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Today we use the basic equations of neura networks with such familiarity that we often don't think about
the many assumptions that go into them. This may be due to the much grester acceptance of neurd
networks now than when these equations were introduced 20 to 40 years ago, when they represented a
radica paradigm shift. Having had the privilege of introducing severd of these equations into the literature, |
thought it might be of interest to review the conceptua foundations on which they are based, partly because
the full implications of these hypotheses have Hill not been fully exploited.

One such eguation is the learning law for an adgptive weight or long-term memory trace z(t) (also
sometimes denoted by w(t) or m(t)):

dz/dt = f(x)[- Az+g(Y)],

where x is the activity of a presynaptic (or postsynaptic) cell, v is the activity of a postsynaptic (or
presynaptic) cdl, and z is the adaptive weight a the synapse of an intervening pathway, or axon. This
goparently smple equation was, for example, used to introduce Sdf-Organizing Maps (Grossberg, 19764,
1976b, 1978; Kohonen, 1982, 1984), Adaptive Resonance Theory (Carpenter and Grossberg, 1987;
Grossberg, 1976¢, 1980), and Counter Propagation networks (Grossberg, 1976b; Hecht-Nielsen, 1987),
among other modds, and variants of it have been used to model neurophysiologica data about the
hippocampus and visua cortex (e.g., Artolaand Singer, 1993; Levy, Brassdl, and Moore, 1983; Levy and
Desmond, 1985; Singer, 1983), among other structures.

Although the equation is mathematicaly smple, it represented aradica break with a number of traditionsin
psychology, neuroscience, and artificid intdligence when | firgt derived it as a sudent in 1958. The size of
this bresk helps to explain why the equation, and variants thereof, took a decade to get published in the
scientific literature (e.g., Grossberg, 1969a, 1969b, 1972c, 1974) — but that it another story — and why it
took more than a decade more to start being used frequently in the neurd network literature, where it goes
by such varied names as the outstar learning law, the ingtar learning law, the gated stegpest descent law,
Grossherg learning, Kohonen learning, and mixed Hebbiarvanti-Hebbian learning. | will use the
mathematicaly most decriptive term, gated steepest descent, to discussit below.

At least four mgor hypotheses, or research themes, are embodied by the gated steepest descent law:

I. Real-Time Processing. When gated steepest descent was first introduced, the very fact that it was
represented by a differentia equation was consdered highly controversid. This was o, in part, because
most researchers of mind, brain, and atificid inteligence were not familiar with thinking about how learning
evolves in an individud learning subject (or system) moment-by-moment in red time. Resistance from many
experimentaists was great because they were not comfortable thinking in terms of models & al, let done
models that used mathematics in a substantive way. Such resistance gill exists today, but with the advent of
the connectionist cognitive science and computational neuroscience movements, it has abated in the
intervening years. | have e sawhere written about some of the historical factors that, | believe, contributed to
the ferocity of this resstance by experimentalists for amost a century (e.g., Grossberg, 1980, Section 1;
Grossberg, 1982, Introduction; Grossberg 1988, Sections 1-5).



Resstance was paticularly great from practitioners of Artificid Intdligence, whose emphasis on symbolic
processing by a serid computer was carried to an dmost rdigious fervor in those days. Many neurd
network researchers are now aware how the opposition of the Al researchers Marvin Minsky and Seymour
Papert to Perceptrons inhibited the development and acceptance of al neura network idess for two
decades. These Al researchers did not understand that neural networks could be used to learn how
symbols form using a continuous description of the learning process. By now, Al has dso begun to
incorporate neura networks into its research program, and various new agorithms synthes ze concepts from
neura networks, expert production systems, and even fuzzy logic. One such dgorithm is Fuzzy ARTMAP
(Carpenter et al., 1992). It is thus no longer possible to credibly argue that neurd networks can just do A
and expert production systems can just do B, where A and B have digoint capabilities.

