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A COMPUTATIONAL APPROACH TO HIPPOCAMPAL
FUNCTION

William B Levy

I. Introduction

This article presents the early, formative stages of a theory of hippo-
campal function, This theory, while stimulated by the psychological ob-
servations indicating a role for the hippocampus in short-term working
memory and spatial behavior, develops mainly through consideration of
computational issues. These computational issues are related to the psy-
chological viewpoint through physiological and anatomical observations.
The critical anatomy which dominates our thinking about the hippocam-
pus is shown in Fig. .

In the theory presented here, the hippocampus participates in the pre-
diction of future representations based on past and present representa-
tions. All three classes of representations are derived from a multiplicity
of sensory modalities, such as auditory, visual, and olfactory signals from
neo- and piriform cortices. This fusion of sensory modalities requires re-
coding because of computational complexity problems.

Figure 2 relates the functional groupings used to explain the theory of
hippocampal function to the cells of the hippocampus and entorhinal
cortex.

The CAl region of the hippocampus is postulated to be a prediction-
generating layet or tier. This region produces a prediction based on its
input from hippocampal region CA3.

The combined hippocampal dentate gyrus/CA3 (DG/CA3) system is
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mon's horn (cornu Amrnonis) of the hippocampus, DG is the hippecampal dentate gyrus,

EC is entorhinal cortex, and 1.17 and 1.11J are tayers II and 11 of EC. Copyright © 1989 by
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postulated to be a preprocessor serving the CAl prediction layer. This
preprocessor is the focus of the chapter. Computational complexity con-
siderations imply the utility of such recoding as part of signal mixing.
That is, from a computational perspective, this preprocessor decreases
the statistical dependency of individual representations and increases the
similarities between successive representations. These changes al low the
CAl prediction layer to create more accurate predictive repre sentations
and predictive representations which predict further into the future,
The computational complexity problems arise from the combinatorial
explosion of possible representations resulting when the hippocampus
and supporting limbic structures mix representations from multiple sen-
sory modalities. These problems are particularly difficult because both
the mixed and unmixed representations occur as sequences which contain
information beyond that found within the individual representations.

A
roces Preprocessor
Predicted Conditioning

Variable " . Varigble_

' Prediction
Tiar

Fig. 2. A juxtaposition of the proposed comput_ational medel, B, with_:ts analorm;al
basis. A. Note that the major subdivisions of the hlppocai\mpus a_n.d entorhinal c_ortexo e-
picted in A do not always correspond precisely to the functional units of the mode! m'B. o ne
reason for this imprecise correspondence is that neurons are mulucol'nparlmented b;se 1::“
their segregation of affercnt termination zones. Layer 11 of the entorhinal co:;lfe:;..l .the n;'i:io:.
gyrus, and the distal CA3 dendritic region correspond 10 tI:ne preprocessor of the ?:helcm
ing variable. Layer 111 of the entorhinal cortex and lr'nc distal _dcndnuc rcgl(_mbll:o the CAT
pyramids correspond to the preprocessor for the predicted variable. The variable _;: ayTh
sides within the CA3 region. The prediction lier correspol?ds to the CAI‘ pyramids. ble
theory presented here leads up 1o and discussc_s preprocessing of thf: condltlonu;g \{Nar::n a;
but does not explore preprocessing of the predicted variable. Copyright © 1989 by Willi

B Levy.
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A major problem is explaining how the hippocampus computes predic-
tions abou! these sequences in the face of this combinatorial explosion.
The solution advanced here is the generation of an optimal approximate
prediction by CAl. The form of this computation is specified by an axi-
omatic theory of inference called minimum relative entropy (MRE) and
by the nature of synaptic modification at the CA3-CA1 synapses. With
the specification of a CAl computation, a desirable preprocessing compu-
tation can then be inferred.

The preprocessing computation, a hypothesized function of the DG/
CA3 region, produces two results: (1) the reduction of the intrinsic statis-
tical dependency of the CA3 representations. and (2) a variable time shift-
ing of representations which allows predictions to be generated before the
event being predicted.

Thus, two problems—time-shifting and complexity—are solved with
one preprocessing network. This proposed dual functionality combines
with the CAl prediction function to contribute a theory of hippocampal
function in small animals which relates to the theory of hippocampat func-
tion in humans. This is true because the network under consideration dy-
namically represents the present, recent past, and the future. The ability
to represent all three time frames seems to be a functional requirement
for a working short-term memory. As a result, this computational theory,
based on anatomy and physiology, can exist along with psychological the-
ories of hippocampal function for both rats and humans.

The chapter is divided into six sections. Section II provides back-
ground for bridging the gap between rat and human hippocampal theories
and points out that evolutionary pressure for efficient spatial behavior is
also pressure for sensory mixing to form representations and sequences
of representations and pressure for accurate prediction of future repre-
sentations in these sequences as well. Section 1 sets forth the computa-
tional issues in more detail, and Section [V summarizes these issues in the
context of Section V., Section V, while giving more details of the model,
discusses the anatomical and physioclogical observations which motivated
the specific model. Section V1 sketches an algorithm which is the hypoth-
esized computation performed by the DG/CA3 region.

II. Anatomy, Eveolution, and Psychology Form a Background to the
Computational Theory

At this time there seem to be two, apparently differing, theories of hip-
poca_rnpal function. According to these theories, either the hippocampus
provides a distraction-protected, short-term (Squire, 1987) working mem-
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ory (Goldman-Rakic, 1987, Murray & Mishkin, 1987; Olton, 1978; Raf-
facle & Olton, 1988), or it is a locus contributing to, and necessary for,
competent spatial behavior (O'Keefe & Nadel, 1978). [There are, how-
ever, several papers bridging these two ideas (e.g., Breese, Hampson, &
Deadwyler, 1989; Eichenbaum & Cohen, 1988; Foster, Christian, Hamp-
son, Campbell, & Deadwyler, 1987; Olton, 1985).] These two formula-
tions are not mutually exclusive and are best related through computa-
tiona! considerations. As a prelude, this section presents a viewpoint
which interrelates spatial function and hippocampal anatomy, setting the
stage for the computational arguments in the process. Here we advance
the idea that efficient signal mixing for sequence prediction, which facili-
tates efficient spatial behavior, was the original fundamental computation
for which the hippocampus evolved.

A. ANATOMY

It is obvious merely from anatomical considerations that the hippocam-
pus and parahippocampal limbic regions bring together, or fuse, diverse
sensory signals arising from association areas of neocortex. This sensory
signal fusion function is commen to all the mammals which have been
studied, including primates as well as rodents (Jones & Powell, 1970; Pan-
dya & Kuypers, 1969; see Amaral, 1987; Swanson, Kéhler, & Bjorklund,
1987, for reviews). Therefore, on purely anatomical grounds, it is sensible
to infer that one function of the hippocampus and associated parahippo-
campal cortices is to mix sensory modalities.

