Binding in Models of Perception and Brain Function Christoph von der Malsburg Institut für Neuroinformatik, Ruhr-Universität Bochum and Depts. for Computer Science and Biology, Univ. of Southern California, Los Angeles

Summary The development of the issue of binding as fundamental to neural dynamics has made possible recent advances in the modeling of difficult problems of perception and brain function. Among them is perceptual segmentation, invariant pattern recognition and one-shot learning. Also, longer-term conceptual developments that have led to this success are reviewed.

Introduction

The topic of binding is central to the attempt to formulate neural dynamics on the level of interacting groups of neurons in analogy to the interacting single neurons of the classical view. This attempt is motivated by the necessity to mend a number of fundamental conceptual difficulties with the single neuron as organizing unit, a point of view most concretely formulated in the framework of Neural Networks [1]. One of the benefits of this transition would be the introduction of symbolic processing, the lack of which in Neural Networks has been repeatedly criticised [2], while preserving the capabilities for autonomous organization which are the strength of Neural Networks. As another benefit, this transition could help to break the learning time barrier of Neural Networks [3] which stands in stark contrast to the ability of animials to learn from single scenes. This barrier is created by the tremendous ambiguity faced by synaptic plasticity mechanisms that indiscriminately associate all simultaneously active neurons. The ambiguity is decisively reduced if association is an affair taking place on the level of a small number of perceptual groups that have been singled out by a potent binding mechanism.

The binding problem is most succinctly illustrated by an example introduced originally by Rosenblatt [4]. A hypothetical perceptual system consists of just four neurons, able to respond to the presence in arbitrary retinal position of (i) a triangle and (ii) a square, as well as the presence of arbitrary objects (iii) in the upper visual field and (iv) in the lower visual field. Now assume that the system is to diagnose the presence of a square in the upper visual field. In the classical Neural Networks solution, an output neuron would just have to detect simultaneous activity in cells (ii) and (iii). It would be fooled by a situation in which a triangle is in the upper visual field and a square in the lower and all four perceptual neurons active. This type of ‘conjunction error’ can be induced in humans if they are given insufficient viewing time [5]. The difficulty arises from the fact that all feature cells of several simultaneously perceived objects fuse into one indistinct whole (the ‘superposition catastrophe’ of [6]). Thus, a binding mechanism is required to group feature cells according to objects and to prevent illusory conjunctions from eliciting responses. Rosenblatt’s example is deceptively simple; in more realistic situations large numbers of elementary features have to be bound into groups. Now, the number of sets of realistic order (‘order’ being the number of neurons in a group) is astronomically large. This ‘combinatorial explosion’ precludes any exhaustive representation of groups by physical entities, like combination-coding neurons or pre-wired non-overlapping groups of neurons.

This review reports on recent advances in the modeling of important aspects of perception and brain function with the help of binding mechanisms. Being a first review of binding as a theoretical issue, it also cites earlier key papers.

Requirements for the binding mechanism.

The currently raging discussion about necessity and nature of a binding mechanism in the nervous system is often blurred by vagueness about the functional requirements to be met. Here are some of them.

1) Dynamic generation of binding. Each perceptual scene requires its own new grouping, as even a single object is reflected in an infinite variety of changing feature combinations. The binding mechanism has to pick up the relevant perceptual information to single out appropriate groups from the large background of possible combinations of active neurons, and has to physically implement these groups as functional entities.

2) Storage of newly created binding structures for future reference. 3) Retrieval of such stored binding structures.

4) Control of neural activation by binding structures (to prevent firing in response to illusory conjunctions, for instance).

5) Specific interaction of binding structures (the very essence of neural group dynamics). 6) Acceleration of learning by proper constraint of long-term synaptic plasticity by binding patterns.

Attempts to solve or avoid the binding problem.

The most common attempt to avoid the binding problem is based on combination coding cells. Whatever the intended interaction of groups of cells, these interactions can probably always be reflected back onto the level of appropriately connected single neurons. Reliance on single cells is most radically formulated in Barlow’s dogma [7] according to which a decision of an animal can always be traced back to the firing decision of a single ‘pontifical’ cell. Although this view has been put on an experimental basis (e.g., in [8*]), it creates more problems than it solves. The most pressing of these is the question of how the organism creates and empowers these decisive neurons. Less radical versions content themselves with showing experimentally that sizeable chunks of structure are represented by single ‘cardinal’ cells (for examples and a review see [9]). However, the hydra cannot be slain. All neurons are combination-coding, but not all combinations can be coded by neurons, the number of combinations growing faster than the number of neurons. Ultimately, groups will have to speak for themselves. Whereas groups of neurons can be created dynamically (see below) combination-coding neurons cannot.