Resigtance was a0 great from other behaviord and neura modelers. In psychology, the reigning learning
model at the time was the Stimulus Sampling Theory of William Egtes (e.g., Atkinson and Egtes, 1963). This
theory used finite Markov chains to describe learning as a process by which abstract stimulus features are
transformed from an unlearned date to a learned date by a “simulus sampling operation”. Here the
emphasis was on gatigica data from groups of subjects learning in discrete time, and not on learning by an
individua subject in red time. This movement ultimately hit a brick wall because of this limited pergpective.
Many respected neural modelers aso used discrete time models, particularly those whose models grew out
of linear algebra, asin the early models of Jm Anderson and Teuvo Kohonen.

In my own work, a red-time network framework was identified, after an intense intdlectua struggle, to
explain daa about human and animd learning. One early andyss focused upon how associations are
learned among events that occur sequentidly in time, a process that is of equa importance in biology and
technology. Even in the 1950's, there were plentiful data about how such learning occurs in humans and
animds. | was particularly drawn to the bowed serid postion curve of human verba learning and anima
discrimination learning. This bow says that, when a list of events is learned under gppropriate conditions,
associations near the beginning and end of the list are easiest to learn, and those near the middle are hardest
to learn, much as we can often more easily remember how sequences of events begin and end, whereas the
detalls in the middle may be muddled. Incorrect learned associations near the beginning of the list tend to be
learned in the forward direction in time, whereas incorrect associations near the end of the list tend to be
learned in the backward direction in time (!). In addition, the distribution of these learning errors depends
upon the rate with which the events are presented.

Anayzing how “time” could run both forwards and backwards, and how learned errors could be distributed
across many list everts in both the forwards and backwards directions forced me into a continuous time
description of learning dynamics within a neurd network (e.g., Grossberg, 1969¢c; Grossberg and Pepe,
1971), which represented aradical bresk with classcal ideas about the internal representation of space and
time; see Grossberg (1974, Section I1; 1982a) for reviews. At about the same time, | redlized that same
laws could dso explain a lot of data about anima learning, both classcd (or Pavlovian) learning and
ingrumenta (or Skinnerian) learning (e.g., Grossberg, 1971, 1972a, 1972b, 1975). Both types of learning,
moreover, used variants of gated steepest descent.



The fact that both cognitive data from humans and reinforcement data from animas could be explained by
the same set of laws motivated me to derive them from generd principles; eg., Grossberg (1972b; 1974,
Section I1). | caled this modd the Additive Model because it adds up nonlinear contributions to the neuron
activity. The Additive Mode was used for many gpplications since the 1960's, including the introduction of
Sdf-Organizing Maps (see below). Because new contributors to the field often entered it without ever
reading its formative literature, they sometimes misname this model the “continuous Hopfield modd”, after
Hopfidd sfirst use of it in 1984 (Hopfield, 1984), despite the fact that the Ligpunov function for this model
had dso earlier been discovered and generdized (e.g., Cohen and Grossberg, 1983) based on globa
Ligounov methods that | introduced in the 1970's, see Grossberg (1988, Section 9) for a review. |
therefore think that the term Additive Mode best reflects the history leading to this modd!.

Many neural modelers even today have not squarely faced key issues about red-time learning. In particular,
real-time learning laws cannot achieve their maximum power unless they are embedded within architectures
which enable learning to remain stable through time, free from catastrophic forgetting, particularly when the
amount of data becomes large and can change its Satistical properties through time. The popular and useful

Back Propagation and Sdf-Organizing Map models do not have this property. In my own work, this
redization came forcefully to me in the early 1970's through the following events. In the 1960's and early
1970's, | showed that one needed to combine associative and competitive processes to get good redl-time
learning results; e.g., Grossberg (1972c). Even this was highly nonobvious in those days. von der Masburg
then adapted the Additive Modd that | used in Grossberg (1972c) to introduce the first Self-Organizing
Map (von der Malsburg, 1973). This was, of course, a mgor contribution. As | have reviewed esewhere
(e.g., Grossherg, 1987), Masburg's model was, however, neither red-time nor locd. Based on my earlier
theorems about associative learning and on-center off-surround feedback networks, | was able to show in
Grossberg (1976a, 1976b, 1978a) how to define red-time and locd Sdf-Organizing Maps, and
mathematicaly proved various of their properties (eg., Baysan tracking of feature dendty and sdf-
normdization by the adaptive weights) that are still used today. | dso generdized the scope of the model

from Mdsburg's famous example of sdf-organized orientation maps in visud cortex to maps that could
categorize arbitrary data Structures as part of a process of “universa recoding’.