With the exception of olfactory inputs, most sensory information enter-
ing the hippocampus actually comes from association neocortex via the
entorhinal cortex (Insausti, Amaral, & Cowan, 1987; Jones & Powell,
1970; Pandya & Kuypers, 1969; Saper, 1982; Sorensen, 1985; Van
Hoesen & Pandya, 1975; Van Hoesen, Pandya, & Butters, 1972, 1975).
Most mixing of signals occurs prior to their reaching the hippocampus,
within the neocortex and entorhinal cortex (but see Fig. 3). The hippo-
campus itself receives its multimodal signals from entorhinal cortex, with
help from the adjacent subicular cortices, and in turn feeds its signals
back to entorhinal cortex (Kosel, Van Hoesen, & Rosene, 1982; Sorensen
& Shipley, 1979; Swanson & Cowan, 1977, see Amaral, 1987: Rosene &
Van Hoesen, 1987, for reviews). Thus the entorhinal cortex appears to
be the ultimate site of fusion of the sensory signals from association corti-
ces while the hippocampus can be seen as a structure supporting the sig-
nal mixing performed in the entorhinal cortex. As a support structure,
the hippocampus remixes the multimodal signals coming from entorhinal
cortex. This remixing, as shown in Fig. 3, occurs primarily through diver-
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gence—convergence of the entorhinal cortical-DG/CA3 projections, the
CA3-CALl projections, and the feedback of region CA3 upon itseif (not
shown in Fig. 3).

The question to address now is, How are signal mixing and remixing
related to efficient spatial bchavior?

B. A MATTER OF BACKGROUND: WHOSE HIPPOCAMPUS IS 1T, ANYWAY?

Only mammals have a well-defined hippocampus and all mammals have
this structure, Thus. it is probable that the stem mammal, a small shrew-
like creature, had a hippocampus though its reptilian relatives did not.
But why did the hippocampus develop? What purpose did it serve? If we
can answer these questions we might be able to imagine how the human
and rat hippocampi, although divergent in function, are related.

One ouistanding distinction between mammals and reptiles is that
mammals exhibit nesting behavior and suckle their young while reptiles
do not. Consequently, the mammal with a nest full of young must return
home after foraging for food. Thus the prototypical mammal had to find
its way upon the earth’s surface, constrained by objects which towered
over it to form both visuat and physical barriers. We should picture this
world not from the viewpoint of erect hominids but from the lowly per-
spective of a small shrewlike animal scurrying through the brush and for-
ests. A small rock or a tuft of grass can tower above a small animal to
form wall-like structures. In this case, perception of spatial relations is
based not on an all-encompassing, maplike view from above but on sen-
sory sequences involving all senses.

From the above considerations come two main points. The first is that
Jearning-dependent spatial behavior in a maze, as studied in rats and mice
today, seems as relevant to the prototypical mammal as to a rat or mouse
in the wild. The second point is that studies of spatial behavior essentially
require animals to learn and predict sensory sequences.

It was and is a tremendous advantage for a small mammal to get from
the nest to a feeding area and back to the nest again as efficiently as
possible. This problem of scurrying efficiently to and from the nest is a
problem of prediction which requires mixing multimodal sensory signals
as these signals arrive sequentially over time. That is, an animal will re-
turn home most quickly if it can use sights, smells, sounds and other sen-
sations as they arrive over time in order to predict correctly from moment
to moment which way to tum or when to go straight. Note that such
prediction is based on sensory input and, in an immediate sense, is just
prediction of the set of sensory signals which will follow the set of signals
being received at a given time. These sets of signals represent the envi-
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ronmental stimuli bombarding the animal as it makes its way home, To
predict the next set of signals in the sequence is effectively to anticipate
what is ‘‘around the corner.”

Maneuvering in a maze or in the wild produces a sequence of sensory
inputs involving all sensory modalities: sight, smell, hearing, accelera-
tion, touch, and perhaps even taste. Obviously, the visual input changes
as an animal moves about. However, for a small animat with a diminished
range of vision, the sense of smell seems at least equally important. Even
$0, vision and olifaction are not the only senses useful in a maze. Experi-
menters have found that a rat can use sound cues. such as the sound made
by an exhaust fan, to locate itself relative to its surroundings. It is plausi-
ble then that our shrewlike animal would be able to use the sound of a
babbling brook to orient itself. In regard to touch, we know that we as
humans can use the feel of carpet versus linoleum underfoot to locate
ourselves. The vestibular sense tells an animal which way it faces as it
turns. [t is even conceivable that a small animal might lick its surround-
ings and detect taste differences. Thus we can picture each of the senses
solving the same problem: prediction of future multisensory perceptions.

In sum, then, it was the earliest mammal, as distinct from its ancestors,
which had the most pressing need to locate itself relative to its present
and future surroundings as it moved about. Additionally, in performing
this relative localization, all senses are potentially useful.

The evolutionary connection between sensory signal mixing and effi-
cient spatial behavior is further elaborated by using and extending the
ideas of Jerison (1973). At the time the first mammals evolved, dinosaurs
and other reptiles dominated the fand by day, but at night, when it became
too cold for these poikilotherms, animals that could regulate their body
tempeljature were free to roam unmenaced by predatory reptiies. In this
scenario we picture our prototypical mammal scurrying through a pur-
tially darkened maze in which the visual system is much less efficient
{though still useful). Thus, the demands of nocturnal life favored the evo-
lutionary development of superior olfactory and sound-localizing abilities
to at least match a visual ability already evolved. Development of these
other senses and a need to return home after each foray would have fos-
tered the development of a new brain structure that allowed the different
modalities to relate to each other,

If we consider the sensory signal fusion problem in more detail, how-
ever, our attention is drawn to a very important computational issue.
Mere development of multiple, but individual, sensory perceptual abili-
ties is not nearly as useful as an effective combination of these same abili-
ties. It is not efficient to have one sensory system predict that home lies
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to the left and another sensory system predict that it lies to the right.
Efficient functioning requires the combination of multimodal signals to
produce a harmonious single prediction pointing the way home. How-
ever, this sensory signal mixing is a problem of such computational com-
plexity that it baffles engineers even today.

To illustrate the problem with respect to vision and olfaction, suppose
one engineer built the best visual pattern recognition system in the world
and another engineer built the best gas chromatograph—mass spectrome-
ter for chemical identification. How should the coded representations of
reflected photons and molecules be combined? The answer is far from
simple since there is no obvious physical relationship between the physics
of light as reflected from macroscopic objects and the reactions or struc-
tures of different molecules.