The classical theory of Neural Networks has no concept of group dynamics and ignores the binding problem, although it always had to deal with it implicitely. It emphasizes either the entire set of simultaneously active neurons, like Hebb’s assembly or the vector of neural activities in Associative Memory, or again single neurons. The weakness of Associative Memory is the monolithic way in which it treats the set of all active neurons. This is directly responsible for its gross lack of generalization to sensory scenes that are related on the level of intermediate groups but differ in global structure.

Much effort has been spent to solve the problem of ‘variable binding’ [10–16]. This problem arises in the context of logic or rule-based systems and is a special case of the more general problem of binding discussed here. (In fact, the term binding is derived from this special application.) Most of the examples cited are either limited to binary binding or are based on tags that can be passed along connections (and are thus forerunners of temporal binding, see below).

In layered structures [1] statistical training methods are used to avoid the binding problem, creating appropriate combination-coding cells and suppressing connections that would cause conjunction errors. The price paid is that a network is limited to a single context and that a task can only be solved after an extended training period, which is prohibitive for many tasks of realistic size. The ultimate reason for long training periods is that in layered neural networks the grouping information that is potentially available in single stimuli is wasted (before appropriate task-adapted combination coding cells are developed) and must be tediously recovered from the statistics of many stimuli. The ‘dendritic fingers’ of, e.g., [17], which replace combination-coding neurons by combination-coding dendritic patches, fall under the same criticism.

The single-context constraint of neural networks has been tremendously alleviated by expert-selector networks [18] in which a stimulus is first classified according to its context (or task type) by a selector network, which then switches in the appropriate monocontextual expert network. In essence, this is a crude way of switching between different binding structures, which are implict in the expert networks as combination-coding cells.

Connector cells [19,20] are more explicitly directed at solving a binding problem (binding corresponding points in two isomorphic fields), but they have only been applied to binary binding in the correspondence problem. Also, synaptic projection patterns that are controlled presynaptically [21*], or ‘three-terminal-devices’ [10] have yet to be applied to higher order binding problems. All these require for their function very specific wiring patterns the ontogenesis of which may be a problem.

Binding by temporal synchrony of signals.

According to the temporal binding hypothesis, groups of cells are bound to each other by signal synchrony on the time scale of fractions of a second. The activity process of the brain is thus viewed as a rapid sequence of ‘micro states,’ each defined by the simultaneous activity of a set of neurons which are thereby bound together.

Appropriate neural signal fluctuations down to a millisecond range in cortex and thalamus are a familiar phenomenon. However, neural theory traditionally ignored these fluctuations, and neurophysiology interpreted them as noise to be suppressed by trial averaging. The ultimate origin of these stochastic signal fluctuations is not clear. There is evidence, however, that they are not due to unstructured noise within single cells and that cortical and subcortical circuitry is able to hand down temporal fine structure over many synaptic generations (see [22*,23*]).

Whereas dayly experience tells us that our brain sorts out different contexts on a larger scale by subdividing time and sequentially switching attention between topics, extension of this concept to a finer scale both in time and in breadth of context has met with considerable resistance in the scientific community. A systematic extension of the framework of Neural Networks by temporal binding has been proposed in [24,25,6], although earlier references to temporal binding can be identified [26,27].

It has been suggested that signal fluctuations are an insignificant epiphenomenon of brain dynamics. Although this is not very convincing — if signal fluctuations had no useful function, they could be trivially suppressed [28*], and more peripheral neurons demonstrate this by firing with exquisite regularity and precision —, only long sequences of experiments will be able to dispell doubts about the functional significance of signal correlations. The experimental evidence compiled so far (see [29*] for review) is compatible with the temporal binding hypothesis, but simultaneous neurophysiological and psychophysical experiments will be required, analogously to [8*].

