T ra jectory-Sp eci�c Propagation Hyp othesis. Steering control is exerted in a tra jectory-sp eci�c

manner. Each ob ject representation sends grouping and motion signals to successive ob ject represen-

tations that it exp ects the ob ject to activ ate. By providing prior state information ab out the ob ject,

these anticipatory

, or predictiv e, signals help sharp en its future representation. The predictiv e sig-

nals also help bu�er the transforming representation from erosion due to noise or to o cclusion. In

205

�

2

�2 �1

�2 �1

�2 �1

�2 �1

�2 �1

�2 �1

�1

�2 �1

�2 �1

Figure 4: Illusory Occlusion. One dot’s p osition at time=2 is o ccluded, yet the dot app ears to move \b ehind"

the o ccluder.

Per c ept #5: Dynamic Oc clusion.

Accretion/deletion events give human observers clear p ercepts of relative depth. Kaplan (1969)

created a random dot display in which motion of image regions caused the accretion and deletion

of optical texture (dots) at the region b oundaries (FIGURE 5). The region whose motion velo city is

closest to the velo city of the b oundary b etween the regions is seen as the o ccluding surface; the other

region is seen as b eing o ccluded by it.

(A)

(B)

(C) (D)

Figure 5: Dynamic Occlusion: accretion and deletion of optical texture. Randomly arranged dots are

displayed. A vertical sub jective b oundary separates the display into two regions. (A) When the dots on the left side

move back and forth together, disapp earing and reapp earing at the sub ject ive b oundary

, the right side app ears to

o cclude the left side. (B) When the sub ject ive b oundary moves in the same direction and sp eed as the dots on the left

side, dots on the right accrete and are deleted, and the left side app ears to o cclude the right side. (C) When the dots

on b oth sides move toward each other at the same sp eed, neither side app ears to o cclude the other. (D) When b oth

sides move in the same direction and the same sp eed, and dots on the left are deleted as they reach the b oundary ,

and new dots accrete on the right side, then the b oundary itself app ears to b e a \thin string" or \thin p encil," lying

in front of the moving dots.

A related e�ect can b e noted in comparing a simple motion transparency display with a \b ounc-

ing dot" motion transparency display

. In the simple motion transparency display (Ullman, 1979),

204

Parks ruled out explanations based on \retinal painting" and on eye movements by moving two

�gures simultaneously in opp osite directions b ehind the same slit; b oth could b e seen afterward.

Shimo jo, Silverman, and Nak ayama, (1988) found that bino cular viewing of moving �gures through

a slit lets observers determine the depth of ob jects. Visual systems thus use the timing relationships

b etween corresp onding slices from the left- and right-eye images in computing bino cular disparity .

Per c ept #3: Visual Inertia.

Motion signals generated b etween two successive frames of a movie-like display bias the motion

p erceived b etween the next frames (FIGURE 3) (Anstis & Ramachandran, 1987). A visual stimulus

app ears to have inertia ; its motion at one instant generates an exp ectation, or bias, or priming signal,

for it to continue to move along the same tra jectory .

(A)

�1�2�1(B)

�2�1�(C)

�0�1�2�1(D)

�0�1�2�1

Figure 3: Visual Inertia. Dots are ashed on a display scree n at the times indicated by numb ers. When alternating

horizontal/vertical pairs of dots are ashed at the vertices of a diamond shap e, observers rep ort a bistable motion

p ercept , either (A) or (B), at any moment. But when the same dot ashes are preceded by priming dots (lab eled 0),

observers rep ort a monostable motion p ercep t, always (C), never (D).

Two dots can generate priming e�ects in opp osite directions of motion; therefore, the priming cannot

b e a global e�ect. Rather, each stimulus sp eci�cally biases its own motion, and not that of other

stimuli. The bias propagates only in the same sp eci�c direction, sp eed, and lo cations as the stimulus’s

tra jectory .

Per c ept #4: R epr esentation of Invisible F e atur es.

In a study of \illusory o cclusion," Ramachandran, Inada, & Kiama (1986) ash an array of random

dots, and then ash the entire array again, except for one removed dot, in the same con�guration,

but at a slightly shifted lo cation. The p osition that the removed dot might have o ccupied in the

second frame is covered by an opaque piece of cardb oard (FIGURE 4).