Consistent, predictable relationships between the states of neurons
which code sights and the states of neurons which code smells may only
exist as higher-order statistics. Such higher-order statistics would be in-
frequently sampled and quite variable on an evolutionary time scale. This
situation contrasts with more peripheral, unimodal coding, which can rely
on lower-order statistics that are constant across generations. The higher-
order correlations of the multisensory problem are difficult to find be-
cause there are so many possible correlations compared with the rela-
tively few important correlations which actually exist. Consequently par-
ticular experiences of the protomammal’s ancestors would provide little
help for constructing a nervous system tied to the specifics of the multi-
sensory relationships they encountered.

Yet even though the problem of multisensory representations is a tre-
mendously difficult one, the hippocampus and associated limbic cortices
have managed 1o meld olfactory and visual signals together into useful
multisensory representations. Actually these structures work on an even
more difficult problem, that of multisensory sequences.

As mentioned above, the particular sensory signal fusion problem
which cccurs when traversing a maze is not a static problem involving
the *‘mere’’ creation of a single multisensory representation which will
eventually be recognized or categorized in some other brain region.
Rather, the maze problem involves changing multisensory representa-
tions which arrive over time as the animal moves both in time and in
space. Temporally ordered sets of these changing representations are
called sequences. An animal which exhibits efficient spatial behavior by
accurately predicting what lies around the corner is just predicting one,
or several, successive representations in the current sequence of sensory
representations. (E.g., if 1 wrn right at this rock I'll pass by the lilacs
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and then just down the hill and to the right is the water hole.) From a
computational perspective this dynamic problem is even more complex
than the already intractable static problem of sensory signal mixing.

Thus we are motivated to study hippocampal function from a dynamic
perspective in which this structure predicts computationally complex,
multisensory sequences,

In sum, anatomical observations indicate that the hippocampus partici-
pates in sensory signal fusion by helping to mix and, in particular, to re-
mi{( the most highly processed and diverse sensory representations. Evo-
lutionary pressure for new and improved sensory signal fusion
capabilities applicable to spatial behavior would have arisen because the
protomammal was nocturnal and had a home to which it returned to care
for its young. This sensory signal fusion capability facilitates navigation,
especially when these fused sensory representations are used for accurate
sequence prediction.

The next section gives more precision to the two computational issues
introduced here: (1) sensory signal fusion, which lowers signal compiex-

ity without losing information and (2) representations of the future, which
act as predictions,

HI. Computational Issues

The influence of the computational approach becomes profound when
we _consider a neural network in terms of two issues: complexity and
optimization.

The exponential explosion (complexity) of possible configurations of
the environment and, of more relevance, of the activity states of the neu-
rons in the brain implies that exact computations which examine and
compare each individual neural representation, one by one or in parallel,
are not possible. However, there are methods for maintaining the individ-
uality of representations while simplifying the computations made. Such
methods are necessarily approximations. What we have in mind is to de-
scribe neurally computable transformations and algorithms which are, in

some yet to be defined sense, optimal approximate solutions for the pre-
diction problem.

A. MOTIVATING THE COMPUTATIONAL APPROACH

There are many reasons for using a computational approach to formu-
late theories of brain function. To acquaint the reader with the perspec-
tives leading to and inherent in this approach, [ will set forth what seem
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to me to be some of its most important advantages, with the caveat that
these thoughts are merely intuitions and lack the support of an airtight
logical argument.

[. There have been so many partial models of hippocampal function
briefly in vogue over the last 30 years that 1 have despaired of finding any
simple, lasting description of hippocampal function that is specific in its
predictions. The compuiational approach benefits from a precise mathe-
matical language which avoids vague descriptions of how the anirmal
“thinks™” by confining itself to questions of signal transformation and sta-
tistics. In more than one way, the computational approach advocated
here is an extension of the abstract approach advocated by Thompson
and Spencer (1966) for the study of psychological processes,

2. Since almost every textbook says that the primary function of the
brain is “‘information processing’’ an explanation of this phrase would
seem to be in order. A computational perspective seems to have a good
chance of providing a satisfactory definition of information processing.

3. There should be a way to study only one anatomical region of the
brain, such as the basal ganglia, the CAl region of the hippocampus, or
the cerebellum, at a time. If we have to study the totality of all brain areas
at once, the job of understanding and explaining the functions of these
areas seems hopeless. However, if brain regions can be studied in pieces,
and not just from the periphery inwards, then many scientists can work
in parallel toward understanding the brain, some concentrating on the pir-
iform cortex, others concentrating on the tectum, and so on.

To carry out such a program successfully we will need a language
and a perspective which can encompass all brain regions. An abstract
computational approach promises to satisfy these needs.

4, The basic computational issue of prediction is fundamental and eas-
ily understood. Rapid, accurate prediction is a continual necessity in our
everyday lives. It is the process by which we put past experiences to
work in order to anticipate the future and act on our environment. In fact
our very survival depends upon it. Inquiry into this realm is aided by the
fact that prediction is also a rather weil-studied subdiscipline in mathe-
matics and statistical theory.

Good prediction can improve the execution of almost any behavior. 1t
enables the experimental rat to make the correct response and receive its
food pellet, the engineer 10 design a structurally sound bridge (based on
the knowledge of stress gained from past bridge building experiences),
and the baseball player to accommodate his swing when he recognizes
the pitcher's curve ball, [My own thoughts on prediction as a general
problem in life were most influenced by the writings of Young (1970) and
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Dawkins (1976). In writings on the theory of hippocampal function, pre-
diction is often mentioned by Gray (1982) and Vinogradova (us cited in
Gray, 1982).]

When dealing with a complex, multitiered structure such as the brain,
we can even consider the issue of good prediction in the context of choos-
ing good transformations, that is, prediction of the utility of a transforma-
tion in helping to make a subsequent prediction by the network. In fact
this leads to the potentially infinite regress of predicting a good signal
transformation in order to help predict a good signal transformation . . .
tn order to predict about the environment. Happily, such complications
are unnecessary because the abstract, computational approach allows us
to divide the processing sequence into small pieces. Using such subdivi-
sions we may in effect consider predictions locally. in isolation from sub-
sequent predictions.

At this local or regional level, prediction does not explicitly concern
the environment external to the organism, that is, the ‘‘real world."”
Rather, we can and should study prediction in cases in which the environ-
ment is the set of neurons afferent to the brain region of interest. When
dealing with the hippocampus we consider the environment to be essen-
tially the set of neurons in layers II and III of the entorhinal cortex which
are afferent to the hippocampus. Even though the hippocampus receives
inputs from many other brain regions, we focus here on the entorhinal
cortical afferents because of their high information capacity. We base this
interpretation on their numerical dominance and high-frequency firing ca-
pabilities relative to other hippocampal inputs.

So we already have a payoff from the abstract, computational ap-
proach: Prediction is an important, identifiable issue which we may study
in a limited portion of the brain by using an abstract definition of the
environment.