There are several arguments commending the idea of binding by temporal signal correlations. Wherever required, groups of arbitrary order can be instantly formed (see the section on segmentation below), stored and retrieved, and no additional ‘hardware’ is required beyond appropriate adjustments in the dynamical parameters of the existing network. Signal correlations are naturally produced by common or correlated input or by direct connections between the cells concerned. Temporal correlations can be evalutated in a natural way and have strong dynamical effects in nervous tissue due to the fact that neurons are coincidence detectors, although there is some disagreement over neural integration times [30*]. Due to these facts, temporal binding can be considered as readily available and of ubiquitous functional potential.

A marked disadvantage of temporal binding arises from the limited bandwidth of neural signals. The binding structures that can be expressed within typical reaction times of fractions of a second cannot be very differentiated, since all groups to be bound have to be activated sequentially. However, reaction times are short only in stereotypical tasks, and it is commonly experienced that the flexibility required in unfamiliar situations is obtained only for the price of considerable delays. It is therefore quite conceivable that time-consuming temporal binding is used by the brain only as a bootstrapping mechanism for make-shift solutions in novel situations (some indication of this is given in [31]), and that as soon as a certain binding structure has shown its long-term value, it is frozen into less flexible but faster and more capacious special circuitry. Candidate structures for this are the combination-coding or connector cells, dendritic patches or presynaptic control structures reviewed above.

Applications.

The principal arguments for the existence of a general dynamical binding mechanism is the success of concrete models and the solution of old conceptual difficulties on its basis. Some of these results are reviewed here.

Segmentation. The process of sensory segmentation, also called figure-ground separation, takes account of the fact that our environment is composed of objects and processes that have fairly stable internal structure and are independent of each other (see [32] for an introduction to the problem). To an overwhelming extent, learning is possible due to the fact that these pieces of stable structure do recur from scene to scene. The psychophysics of the phenomenon of visual segmentation was at the focus of the Gestalt movement (for a review see [33]). On the other hand, segmentation is to this day a largely unsolved problem in computer vision [34]. By its very nature, sensory segmentation is a binding issue, and in the view of many it is just plain identical with the binding issue. The proposal that the brain solves the problem with the help of temporal synchrony was made in [27,24]. The experimental evidence in the visual cortex for oscillatory signals that might form the basis for segmentation (reviewed in [29*]) has triggered a flurry of efforts to model these oscillations [35–40], to cite but a few. Whereas these models concentrate more on the neurobiology of the creation and synchronization of signal oscillations while paying little attention to the segmentation problem as such, another set of models is more concerned with just using correlated signals, oscillatory or otherwise, to solve the segmentation problem [32, 41–50]. Unfortunately almost all of this work is based on synthetic data, but the near future will see a number of papers on the segmentation of real images (for an early example see [51*]) or auditory signals. The challenge here is to properly integrate submodalities (motion, depth, texture, color, .. for the visual modality). Segmentation by temporal binding ideally illustrates and implements the above requirements 1 (dynamic generation): each perceived object elicits its own, unique new combination of features); 4 (control of activation) and 6 (learning): neurons in different segments are not synchronized and they therefore do not cooperate in firing third neurons and are kept from being associated by synaptic plasticity.

Storage and retrieval of superimposed binding patterns is modeled in [25,52], even for the extreme case where the memory traces overlap in all their neurons and differ just in their internal binding, illustrating the above requirements 2 and 3 (storage and retrieval). This capability is an essential component in the following models of invariant recognition.

Invariant representation and recognition of objects and patterns is an important function of perception. It is required as a basis for associations that generalize over the infinite variety of sensory patterns that are created by any one external object or process. In vision, this variety is due to changes in retinal position, size, orientation, perspective, object deformation, illumination, background, partial occlusion and noise. Most theories assume that invariance is achieved with the help of a decomposition of sensory patterns into elementary features and wiring patterns that lead to the activation of central feature neurons that are unaffected by the variations to be generalized over [4]. From this principle, a binding problem arises. Since generalization is performed independently for each feature, information about neighborhood relations and relative position, size and orientation is lost. This lack of information can lead to the inability to distinguish between patterns that are composed of the same set of invariant features, though in different relative position, size or orientation. On a coarser level, the same binding problem arises whenever a stimulus is separately represented according to shape (‘what’) and position (‘where’), each generalizing over variations in the other. If several objects are present, a binding ambiguity arises, as discussed above [4]. The conflict between generalization and unambiguous feature relations can be resolved with the help of temporal signal correlations which are created on an early level of processing — where feature relations are still explicitly available — and which is handed on to the invariant feature neurons [24,53–58,59*]. Some of these models posit the existence of rapid reversible synaptic plasticity [24] as a medium for the storage, retrieval and processing of complicated binding structures. These models comply with requirements 1 (dynamic generation): specific bindings between corresponding neurons in the primary sensory domain and the memory domain are created anew for each stimulus pattern, even for the first pattern that ever hits the system [60*]; 2 and 3 (storage and retrieval), which take place in the memory domain; 4 and 5 (control of activation and specific interaction), essential for selective activation of memory traces on the basis of their topographical binding structure; and 6 (rapid learning) in that patterns can be recognized after one-shot learning.