After deriving these positive results, however, | showed, by example, how easily the learned map categories
could be destabilized in a dense and changing input environment. Adaptive Resonance Theory was
introduced to self-tabilize the learning of these maps (e.g., Grossberg, 1976¢, 1978a, 1980). A lot of work
has since been done (e.g., Carpenter and Grossberg, 1991) to build ever-stronger ART modds, but many
researchers are gill working with modds whose learning becomes ungtable when it takes place in an
informationtrich world whose datigtical rules can change through time. | believe that the time is ripe to
incorporate self-gabilizing mechanisms more broadly into our learning architectures, in order to more fully
redlize the promise of red-time processing.

2. Nonlinear Processing. The gated steepest descent law is aso nonlinear. Many people were, a firs,
opposed to using nonlinear processing. One notable example concerned the Brain-State-in-a-Box (BSB)
modd of Anderson et al. (1977). Jm Anderson had adways tried to keep his models as linear as possible,
garting with his linear associator modes. | very much shared this perspective, because | believed that one
should dways derive the smplest, indeed the minima, modd that is consstent with the task a hand. In this



spirit, my derivations of the Additive Mode emphasized the need to keep the modd as linear as possble;
e.g., Grosshberg (1974, Section IIE).

On the other hand, many modes introduced insufficient nonlinearity to achieve crucid computationa
properties. For example, the BSB mode amplified noise as part of its effort to carry out a winner-take-dl
operation. | had earlier proved how to design a winner-take-al network that suppressed noise (Grossberg,
1973), and critiqued the BSB modd accordingly (Grossberg, 1978b). My network combined the shunting
nonlinearity of neuronad membrane equations with on-center off-surround feedback interactions. Using this
network, | aso proved how to get another property that BSB could not achieve; namely, the property of
partid contrast (what Kohonen cdled “bubbles’ a decade later) by using a Sgmoid signd function. This
property was used to get the ordering property of Self-Organizing Maps. Such experiences made meredize
that introducing the right nonlinearities could be crucid for achieving important computationa properties.

Over the past 30 years, mathematica theorems have demondrated how carefully chosen nonlinear
feedback processes can generate basic properties like noise suppresson, automaticaly gain-controlled
normdization, winner-take-al or partid choice, sable learning, unbiased associdive pattern learning, fast
synchronous processing, and the like. Despite successes of this kind, many researchers in the fied ill do
not use enough nonlinear feedback in their work. Thet is one reason, | beieve, why many researchers il
use learning models that suffer catastrophic forgetting. Without an gppropriate type of nonlinear top-down
learned feedback, one cannot escape this ingtability in response to a nongtationary input environment. Many
behaviora and brain data are now implicating a particular type of ART top-down feedback circuit to
achievethisgod; see Chey et al. (1997), Gove et al. (1995), Grossberg (1995, 1997), and Grossberg and
Merrill (1996) for some recent uses of this circuit. This convergence suggests that a ample type of top-
down on-center off-surround feedback circuit may provide alot of additiona computational power.

3. Paralld Processng and Stimulus Sampling. The gated steepest descent law embodies a type of
“dimulus sampling” operation that enables cdls to sdectivey process information only when they are
aufficiently active. When | introduced this concept into the neura network literature, |1 had been motivated in
part by the work of Estes and his colleagues on Stimulus Sampling Theory. In addition, andyses of many
learning situations made it clear that a sampling operation was essentia in order to achieve effective paralle
processing of information in red time. Without such an operation, too many cells could unsdectively learn
about events with which they were not temporadly correlated. Many cognitive science and Al practitioners
thought, instead, in terms of seria processing, and this dowed down the acceptance of a sampling operation
that could achieve task-dependent sdectivity in apardle processng environment.