B. COMPUTATIONAL QUESTIONS

information- and computation-theoretic considerations will allow us to
bypass the precise psychological meaning of neuronal signals and still to
have viable research questions because these considerations produce
their own fundamental and general meaning of neuronal signals. These
theoretic considerations provide both research questions and quantitative
measures for the study of hippocampal function or, for that matter, the
function of any brain region.

One obvious goal of an abstract signal processing approach is to dis-
cover the transformation which converts inputs to outputs. For example,
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suppose the hippocampus performs the general computation f. our goal
then is to describe the computation, or transformation, f> A — B.

— A — ¥ 1__13“__,

Here we think of A as a multidimensionai input pattern made up of zeros
and ones. More technically, Aff) is a sequence of binary vectors over time
¢t wherc the dimension of these vectors is the number of axons afferent
to the hippocampus. Likewise B, with time implicit, is a corresponding
sequence of vectors over the efferent axons.

As interesting and challenging as it will be to understand transformation
£, this challenge is not enough. We also want to tie this transformation to
other questions. On the simplest level, we can ask, Why is it necessary
to transform representations such as A into representations such as B?

For the signal mixing and sequence prediction problems, we can outline
two general reasons for performing transformations on neuronal signals.

1. The computational problem of prediction of the future based on the
past and the present necessitates that representations reflecting the
past and present be transformed into representations reflecting the
future.

2. The computations which might generate predictions concern prob-
lems of large dimension, making them intractable. That is, timely
and exact predictions of representations which concern more than
50 neurons are of overwhelming computational complexity. [nstead
of exact solutions, approximate solutions must be computed, There-
fore, signal transformations should be performed to improve these
approximalions.

Before concluding this introductory material, let us consider two pow-

erful constraints which will influence the evolution and analysis of neural
networks.

C. OVERRIDING COMPUTATIONAL CONCERNS: INTRACTABILITY AND
OPTIMIZATION

1. Computational Intractability

Computational intractability occurs when the number of possible con-
figurations grows exponentially. Such exponential growth is a very old
story (Gamow, 1961). Most of us have heard about the not-so-wise mathtle-
matician who asked for payment by having one grain of wheat placed in
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the: first square of a chess board, two grains in the second, four in the
third, and so on to end up with 2° grains in the 64th square. As a result
of this exponential growth (2°, 2', 2°, . . ., 2*Y), the man was owed more
wheat than will be produced in 2000 years at current production levels.
Not surprisingly, he was put to death by the roval debtor.

‘ When exponential growth characterizes a problem requiring examina-
tion of all (or most) possible outcomes, computational intractability re-
su!ts. For example, it is calculated that no computer (Shannon, 1950;
Winston, 1977) will ever be able to find the provably unbeatable openiné
move of a chess game (it is posited that there is such a move, assuming
t}Eat White, the computer, continues to respond optimally from then on).
Finding this move and the subsequent correct responses would require a
computer to examine the outcome of every possible chess game, esti-
mated to be more than 2.5 X 10** games. Thus, even if the computer
pl:gs very fast, as fast as one game every femtosecond, it wilt require
10' " years to complete the computation, many times the longevity of the
universe.

It is well known that computational constraints, such as the large num-
ber qf possible decisions, the relatively small number of processors, and
qllm‘lted memory capacity, are serious concerns in high-dimensional ,mul~
tivariabie analysis. (Here we use the term high-dimension to mean that
‘lhe number of variables exceeds 200.) The phrases *‘curse of dimensional-
ity”’ (Bellman, 1961) and **combinatorial explosion”’ {(Karp, 1975) ure of-
ten used 1o describe the difficulties which arise in high-dimensional prob-
!e{m:,. ﬁwell«known problem which suffers from this explosion is that of
minimizing the distance covered by a traveling salesman who must visit
a specified set of cities before returning home.

'ljl}ere is an extensive literature on the subject of computational intrac-
labxlgty. An early article which emphasizes the intractability of decision-
making problems faced by neurallike networks is Ashby (1956). Minsky
and Papert (1969) pick up this theme and use it for their own purpose
Barlow (1959 and many other references; see, e.g., 1961a, 1961b) al:
lhough nontechnical in his discourse, is clearly aware of the imporla;nce
of this problem and that it must be solved by various brain regions. Re-
cent E‘efercnces to the intractability problem from a computational per-
spective include Garey and Johnson (1979). Zucker (1981) writes lucidly
about t'u-)w computational constraints limit what can be done in pattern
recognition problems. The results of Kirkpatrick, Gelatt, and Vecchi
(1983{) anfi Hopfield (1984; Hopfield & Tank, 1985) show that good ap-
proximations can be achieved in high dimensions. The 1983 paper by
_Klrkpalnck and colleagues is particularly influential in advocating the
idea that, for a decision-making problem requiring optimization, good ap-
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proximations in high-dimensional systems are, on average, nearly as good
as the set of best possible decisions.

In the case of neural networks, the number of variables present (e.g.,
processing elements such as neurons) in a simple network can easily num-
ber in the thousands. Thus, the sheer number of neurons in the mamma-
lian brain leads to computational intractability there. Figure 4 pictures
the exponential growth of the number of possible representations with
increasing numbers of neurens. If we consider a neuron as an on-off de-
vice, then 1000 neurons can represent 2'*" different configurations. For
the representations mediated by the approximately 250,000 binary-valued
CAI cells of one rat hippocampus, 27°°** different representations could
occur. These are unimaginably large numbers (for comparison, consider
that there are less than 2°® protons and neutrons in the universe). Such a
large number of variables and the resulting combinatorial explosion make
computations which guarantee exact solutions intractable. Since predic-
tion generation in which a network would have to compare all the alterna-
tive possibilities is a computationally intractable problem, a network in
the brain will not seek an exact solution to the prediction problem de-
seribed here. Rather, it is sensible for a network to construct optimal
approximations subject to constraints such as available time, number of
available computational elements, the computational characteristics of
these elements, and the minimally required level of accuracy.

Due to the combinatorial explosion of possible representations, a neu-
ral network trying to generate good predictions comes up against at least
three insurmountable problems when the perfect, deterministic solution
is desired:

1. Time: There is not enough time to compute exact solutions.

2. Processing clements: There are not enough neurons or synapses (o
store all the statistics needed to describe all possible represen-
tations.

3. Samples: There cannot be enough sampling to learn all the probabili-
ties of every representation in such a way that these sample-based
estimates, which are just the relative frequency of a representation,
converge anywhere near true probabilities.