Rapid learning. It is a great problem for Neural Networks as a paradigm for learning in the brain that they require unrealistic numbers of examples as soon as the input domain grows beyond a few hundred neurons [3]. In contrast, the above binding models for invariant pattern recognition, e.g., [56,59*], are trained by one-shot learning. Even the generalization to whole pattern classes from single examples has been demonstrated [60*]. This inspires hope that binding can decisively alleviate the learning time problem (requirement 6 above) also in broader contexts, although much more work needs to be done.

Other applications. The applications of (temporal) binding thus far discussed are but the tip of an iceberg and many more fruitful applications to problems of brain function are to be expected if early examples are taken as an indication: the more general application of binding mechanisms to the problem of scene representation is discussed in [61,62*]; applications to the problems of logical reasoning and language processing are introduced in [63,64*]; a theory of cortex as a compositional cognitive system is presented in [65*]; and for a discussion of the relevance of binding to the consciousness issue see [66,67].

Conclusion

We are in the middle of a scientific revolution the result of which will be the establishment of binding as a fundamental aspect of the neural code, on a par with the classical rate code. If successful, this revolution will lead to fruitful experimental paradigms beyond the current focus on the single cell, to more coherent concepts of brain function and perception and to the solution of many of the remaining problems in terms of explicit models. Binding mechanisms are an integral aspect of all known symbol systems — except in our current neural brain theories! All graphical symbols, for instance, are grouped by spatial arrangement, computer data structures rely on neighborhood in address space. However, in distinction to these passive symbol systems, the binding issue is complicated for the brain, as it has to rely on autonomous organization. As reviewed, some of this has by now been demonstrated in first concrete models. Much remains to be done, though, both on the theoretical and on the experimental side.

As to the binding mechanism based on temporal signal correlations, its great advantage — being undemanding in terms of structural requirements and consequently ubiquitously available and extremely flexible — is offset by its quantitative limitations due to the limited bandwidth of neural signals. However, even if only a tiny fraction of all bindings in the nervous system are handled by temporal signal synchrony it may still play a central role for the brain’s function, forming the basis for the tremendous flexibility that is one of its most puzzling aspects.

References

[1] Rumelhart DE, McClelland JL, eds: Parallel Distributed Processing: Explorations in the Microstructures of Cognition, Vol. I. Cambridge, Massachusetts: MIT Press; 1986.

[2] Fodor JA, Pylyshyn ZW: Connectionism and cognitive architecture: A critical analysis. Cognition 1988, 28: 3–71.

[3] Geman S, Bienenstock E, Doursat R: Neural networks and the bias/variance dilemma. Neural Computation 1992, 4: 1-58.

[4] Rosenblatt F: Principles of Neurodynamics: Perceptrons and the Theory of Brain Mechanisms. Washington, D.C.: Spartan Books; 1961.

[5] Treisman AM, Gelade G: A Feature Integration Theory of Attention. Cognitive Psychology 1980, 12: 97–136.

[6] von der Malsburg C: Synaptic plasticity as basis of brain organization. In The Neural and Molecular Bases of Learning. Dahlem Konferenzen. Edited by Changeux JP, Konishi M. Chichester: John Wiley & Sons; 1987: 411–431.

[7] Barlow HB: Single Units and Sensation: A Neuron Doctrine for Perceptual Psychology. Perception 1972, 1: 371–394.

*[8] Salzman CD, Newsome WT: Neural mechanisms for forming a perceptual decision. Science 1994, 264: 231–237.

A direct experimental link is established between the activity of single neurons and the animal’s psychophysical reaction, thus exemplifying Barlow’s dogma.

[9] Oram MW, Perrett, DI: Modeling visual recognition from neurobiological constraints. Neural Networks 1994, 7: 945–972.