At least two implications of this type of pardld processng are dill of current interest: synchronization and
the microanatomy of associdtive learning. The synchrony issue is discussed in Section 4. The microanatomy
issue concerns the need to dissociate read-out of previoudy learned information from a syngpse, and read-
in of new information to the synapse. The nonlinear sampling function f(x) of the learning law is necessary,
but not sufficient, to achieve this dissociation. Such a dissociation is needed to prevent learning from being
destahilized by a flood of irrdevant sgnds and noise in a complex pardlel processng environment. In
particular, | clam that a network should be designed to read-out information whenever the presynaptic
ggnds are srong enough, but to read-in information only after it has undergone a context-sendtive



cooperative-competitive decison process. The case of Sdf-Organizing Maps provides a classcd example
of this. Other examples include reinforcement learning. In various of these examples, | predicted that
retrograde spikes from cell bodies to their dendrites could be used as a teaching sgnd (e.g., Grossberg,
1975, Figure 24; Grossberg, 1982b, Figure 16; Grossberg and Merrill, 1992; Grossberg and Schmajuk,
1987). The basic idea is that loca read-outs of learned associations from syngpses onto cell dendrites get
accumulated a the cdl bodies, which then interact via cooperative-competitive feedback processing across
the whole network of cells. The winning cdlls can then ddiver the most effective retrograde spikes up their
dendritic trees to trigger further learning at their dendritic synapses. Recent data have tended to support this
prediction (Christie, Magee, and Johnston, 1996), and how this process is accomplished by the brainisa
topic of great current interest in experimental neuroscience. | believe that using the read-in-out dissociation
property can dso help to sahilize learning in aparale processng environmen.

The dissociation property has been implicitly used since the introduction of gated steepest descent, without
making explicit use of dendritic soikes. This has typicaly been achieved by redizing the learning process
dgorithmicdly, rather than in red time. For example, the indar verson of the law (where x represents
postsynaptic activity and y presynaptic activity) enables cells which survive a competitive process to sample
only the input patterns that enabled them to win the competition. The outstar verson of the law (where x
represents presynaptic activity and y postsynaptic activity) then enables an active cdll to learn and recdl a
digtributed pattern of sampled information. The indar law was used to define a Sdf-Organizing Mgp in
Grossberg (1976a, 1976b, 1978a) and Kohonen (1982, 1984). The outstar law has been used even longer
for associdive learning, including learning of tempordly occurring sequences of events (e.g., Grossberg,
1969c) and learning of spatidly distributed information (e.g., Grossberg, 1968, 1969b). Both laws were
brought together to learn “counter propagation” maps in Grossberg (1976b) to show how “universal
recoding” (viz., mapping from an arbitrary mdimensiond input to an arbitrary ndimensond output via a
learned category node) could be achieved. Hecht-Nielsen (1987) later gave the counter propagation model
its name, generdized it to a verson with feedback, and used it to work out some interesting applications.

The difference between the dates 1976 and 1987 is of higtorical interest, because in the interim, Rume hart,
Hinton, and Williams published their article on back propagation, which had earlier been discovered a
various times by Shun-Ichi Amari, Paul Werbos, and David Parker. Many advocates of backpropagation
clamed that earlier neurd networks could not learn such maps. Aswith so many other clams about the field
at thistime, this one was aso incorrect. In fact, the ingtar and outstar laws were dso both used to introduce
ART (eg., Grossberg, 1976¢ and later, Carpenter and Grossberg, 1987). Here the ingtar law learns the
bottom-up adaptive filter weights and the outstar law learns the top-down expectation weights. In my 1976
“universal recoding” papers (Grossherg, 1976b, 1976c), the basic ideawas to use indtars and outstarsin an
ART module to learn a self-gabilizing category map in response to m-dimensiond input vectors, and then to
use the stable category nodes to sample and learn n-dimensiond output vectors using outsars.