There are essentially two computational strategies for overcoming in-
tractability. One strategy is to throw out information by decreasing the
number of possible configurations which are recognizably different. Pat-
tern recognition, in the sense of categorization and classification, is an
‘example of such a procedure. It is much easier to say "'l see a bird™”
than to give a detailed description of the bird you actually see. Discarding
information is obviously risky, however, and the efficacy of this method
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Fig. 4. Exponential growth of possible representations. As the number of neurons in-
creases linearly to #, (he number of representations possible increases exponentially as 2",
The problem of calculating a probability for each of the 27 representations in a network
can, however, best be soived by treating each neuron as if statistically independent and
approximating each probability. Copyright © 1989 by William B Levy.
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depends on the amount of information lost and its importance. When the
importance of any discarded information is unknown and a network or
organism is performing poorly, as under mismatch conditions which acti-
vate the hippocampus, this strategy seems particularly bad.

The second strategy, which does not throw out information, is to as-
sume statistical independence of converging neuronal activity. 1f each cell
in the network’s prediction tier compuies a prediction as if statistical in-
dependence of its inputs exists, then the computational intractabilities are
resolved. However, the usefulness of this approximation is a function of
how much statistical dependence exists in the problem under con-
sideration.

If this second strategy is tried and fails to yield acceptable perfor-
mance, all is not lost as might be if the first strategy is applied. The com- "
putation of a prediction can be repeated on a new representation after a
suitable transformation. In this case a suitable transformation would be
invertible and would yield different statistics than the transformations
previously tried. The statistics in question are defined in Section 111,C.3,
as we discuss a solution to the problem of sparse sampling.

If we are going to argue that a particular approximation is a good pro-
cedure, we need some standard for measuring the goodness of an ap-
proximation, since there are any number of possible approximation
techniques. Thus, at the very least, we need to consider optimal approxi-
mations as benchmarks.

2. Optimization and Approximation

In the theory of neural networks, optimization is a pervasive but occa-
sionally misunderstood issue. Engineers working on neurallike networks
have an easy problem; they can study optimization from the standpoint
of building their own optimal networks. It is more difficult for biologists
(see, ¢.g., Staddon & Hinson, 1983), who must explain the networks
found in nature. :

We will develop optimization ideas to produce a context for comparing
the performance of a particular network in a particular environment to
the performance of the best possible network in that same environment.
The idea to bear in mind is that a computation which is optimal in one
environment may easily fail to be optimal in another environment. Thus,
our task as biologists and neuroscientists is to understand when a brain
region will produce a good approximation and when it will produce a poor
one. To put this perspective to use, recall our local definition of environ-
ment for each brain region (i.e., its inputs) and consider the description
of an environment as some sequence of states, or even a probability-gen-
erating function. Then we can ask, Which probability-generating func-
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tions, that is, environments, are expeditiously handled by which particu-
lar @natomies and physiologies? If we can answer this question it is
natural that we interpret our results under the postulate that the brain is
well built, We mean well built in the sense that the appropriate probabili-
ty-generating functions (environments) are analyzed by those brain re-
gions which do a good job for that class of generators. In other words,
we hypothesize not much more than that the visual system of the thala-
mus and cerebral cortex evolved for analyzing the visual world and that
the auditory system of the thalamus and cerebral cortex evolved for ana-
Iyzing the auditory world, While it is undoubtedly possible for the audi-
tory system to analyze the visual world and vice versa with some good
results, it is almost certainly an inferior solution to the computational
problems of seeing and hearing. In the present context, then, the argu-
ment is nof that all sequence prediction problems are solved by the hippo-
campus but that the hippocampus is used when it is better than other
brain regions for solving multisensory prediction problems. If the lan-
guage areas, for example, are better for predicting long linguistic se-
quences, then the hippocampus will not be used.

The hypothesized statistical environment follows from the problem of
sensory signal fusion detailed in Section IL. Specifically, the problem is
to find information which is in the higher-order relationships, that is, the
higher-order statistical momeats, or correlations, of the input environ-
ment. These information-rich moments are hard to find because they are
relatively few in number and are scattered about in an exponentially farge
space. Furthermore, specific higher-order relationships do not hold con-
stant in the environment from generation to generation, so prewired com-
putational systems cannot evolve to handle them, as they have evolved
for the peripheral stages of sensory processing. This hypothesis fits well
with the “*plain vanilla™ morphology of the hippocampus as compared
with structures like the retina, the olfactory bulb, and the neocortex
which, by virtue of their relative complexity, appear to have inherited
more computational biases than the hippocampus.

3. Margination

Because the three resources—time, processors, and samples—are in
short supply relative to the pervasive and unavoidable complexity prob-
lems and because there is a single approximation technique which solves
all three scarcities, we use this approximation technique as a working
hypothesis for describing a function which occurs in the hippocampus.
The process is called margination.

Let us just consider the third difficulty associated with the combinato-
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rial explosion which occurs in multidimensional netv_vorks: lh_e proplen;
of sparse sampling. Suppose that X = (X, S X,) is an n-dlmensul)na

random variable, where each compenent X, is binary-valued. The values
of X,, ..., X, could represent the zero-one or true—false 0ut_|:qu ofr:
neurons in a simple network; hence the range space of X consists _of 2

configurations. In the case of small regions of a mammalian braln,in
ranges between 1000 and 10,000,000. Even in the case o_f a {noderaiedy
large n the presence of noise guarantees that no conﬁguratlpn is sampled,
on average, more than once. Furthermore, most‘conﬁguranons will nev;:r
be sampled because the number of conﬁg_uratlgns greatly e_xceeds the
number of samples. Thus even in small brain regions there exists a prob-

sparse sampling.

lerg(\)wf!ei{{?(;own sc]?lutiin to this problem is to reQuce the numbgr of com-
ponents of X by summation so as to obtain rneanmgfu‘l sample sizes. This
process is known as margination [see Good (1963) for id_eas about gene_ral-
ized margination]. Margination, in contras} to removing configurations
from the sample space, is quite conservative smce it never aliows the
network to experience infinite surprise (sge t{elow}. .

Margination can be related to the spatial mtegr?.’uon p‘?rforrned.by a
neuron whose output is either “‘fire”’ or “‘not _ﬁre. Con51d'er the set of
all subsets of activity patterns which can fire this neuron. This set deﬁqes
the summation over which margination occurs to create the probability

i 's firing. _
Of;l;lihnizutli(;le it is ﬁot yet clear which methods are best for selecting
the subsets which are the margination process. quever, even though
mathematicians have not yet offered a tractable, optimal solution to find-
ing these subsets, such methods are a primary concern of the computa-
tional approach advocated here.

D. REFINING THE APPROACH: DEFINITIONS AND MEASURES

This section gives some specificity to the theoretical deve!oprnent_by
defining some terminology and then by introducing some information
measures.