[10] Hinton GEA: A parallel computation that assigns canonical object-based frames of reference. In Proceedings of the Seventh International Joint Conference on Artificial Intelligence, Vancouver BC, Canada, Vol 2., August 1981: 683–685.

[11] Touretzky DS, Hinton GEA: A Distributed Connectionist Production System. Cognitive Science 1988, 12: 423-466.

[12] Dolan CP, Smolensky P: Tensor product production system: a modular architecture and representation. Connection Science 1989, 1: 53–68.

[13] Lange TE, Dyer MG: High-level inferencing in a connectionist network. Connection Science 1989, 1: 181–217.

[14] Smolensky P.: Tensor product variable binding and the representation of symbolic structure in connectionist systems. Artificial Intelligence 1990, 46: 159–216.

[15] Tomabechi H, Kitano H: Beyond PDP. The frequency modulation neural network approach. In Prodeedings of the Eleventh International Joint Conference on Artificial Intelligence. Morgan Kaufmann; 1989.

[16] Barnden JA, Srinivas K: Encoding techniques for complex information structures in connectionist systems. Connection Science 1991, 3: 263–309.

[17] Feldman JA: Dynamic connections in neural networks. Biol. Bybern. 1982, 46: 27–39.

[18] Jacobs RA, Jordan MI, Nowlan SJ and Hinton GE: Adaptive mixtures of local experts. Neural Computation 1991, 3: 79–87.

[19] Dev P: Perception of depth surfaces in random-dot stereograms: A neural model. Int. J. Man-Machine Studies 1975, 7: 511–528.

[20] Phillips WA, Hancock PJB, Willson NJ, Smith LS: On the acquisition of object concepts from sensory data. In Neural computers. Edited by Eckmiller R, v.d. Malsburg C. Berlin, Heidelberg: Springer; 1988: 159–168.

*[21] van Essen DC, Anderson CH, Olshausen BA: Dynamic routing strategies in sensory, motor, and cognitive processing. In Large scale neural theories of the brain. Edited by Koch C and Davis J. Cambridge: MIT Press; 1994.

A switch-yard of connections under presynaptic control transfers neural signals between areas while preserving the topographical structure of patterns. Thus, large groups of neurons can interact on the basis of their inner structure.

*[22] Abeles M, Bergman H, Margalit E and Vaadia E: Spatiotemporal firing patterns in the frontal cortex of behaving monkeys. Journal of Neurophysiology 1993, 70: 1629–1638.

The abundant repitition of precise temporal patterns in the awake behaving monkey, totally unexpected for random signals on merely statistical grounds, shows that the brain can process temporal signal structure reliably.

*[23] Bair W and Koch C: Precision and reliability of neocortical spike trains in the behaving monkey. CNS*94 Conference, Monterey, CA. 1994.

The temporal structure of visual stimuli reliably controls the temporal activity structure of neurons several synaptic generations down the visual pathway. This work is based on previously published experimental data (Newsome WT, Britten KH, Movshon JA. Nature 1989, 341: 52–54).

[24] von der Malsburg C: The Correlation Theory of Brain Function. Internal Report 81-2, Abteilung für Neurobiologie, MPI für Biophysikalische Chemie, Göttingen, 1981. Reprinted in Models of Neural networks II, Ch. 2. Edited by Domany E, van Hemmen JL, Schulten K. Berlin: Springer; 1994: 95–119.

[25] von der Malsburg C: Nervous Structures With Dynamical Links. Ber. Bunsenges. Phys. Chem. 89 (1985) 703–710.

[26] Legéndy CR: The brain and its information trapping device. In Progress in Cybernetics Vol. 1. Edited by Rose J. New York: Gordon and Breach; 1970: 309–338

[27] Milner PM: A model for visual shape recognition. Psychological Review 1967, 81: 521–535.

*[28] Softky W and Koch C: The highly irregular firing of cortical cells is inconsistent with temporal integration of random EPSP’s. J. Neurosci. 1993, 13: 334–350.

A simple model demonstrates that the generation of regular spike trains in cortical tissue would be an easy affair with the help of integrate-and-fire neurons. In consequence, cortical cells must be dominated by short integration times in order to produce the rapid signal fluctuations observed.

*[29] König P, Engel AK: Correlated firing in sensory-motor systems. Current Opinions in Neurobiology, this volume.