Even though the dot is visible only in one of the two frames, it is generally p erceived to move

in synchrony with the rest of the dots, app earing to b ecome o ccluded as it moved \b ehind" the

cardb oard. Y et when the cardb oard is removed, that dot app eared simply to ash; the p ercept of

motion for that dot is greatly reduced or eliminated.

This result suggests that visual systems can assign or impute group ed motion directly to an ob jec-

tively stationary stimulus, when p ermitted by o cclusion relations. Thus, under appropriate condi-

tions, visual systems seem to prefer to treat disapp earing stimuli as continuing to exist but b ecoming

o ccluded, rather than ceasing to exist.

203

The representation of the invisible p ortions of a �gure seems remark ably well-regulated: invisible

features continue to b e group ed along with visible features into a representation of a whole obje ct ,

whose parts b ear an internally coherent relation to one another. Some researchers (e.g., Parks, 1986;

Prazdny

, 1986) have suggested that �gural information, such as the presence of o ccluding surfaces,

may b e more central than edge information in the p erception of sub jectiv e contours.

The representation of each ob ject is functionally segregated from that of other ob jects; motion signals

generated by visible p ortions of the triangle apply only to the triangle, and not to the background

circles.

These prop erties suggest that edge completion and �gural completion pro cesses in human vision

op erate using a dynamic framework in which information picked up ab out a �gure at one lo cation

can b e \carried" along with the motion of the �gure to other lo cations.

Per c ept #2: Motion Viewe d Thr ough a Slit (Parks’ Camel).

Parks (1965) devised a display in which a moving �gure (e.g., a drawing of a camel) was viewed

through a narrow slit in a screen (FIGURE 2) for 250{5 00 ms. Even though only a small slice of the

�gure was visible at any single moment, observers are able to see the �gure as a whole brie y after

it has moved past the slit.

(B)

(A)

(C)

Figure 2: Parks’ Camel. An image, such as a drawing of a camel (A), is viewed as it moves b ehind a narrow

slit (B). Under prop er conditions, observers rep ort seeing the �gure as a whole (C), p ossibly with some elongation

(dotted �gure of camel).

It seems that our visual systems can arrange the narrow \slices" visible at successive instants into

the prop er order so that the image of the entire �gure is reconstructed and seen. This result suggests

that the new incoming motion signals from the narrow slit cause the representation of previously-

recorded slices to \move over" so that the slices will b e correctly lined up to accommo date the new

information. In other words, the motion of the visible p ortions of an ob ject drives the motion of the

representation of the invisible p ortions.

202 sub jectiv e triangles (Kanizsa, 1979), sub jective contours are p erceived across regions lacking

ob jectiv e contrast. The colinear alignment of certain edges is detected despite large spatial

gaps.

� T yp e B : ways in which data ab out ne arby parts of an image can fail to in uence one another

strongly

, despite their proximity

. Example: when one visual ob ject o ccludes another, the p er-

ceiv ed visual prop erties of their mutual image b ounda ry (such as its motion) b ecome closely

linked to those of the o ccluding ob ject and b ecome entirely unlinked from those of the o c-

clude d ob ject (Nak ayama, Shimo jo, & Silverman, 1989). The b oundary b ecomes anisotropic,

functionally \attached" to one side and disengaged from the other side.

Nonlo cal Phenomena in Visual P erception.

A surprisingly diverse array of p erceptual phenomena exhibit nonlo cal interactions and app ear to

require nonlo cal pro cessing mechanisms.

Per c ept #1: Kinetic Subje ctive Contours.

Kellman and Cohen (1984) generated moving sub jective contours by displaying a rotating white

triangle that intermittently o ccludes parts of black circles on a white background (FIGURE 1). Because

there is no visible contrast b etween the white parts of the background and the white triangle, no

ob jective contours can b e seen there. Ob jectiv ely , the black parts of the background have moving

white nicks or chunks taken out of them. But Kellman and Cohen found that observers p erceive the

�gure clearly and continuously as a coherent whole triangle.

(A)

(B) (C) (D)

Figure 1: Kinetic sub jective contours. F our frames of a rotating sub jective triangle display .

These coherent p ercepts are obtained even when the display is arranged so that only one corner of

the triangle is visible at a time. The sub jective b oundaries of the moving triangle are still clearly

p erceived.