!. Current Representations

A neural network can briefly retain information about the current state
of the environment (see Fig. 5). This information is repre_:semed by the
states of the processing ¢lements. If a processing element is a neuron, as

_opposed to a portion of a neuron, then the state of a neuron me-aqs.z:
specific scalar representation, such as (1) the vol?agle at the axonal initia
segment, or {2) whether the neuron fires once within an absolute refrac-
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. Current Representation Predictive (type I} Representation
CA1 cells activated by EC layer I} CA1 cells activated by CA3

f
g

—'—th—mwa*—: CA3

all-or-none event (axonal or dendritic spike)

AR i ltivalued event [sedes of spikes: frequency coding or
exponential coding (Colbert 8 Levy, 1988))

Fig. 5. A single CAl cell participates in two types of represcriations: a current repre-
sentation and a predictive representation. The current representation is monasynaptically
activated by the entorhinal cortical (EC) input. The CAl output of a current representation
is pictured as an ali-or-none event. In contrast, the predictive representation is monosynap-
tically activated by the hippocampal CA3 input. A type 11 predictive representation is illus-
trated by the multivalued CA | output; the theory developed in this chapter presumes a type
II predictive representation. However, there is no experimental evidence to favor this type

of predictive representation over a type [ predictive representation (cf. Fig. 6). Copyright
© [989 by William B Levy.

tory period, or (3) the number of firings within some larger, specified
interval,

The most general definition of a representation is the state of all neu-
rons in the brain over some very small period of time (e.g., one absolute
refractory period). This global representation can be simplified because
any subset of a representation is also a representation. For example, the
state of all the related neurons of a single structure, such as the state of
all CAl pyramids, is also a representation.

A current representation or, more simply, a representation, of the envi-
ronment, means a vector of scalar states of a specified set of processing
elements. We will refer to a set of all possible values of such a vector, or
the set of neurons which makes this vector, as a representation space.
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2. Predictive Representations

Since we are interested in networks which generate prediction_s, or pre-
dictive representations (see Figs. 5 and 6), and since commanication in
these networks is limited by synaptic interactions and the computational
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ig. 6. ells might mediate either a type Lor atype Il prcdiclifre representation as
thel:l'l gt;uﬁlput(.:ilt:pe I refvrescmation (lower panel} is in th'e ff)nn of a bmanf-state nﬁ;m;:a;
output {i.e.. either fire or not fire). An optimal. t_ype 1 pl‘edlcll\fc rcpres;nmuon b‘:;otu Eac :
CAl cell’s polarization to represent a probability (or a funiction of this proba b ¥). o
cell’s output would then be appropriately thresholded to fire or not fire depem::_rlfI c:;n ';:
polarization state. A type 11 reprcse;tal':‘on (up;p:;lp:fnﬁlejur;:t:res an output whic
i : Itivalued output by the nex .
m“}:'ri?;rfr::‘:l‘:eao?‘&e CAJYinput |t)o CAY 1. Z is the state of the CAl output. When _lig_enfrate;
the owtput Z, a type | or Il prediclive representation results, The type § output is 1lr;d|cs:le‘
by Z,  (the most likely configuration for Z, given Y_’)_for c‘aclf CA‘I cell &, Tt‘le typ; ; au puh
is indicated by PHZ, = i | 1), an inferred probability distribution of Z; given ¥, for eac
CAI cell k. Note thal the equation at the bottom indicatcs_lhat the type | predictive represen-
tation is generated by thresholding a type 11 represcmal_mn.. Thus, a type 1 reqmsentaum:
can alse be identified with dendritic or somatic de!:qlanzatwn of a cell producing a type
predictive representation. Copyright © 1989 by William B Levy.
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constraints .inherent in the neurons themselves, we must give serious
thought to just \yhat form a prediction can take in a neural nélwlOLlls
(l_-loyvevgr, if we identify a brain region, such as CAl, as producin ore.
dictions in cgnformity with the definition of a predict}ve represent%tpre'
these pred1c£10n§ may be quite abstract, with no obvious corres on(Ll e
betwefan cel? firing and an animal’s behavior. We would be p;aprticutlm(;e
lpcky 1f3 for instance, the abstract predictions coincided with what i ‘c?r ‘
tlﬁeq W:Ith a prediction of behavioral relevance such as the head :1 otion.
predicting responses identified by Ranck, 1985, in the prequbicullrecuon-

Apparently, only three requirements are needed for a deﬁnitig;n‘;f a

l. The pred.ict_ion occurs before the event being predicted

2. Tgle prcdlct_io{l is s_peciﬁed such that the network can Iak;: advantage
E the predlct{or! (i.e., there is a mapping, available to the network
ctwee_n predlctlons and later current representations) ’

- A predictive representation is not confused with the C;.II'I‘CI‘II repre-

sentation (i.e., predictive and cur :
ineui ’ rent ) .
tinguishable). representations are dis-

Slatement‘s (l} and (2) are natural requirements for a prediction. Not
ﬁlat (‘1} eliminates rgtrodictions such as the pattern recognition pr(l)ble?ne
nctqmrimem (2) ul_tlmately p_ro_vides for the situation in which a large::
etworl| tha} contains a prediction-generating subnetwork can (a) eval
ate the.quallty of the predictions and (b) use these predictions as a b" U'
for action upon t!‘lc environment (e.g., to modify the extern;'ﬂ ;,vorlc(libtlg
Ezz:]e::lal;)u'ndeswable event frpm occurring). Requirement (3) does not
so obvious necessity, but if the pre_dictive representation space and
Can:gze\(r:ﬁ:‘;gg{s.entat&pr:_space are indistinguishable, then the network
its predictions nor learn from i ause it c
not separate predictive from current represenl::t?c?::.e;l?:é b;f:wues:el: (:Ent
these two spaces must be distinguishable and still satisfy (2’) Require}neal
(2) aqd the locallprinciple. which prevents memory access' by direct ag
dressing, necessitate a mapping between each predictive represenlatior;
and each current representation by the method of shared representation
space, (T hF neurons which produce the predictive representation must be
contained in the set of neurons which produce the current representation:
e.g.. lht:: CAl spiny pyramids illustrated in Fig. 5.) '
Req’mrernents (1), (2}, and (3), taken together, define a predictive repre-
sentation. Tpus. a set of neurons connected within a network in con?‘or-
mity with this definition is a predictive representation space. It is a repre-
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sentation space because of the mapping to a current representation space,
and it is predictive because it anticipates a future event.

The definition given above does not attribute accuracy to or require
accuracy from a predictive representation, so the quality of the prediction
does not affect its identifiability as a predictive representation. Of course,
we are really interested in the generation of accurate predictive represen-
tations. To assess the quality of the predictions we will need to define
some measures. First, however, we will be a little more concrete and
describe a subcategory of predictive representations which are of particu-
lar interest to us.

There appear to be two types of predictive representations worth dis-
tinguishing (see Fig. 6). The most obvious prediction, which we will call
type 1, is a representation of the one most probable configuration about
to occur. Thus, if a cutrent representation can be defined in a multivariate
binary space, {0,1}", then atype prediction occurs in the same multivari-
ate binary space, {0,1}".