A review of experimental evidence for the existence of rapidly fluctuating or oscillating neural signals that could play a role for a temporal binding mechanism. Some of these signals can be interpreted as performing feature binding.

*[30] Softky WR: Simple codes vs. efficient codes. Current Opinion in Neurobiology 1995, 5: 239–247. Reply: Shadlen M and Newsome W: Is there a signal in the noise? ibid.: 248–250

The currently last stage of a discussion whether the rapid neural signal fluctuations observed in cortical tissue could possibly play a systematic role in brain function. The conclusion so far is that temporal structure can be deterministically handed on from one group of neurons to the next, but the effective integration time is still under debate.

[31] Murthy VN, Fetz EE: Coherent 25- to 35-Hz oscillations in the sensorimotor cortex of awake behaving monkeys. Proc. Natl. Acad. Sci. USA 1992, 89: 5670–5674.

[32] von der Malsburg C, Buhmann J: Sensory Segmentation with Coupled Neural Oscillators. Biological Cybernetics 1992, 67: 233-242.

[33] Rock I, Palmer S: The legacy of Gestalt psychology. Scientific American 1990, 263: 84-90.

[34] Sarkar S, Boyer KL: Perceptual organization in computer vision: a review and a proposal for a classificatory structure. IEEE Trans. Syst. Man Cybern. 1993, 23: 382– 399.

[35] Kammen DM, Holmes PJ and Koch C: Origin of oscillations in visual cortex: Feedback versus local coupling. In Models of Brain Functions. Edited by Cotterill RMJ. Cambridge: Cambridge Univ. Press; 1989: 273–284.

[36] Sporns O, Gally JA, Reeke Jr. GN and Edelman GM: Reentrant signaling among simulated neuronal groups leads to coherencey in their oscillatory activity. Proc. Natl. Acad. Sci. USA 1989, 86: 7265–7269.

[37] König P, Schillen TB: Stimulus-Dependent Assembly Formation of Oscillatory Responses: I. Synchronization. Neural Computation 1991, 3:155-166.

[38] Grannan ER, Kleinfeld D, Somplinsky H: Stimulus-dependent synchronization of neuronal assemblies. Neural Comput. 1993, 5: 550–569.

[39] Chawanya T, Aoyagi T, Nihikawa I Okuda K and Kuramoto Y: A model for feature linking via collective oscillations in the primary visual cortex. Biol. Cybern. 1993, 68: 483–490.

[40] Borisyuk G, Borisyuk R, Kazanovich Y, Strong G: Modeling the binding problem and attention by synchronization of neural activity. SPRANN’94 IMACS International Symposium on Signal Processing, Robotics and Neural Networks, Lille, France, April 1994.

[41] von der Malsburg C, Schneider W: A Neural Cocktail-Party Processor. Biol. Cybern. 1986, 54:29–40.

[42] Reitboeck HJ, Eckhorn R, Pabst M: A model of figure/ground separation based on correlated neural activity in the visual system. In Synergetics of the Brain. Edited by Haken H. Berlin, Heidelberg, New York: Springer; 1987: 44–54.

[43] Baldi P, Meir R: Computing with Arrays of Coupled Oscillators: An Application to Preattentive Texture Discrimination. Neural Comp. 1990, 2:458–471.

[44] Wang DL, Buhmann J, von der Malsburg C: Pattern Segmentation in Associative Memory. Neural Comp 1990, 2:94–106.

[45] Grossberg S, Somers D: Synchronized oscillations during cooperative feature linking in a cortical model of visual perception. Neural Networks 1991, 4: 453–466.

[46] Hopfield JJ: Olfactory computation and object perception. Proc. Natl. Acad. Sci. USA 1991, 88:6462–6466.

[47] Sompolinsky H, Golomb D, Kleinfeld D: Cooperative dynamics in visual processing. Phys Rev A 1991, 43: 6990-7011.

[48] Sporns O, Tononi G, Edelman GM: Modeling perceptual grouping and figure-ground segregation by means of active re-entrant connections. Proc. Natl. Acad. Sci. USA 1991, 88:129–133.

[49] Murata T, Shimizu H: Oscillatory binocular system and temporal segmentation of stereoscopic depth surfaces. Biol. Cybern. 1993, 68: 381–390.