When | firgt introduced gated steepest descent in the 1960’ s (e.g., Grossberg, 1969b; 1974, Section VI), |
described it as “perfect memory until recal” learning, since it dlows memory to remain unchanged until a
sampling gate opens, whereupon learning and forgetting can resume. This idea helped to explan how
memories can last o long without a loss of future plagticity. It was my first example of how to ded with the
stability-plasticity dilemma.. This issue raised the question of how to design an architecture in which the



learning gate does not open at ingppropriate times, which could cause catastrophic forgetting. This road led
to ART as well as to the read-in-out dissociation property. It provides a good example, | think, of how a
ample learning equation can force one to think about more globa architecturd issues, that are il being
worked out today, 30 years after the law was introduced.

4. Spatial Pattern Learning and Synchronization. Gated steepest descent fully made sense to me only
after | had proved some theorems showing that “the unit of long-term memory isa spatid pattern”; in other
words, that the functiona unit of learning, both in the ingtar and outstar modes, is a distributed pattern of
activation across a network, and that network design should be aimed at controlling the transformation of
these distributed petterns through time. This mathematica result grew out of the intuition that the brain is
designed to achieve behavioral success, and that the functiona processing units that determine behaviora
success are often distributed activation patterns. It is hard now to express how radica this idea seemed in
the late 1950's when | started using it to modd human and animd learning data It took until the 1960’ s for
me to rigoroudy prove that the functiond unit is a distributed activation pattern, both during both tempora
learning (e.g., Grossberg, 1969¢) and spatid learning (e.g., Grossberg, 1968, 1969b). This fact is now
taken so much for granted that many people seem not to redize that it was conddered a mgor discovery
not so very long ago. Perhaps partly for that reason, even today various of its implications have not been
fully developed.

One implication of the fact that distributed spatia paiterns are the units of learning is that synchronous
processing is needed to define these patterns. This issue was raised dready in the 1960's by my theorems
on asociative pattern learning and was discussed in terms of “order-preserving limit cydes’ inthefirg ART
paper (Grossherg, 1976¢). How synchronous processing is achieved in the brain is Hill a topic of great
current interest both experimentaly (eg., Eckhorn et al., 1988; Gray and Singer, 1989) and in models
(eg., Bad and Meir, 1990; Eckhorn et al., 1989; Grossberg and Somers, 1991; Grunewad and
Grossberg, 1997; Konig and Schillen, 1991; Terman and Wang, 1995).

Another implication of spatia processng is that the same learning law should incorporate both Hebbian and
non-Hebbian properties, as has been increasingly supported by neurd data during the past fifteen years.
Hebbian learning only alows adaptive weights to increase; this leads to either weight saturation or explosion.
Anti-Hebbian learning only dlows adaptive weights to decrease; this eventudly leads to a collgpse of
processing. The gated steepest descent law alowed adaptive weights to either increase or decrease in order
to track the activation paitern while the sampling source was active. Although this law was avalable when
von der Mashurg was introducing his verson of the Sdf-Organizing Map, he used instead a purely Hebbian
learning law. It was this choice that led him to give up red-time and loca processing in order to learn the
map. Restoring this law was one of the steps that enabled me to define a red-time locd Sdf-Organizing

Map.

The sglection of alearning law thus needs to be done in parallel with the design of the information processng
architecture in which it lives. This proposa runs counter to beliefs that are till held in cognitive science and
Al, wherein it is often thought that an information processng architecture can be designed first, and that
learning can be tacked on later. Many examples now show that learning laws which might be suitable in one
type of architecture might be the wrong laws for a different type of architecture. For example, the learning



laws for sensory and cognitive processes, as in the ART modd (e.g., Carpenter and Grossberg, 1987), are
often computationaly complementary to the learning laws for spatia and motor processes, asin the VAM
mode (Gaudiano and Grossberg, 1991). This conclusion is dso contrary to the belief that a single type of
learning architecture, such as Back Propagation or Self-Organizing Maps, can be adapted to solve al of our
problems. Thinking deeply about the conceptua foundations that support each of our equations — in
particular, knowing and understanding the intellectua struggles that led to their discovery — can help usto
better define their gppropriate uses and limits, as well as to discover the additiona concepts that will be
needed to make further progress in our work. | hope that the above review has clarified how issues raised
by the steepest descent learning law are till being developed, more than 30 years after its discovery.
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