While the neurons generating a type | prediction produce a single, mul-
tivariate, binary event, the neurons generating a type 1 prediction pro-
duce a probability distribution of all possible such events. Though the
type | prediction may seem the most natural form of a predictive repre-
sentation, it is not the most general form, so it is the type I1 predictive
representation which we emphasize in our theories. The type 11 predic-
tion is a representation, ideally, on the interval [0,11” (although in practice
physical realities force the nervous system to make do with a discrete
approximation of these n continuous intervals).

This second type of predictive representation attracts our interest for
three reasons. First, the type 1, most likely configuration, can be directly
inferred from the type Il prediction, but in general the reverse is not pos-
sible. Second, the type Il prediction is a necessary intermediate step
which the network must derive in order to measure the surprise suffered
when an event in the predictive representation space 0ccurs (i.e., the type
11 prediction is needed to calculate entropies on the relevant space, where
a space means a specified set of neurons). Third, although the type 1 pre-
diction is ultimately necessary for decision making and action on the envi-
ronment, the type 1 decision should always be postponed as long as possi-
ble in a highly complex multilayered network to avoid the information
loss which accompanies such a representation.

The above considerations suggest the following definition: A type 11
predictive representation is, perhaps implicitly, a vector of conditional
probabilities; the conditioned or predicted variable is some future repre-
sentation, and the probabilities of a type 11 predictive representation are
conditional on the current representation.
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3. I}Iforman'on Theory and Prediction

For the discussion which follows we will consider a neuron as a binary
device. P( ) is an unconditioned probability distribution. P( | ) is a condi-
tional probability distribution. P*( ) is an inferred probability distribution
as opposed to the true distribution. P*(A | B = b) can be read as *‘the
inferred probability of A given B takes on value b,”” and is the probability
distribution over the finite set of events implied by A given that the partic-
ular event b in B has occurred. The variable A is the conditioned or pre-
dicted variable; B is the conditioning variable.

The choice of probability as the way to quantify predictions is not arbi-
trary. The set of relationships called probability theory is the only consis-
tent method using a scale from zero to one for quantifying, manipulating,
updating, and predicting events (Cox, 1961, 1978; Jaynes, 1978). How-
ever, probability is not the only measure we need to consider.

We, and ultimately the network itself, also need a tool for measuring
the quality of a network’s predictions. This measure turns out to be equiv-
alent to quantifying the information in a prediction. Instead of using the
somewhat ambiguous term *‘information’’ for this measure, we prefer
Hamming'’s (1980) suggestion of the term ‘*surprise.”’ Surprise, a nonneg-
ative scalar, occurs with each current representation. In the prediction
problem, the network is trying to avoid, or minimize, surprise so that
surprise is a loss function. The more probable the event which occurs,
the less surprise the network suffers. If the network places a probubility
of one on an zvent which then occurs, the surprise is zero. If the network
places a probability of zero on an event which then occurs, the surprise
is infinite. We would like surprise to be monotonic and continuously de-
creasing in probability, and we would like independent events 10 have
additive surprise. Although a more rigorous justification is possible (see
Mathai & Rathie, 1975), in this presentation it is sufficient to define sur-
prise as —log PYZ = z| X = x) where P* is the probability held by the
network that representation z in the space of the Z neurons will occur
given that representation x in the space of the X neurons has occurred.
We identify the Z space with CAl and the X space with inputs to the
preprocessor that is the DG/CA3 region (see Section V),

With the occurrence of each individual sequence pair (Z,X), the in-
formation-theoretic loss due to the occurrence of z preceded by x is
—logP*Z = z| X = x). Over time, then, the performance of the network
as a prediction device is the average of this measure:

HYZ | Xy = =3 P(Z,X)log PHZ | X). (n
X
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In an important sense it is the mathematical properties anq associated
theorems which justify the use of this quantity, average surprise, to ghar—
acterize the performance of a network. However, we postpone its rigor-
ous mathematical characterization to another time. It is important to note
only that we are limiting the theory here to the pure prediction problem,
which does not altow a feedback relationship between the network and
the environment, ) _

If no prediction is made by the network and we allow a prior u.ncondl-
tioned probability to be built into the network (see, e.g., rule 2 in _Levly
& Desmond, 1985a), the average surprise of a current representation is
Shannon’s entropy H(Z) (Shannon & Weaver, 1949).

H(Z) = E[-logP(Z =} = -3 P(Z = ) log P(Z = 2), )

e

where E[ | denotes expectation. Therefore, H(Z) is.the. average, naive
surprise or, just as well, H(Z) is the average information in a current rep-
resentation space Z. _ _

Although the network does not need to measure the mforrna?ncn loss
of preprocessing, the theoretician does. To measure the average 1nf0rm?.-
tion loss of a transformation which takes X into ¥, we use Shannorf s
conditional entropy H(X | Y}, where X is the set of all possible input sig-
nals and Y is the set of all corresponding output signals.

. PX, 1)
HX| D= - EP{X,nlog ;’(Y) (3)

H(X,Y) — H(Y). 4

This conditional entropy has several interesting properties, aithough
for now we note only two. First, when Y is created by an invertible trans-
formation f on X, then H(X | ¥} = 0, the smallest pgssible valfle. I!wem-
bly formed representations must have zero information loss‘, since invert-
ing a transformation, f~ YA1X)), to obtain what we started with, X , proves
that the transformation f lost no information. Second, when Y is gener-
ated without any relationship to X by a uniform random process, tl'fen
H(X | Y) = H(X), the largest possible value. Thus no more information
can be lost than was present to begin with,

As an aside, we note that these measures and the associate'd theore'ms
defining their properties begin to explain what is meant -by *‘information
processing.”’ Because of these multiple measures, there is more ll}an one
kind of information in a neural network: representation information and
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Prediétiv‘e information, Thus if someone were to ask how to calculate the
information stored at a synapse, we could not answer the question with-
ou? specifying the kind of information of interest. In either case the calcu-
lations show that the information is relative. In the case of a predictive
representation, we would produce the difference between £E[-log
PYZ _| X)] and E[-log P"*(Z | X31, where P™* is calculuted with the syn-
apse in question removed. In the case of representation information, we
would subtract H'#(A | B) from H*(A | B). where H'* is calcufated for the
network with the synapse removed.

‘ Because of the way we hypothesize a network generates type 11 predic-
tive pr_obabilities, we are interested in the statistical dependence of repre-
sentation spaces, in particular the representation spaces of CAl and CA3,
The measure of statistical dependence that we use (Watanabe, 1969)
quantifies how much all individual neurons ¥, in ¥ predict about a'lI of ¥.