[50] Terman D, Wang DL: Global competition and local cooperation in a network of neural oscillators. Physica D 1995, 81: 148–176.

*[51] Vorbrüggen JC: Zwei Modelle zur datengetriebenen Segmentierung visueller Daten. Thun, Frankfurt: Harri Deutsch Vol. 47; 1995.

The first paper demonstrating visual segmentation in camera images and image sequences with a neural system based on temporal binding. The system achieves sub-modality fusion (gray-level and motion information).

[52] von der Malsburg C Bienenstock E: A neural network for the retrieval of superimposed connection patterns. Europhys. Lett. 1987, 3: 1243–1249.

[53] Bienenstock E, von der Malsburg C: A neural network for invariant pattern recognition. Europhys. Lett. 1987, 4: 121–126.

[54] von der Malsburg C: Pattern recognition by labeled graph matching. Neural Networks 1988, 1: 141–148.

[55] Hummel JE, Biederman I: Dynamic binding in a neural network for shape recognition. Psychological Review 1992, 99: 480–517.

[56] Reiser K: Learning persistent structure. PhD Thesis, Univ. of South. California, Los Angeles. Res. Report 584, Hughes Aircraft Co., 3011 Malibu Canyon Rd. Malibu, CA 90265; 1991.

[57] Konen W, Vorbrüggen JC: Applying dynamic link matching to object recogntion in real-world images. In Proceedings of the International Conference on Artificial Neural Networks. Edited by Gielen S, Kappen B. London: Springer; 1993: 982–985.

[58] W. Konen, Th. Maurer and C.v.d.Malsburg: A fast dynamic link matching algorithm for invariant pattern recognition. Neural Networks 1994, 7: 1019–1030.

*[59] Würtz RP: Multilayer dynamic link networks for establishing image point correspondences and visual object recognition. Thun, Frankfurt: Harri Deutsch Vol. 41; 1995.

Invariant recognition of objects (human faces) in gray-level images with a neural model based on temporal binding and rapid reversible synaptic plasticity.

*[60] Konen W, von der Malsburg C: Learning to generalize from single examples in the dynamic link architecture. Neural Comp. 1993, 5: 719–735.

The system learns to classify mirror symmetric pixel patterns according to symmetry axis. One example per class suffices for training. (A previous Neural Network model needed ca 40,000 examples to achieve comparable performance.) The system achieves this by systematically processing bindings to discover and represent relations between corresponding mirror points.

[61] von der Malsburg C: A neural architecture for the representation of scenes. In Brain Organization and Memory: Cells, Systems and Circuits. Edited by McGaugh JL, Weinberger NM, Lynch G. New York: Oxford University Press; 1990: 356–372.

*[62] Goebel R: Perveiving complex visual scenes: An oscillator neural network model that integrates selective attention, perceptual organisation, and invariant recognition. In Advances in Neural Information Processing Systems 5. San Mateo, CA. Edited by Giles CL, Hanson SJ, Cowan JD. Morgan Kaufmann Publishers; 1993.

Although working on simple synthetic data only, the model gives an idea of how different subsystems could be integrated in the visual system. See also his PhD Thesis, Univ. of Braunschweig, 1995 (in German).

[63] Ajjanagadde V, Shastri L: Rules and Variables in Neural Nets. Neural Computation 1991, 3: 121–134.

*[64] Henderson J: Connectionist syntactic parsing using temporal variable binding. J. of Psycholinguistic Research 1994, 23: 353–380.

The model uses temporal binding to combine the strengths of connectionist and symbol processing systems.

*[65] Bienenstock E: A model of neocortex. Network 1995, 6: 179–224.

A detailed theory of cortical dynamics in terms of the creation and interaction of synfire chains.

[66] Crick F, Koch C: Towards a neurobiological theory of consciousness. Sem. Neurosci. 1990, 2: 263–275.

[67] Llinás R, Ribary U, Joliot M, Wang XJ: Content and context in temporal thalamocortical binding. In Temporal Coding in the Brain. Edited by Buzsáki G et al. Berlin Heidelberg: Springer Verlag; 1994: 251–272.

Author’s address:

Dr. Christoph von der Malsburg Institut für Neuroinformatik Ruhr-Universität Bochum D-44780 Bochum Germany Tel +49-234-700-7997 Fax +49-234-709-4210 e-mail uta@neuroinformatik.ruhr-uni-bochum.de