This phenomenon argues against a straightforward colinear-completion scheme like that of Grossb erg

and Mingolla (1985ab) or von der Heydt, Peterhans, and Baumgartner (1984), b ecause the colinearit y-

detectors of such schemes require two colinear edges to b e simultaneously present in order to generate

a bridging sub jective contour. Thus, simple line-completion pro cesses cannot explain the phenomenon

of kinetic sub jective contours: two parts of an edge to b e completed might not app ear simultaneously ,

and thus their colinear alignment might not even b e detected at any given moment. Moreover, b ecause

the two edges to b e bridged may app ear at di�erent times, they may never even b e aligned spatially .

What causes a sub jectiv e corner or contour to continue moving p erceptually even when it is ob jec-

tively invisible? How do the invisible p ortions of a �gure stay \on track," contributing to the p ercept

of the whole �gure, rather than ying o� in the wrong direction? The motion of the representation

of the invisible p ortions of a �gure seems to b e steered or controlled by the motion of the visible

p ortions.

201

Challenges of vision theory:

Self-organization of neural mec hanisms for

stable steering of ob ject-grouping data

in visual motion p ercept ion

Jonathan A. Marshall

Department of Computer Science, CB 3175, Sitterson Hall

Universit y of North Carolina, Chap el Hill, NC 27599-3 175 , U.S.A.

919-96 2-1 88 7, marshall@cs.unc.edu

Abstr act.

Psychophysical studies on motion p erception suggest that human visual systems p erform certain

nonlo c al op erations. In some cases, data ab out one part of an image can in uence the pro cessing

or p erception of data ab out another part of the image, across a long sp atial r ange. In others, data

ab out ne arby parts of an image can fail to in uence one another strongly

, despite their proximit y .

Several typ es of nonlo cal interaction may underlie cortical pro cessing for accurate, stable p erception

of visual motion, depth, and form:

� tr aje ctory-sp e ci�c propagation of computed moving stimulus information to successive image

lo cations where a stimulus is predicted to app ear;

� gr ouping op erations (establishing link ages among p erceptually related data);

� scission op erations (breaking link ages b etween unrelated data); and

� ste ering op erations, whereby visible p ortions of a visual group or ob ject can control the repre-

sentations of invisible or o ccluded p ortions of the same group.

Nonlo cal interactions like these could b e mediated by long-range excitatory horizontal intrinsic con-

nections (LEHICs), discovered in visual cortex of several animal sp ecies. LEHICs often span great

distances across cortical image space. Typically

, they have b een found to interconnect regions of

like sp e ci�city with regard to certain receptiv e �eld attributes, e.g., stimulus orientation.

It has recently b een shown that several visual pro cessing mechanisms can self-organize in mo del

recurrent neural networks using unsup ervised \EXIN" (excitatory+inhibitory) learning rules. Be-

cause the same rules are used in each case, EXIN networks provide a means to unify explanations of

how di�erent visual pro cessing mo dules acquire their structure and function. EXIN networks learn to

multiplex (or represent simultaneously) multiple spatially overlapping comp onents of complex scenes,

in a context-sensitiv e fashion. Mo deled LEHICs have b een used together with the EXIN learning

rules to show how visual exp erience can shap e neural mechanisms for nonlo cal, context-sensitive

pro cessing of visual motion data.

Nonlo cal In teractions Mediate P erceptual Stabilit y .

When we see one visual ob ject move b ehind another, b ecoming partially o ccluded, the shap e of its

pro jection on our retina is drastically altered. Y et we generally p erceive the ob ject as remaining

whole and undistorted, even though we cannot see all of it. How can our visual systems allow us

to p erceive an ob ject, b ecoming o ccluded and uno ccluded, as remaining the same? How can our

p erception of ob jects remain stable, even though we see scenes containing many ob jects at once

whose images interact, pro ducing radical distortions? These issues of p er c eptual stability are central

to vision theory .

These challenging questions can b e faced by investigating the role of nonlo c al inter actions in sp eci�c

asp ects of visual p erception. By \nonlo cal" interactions I refer to two sorts of pro cessing:

� T yp e A: ways in which data ab out one part of an image can in uence the pro cessing or p ercep-

tion of data ab out another part of the image, across a long sp atial r ange. Example: in Kanizsa

Invited pap er, in Sto chastic and Neur al Metho ds in Signal Pr o c essing, Image Pr o c essing, and Computer Vision, Su-Shing

Chen, Ed., Pro ceedings of the SPIE 1569, San Diego, July 1991, pp.200{215 .