. PY)
'3 ¥ e Yy
S P og pes = 3 HO) = HOY) (5)

J

(This quantity is the obvious extension of Shannon’s mutual information
the measure of dependence of a bivariate quantity.) Note that statisti-‘
cal dependence is a nonnegative quantity which is zero when full in-
depen.dencc obtains. A deeper appreciation of the properties of this
cll;ga?)my comes from the fact that it is a divergence (Csiszdar & Kérner,

Now we put some of these ideas to use.

E. THE FORM OF OQPTIMAL APPROXIMATE INFERENCE
i. Should a Network Preprocess?

Suppose multivariate binary inputs Z and X are given to any neurallike
pelwork as a sequence of inputs, first X and then Z. Suppose the network
is tq predict about Z using X. If we adhere blindly to conventional infor-
mation theory, we might say the problem is to minimize H(Z | X). How-
ever H(Z,X) is fixed by some process outside the network and so is H{X)
so it seems that there is little the network can do. In fact, anything tl‘lt:.
ne{t\ym_-k might do—for example, a transformation f> X — Y in order to
minimize H(Z | Y} instead of the original minimization—risks destroying
the pre'dictive information that exists between X and Z, and such a trans-
formation certainly cannot add new information. [In fact, it is relatively
casy to preduce an analog of information theory’s data processing lemma
(Csisziar & Korner, 1981) for neurallike networks in this regard.] Yet the
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brain makes many such transformations. So where has our thinking gone
awry?

The problem is that we have forgotten about the combinatorial explo-
sion which forces sparse sampling and approximate computations. As a
consequence the network can never know or use the true probabilities
required for culculating the entropies of Shannon’s information theory.
The computational intractability problems discussed previously (see Sec-
tion 111, C) force the network 1o use an approximation approach. In Sec-
tion V we hypothesize that this approximation ends up being equivalent
to an independence assumption conditioned on each individual neuron
whose outputs constitute the predictive representation space.

Since Lhe compulation is equivalent to an independence assumption,
the closer the siatistics of each representation space approach indepen-
dence, the smaller is the error from the approximation. The trick, then,
is 10 minimize dependence, that is, to approach independence as closely
as possible (Levy, 1985). This is done by first preprocessing representa-
lions with minimal information loss H(X|Y). Then the dimensions (neu-
rons) of these transformed representations are used for prediction in a
manner that appears to presume independence.

We now present the final theoretical reason which brings us to accept
the computational form which is equivalent to an independence
assumption.

2. Optimal Inference of a Probability Distribution from Averages

This section justifies our network’s method of forming posterior proba-
bility distributions form moment constraints (e.g., adaptively stored
means and correlations of the Z and X variables) which are locally avail-
able as the synaptic weights (or strengths). In fact, there is essentially
only one correct method for generating probability distributions from av-
erages. This method of inference is called minimum relative entropy
(MRE) inference (Johnson & Shore, 1983; Shore & Johnson, 1980). [MRE
inference is equivalent to maximum entropy inference (Jaynes, 1978) un-
der a uniform prior.] Since we are interested in justifying an optimization
procedure, that is, an optimal approximate computation for prediction in
the neural network, the results of Shore and Johnson (1980; Johnson &
Shore, 1983) are most relevant. They have proven that minimum relative
entropy is essentially the only correct optimization criterion to produce
a probability distribution when we start with a specified, supporting state
space, a prior distribution, and moment constraints. Optimal procedures
and results, such as the above claim, depend on the assumptions which
are made. We assume that the implied structure and computation of an
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optirhal network is of most interest when it arises from a minimum of
assumptions; that is, the optimal results follow from first principles.
For the discrete case, the required axioms are

1. Uniqueness: The optimal inference procedure working from a set of
moment constraints (e.g., correlations, variances) must produce a
single distribution.

2. ldempotence: Repeated applications of the optimal inference proce-
dure with the same moments do not change the resulting distribution
from the first application.

3. System independence: If two sample spaces are disjoint and there
are correspondingly disjoint moment constraints, then the optimal

inference procedure must produce the same distribution regardless

of whether the full joint distribution is formed before or after apply-
ing the inference procedure to the moment constraints.

Subset independence: If the state space can be decomposed into dis-

jc_)int marginal subspaces and the constraints can be decomposed

similarly, then the probability distribution inferred should be the
same regardless of whether the optimization procedure is applied to
the full space before or after margination.

5. Invariance: If f is any invertible transformation, and ¥ = fix) so
that Y is a lossless representation of X, then the optimal inference
procedure must produce the same probability distribution whether
we work directly with X or work with ¥ and then apply the inverse

transformation f~'(Y) = X to the probability distribution inferred
to ¥.

ke

.The:se gxioms lead to the conclusion that the form of a probability dis-
tribution inferred from averages is multiplicative. That is, SUppose we
have a set of functions, g, of the random variable X and their expecta-

_lions, {E{g,{X)}}. MRE then says that the optimal probability distribution
is

P X =x)=¢e ™ i1 o ~reEfR! 6)

where the A values are parameters which must be determined. Thus, if
synaptic modification leads to something that is a good approximation of
an average, as we and others posit, the optimal distributional form is of
this multiplicative form.

From the computational viewpoint, and particularly for a neurallike
network, determination of X, appears to be a computationally intractable
problem for arbitrary sets of expectations over a multivariate space be-
cause of memory requirements that can grow exponentially with the aum-
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ber of dimensions of the space. However, when the expectations are hm-
ited to a particular class of expectations the combinatorial prob!ems
disappear. Specifically, the set, ora subset, of the Iowest-ord_er ma'rgmals
leads to a very simpte form. For the case of interest to us, 10 wh!c_h the
expectations are of the form E[X; | Z, = 1]rather than l‘he unconditioned
form of Eq. (6) and the X, values are binary-valued variables, the proba-
bility of the event X = x is

PsX=x| 2, = 1)=TE[X,| Z, = 1" (1 - EIX; [Z, =1 D

Here the marginals are summed over half the possible states of the X
space. Thus, these are the lowesi-order marginals and so avoid the combi-
natorial explosion. That is, these marginals produce reasonable sample
sizes, and they avoid an apparently intractable calculation of A,. ’

It will be obvious to those knowledgeable in statistics that M‘RE mf’er—
ence applied to such marginals generates a probability distribut'lon which
has the independent form. This motivates two comments. First, MRE
justifies the independence assumption which is often invoked for compu-
tational convenience. Second, it might now appear that we have limited
the computational options so severely that a neural network can do noth-
ing to help prediciton. However, this is not the case, MRE gives no pre-
scription that would tell us, or a network, which set of lowest ordejr mar-
ginals to use. In fact, when we consider the possibilityﬂ Df. permuting the
X space, the available choices are on the order of 22 dlffierent sets of
lowest-order marginals. Thus, rather than limiting our options, we may
have, at best, an embarrassment of riches or, at worst, another case of
computational intractability. _ '

Because our hypothesized computation in CAl is the MRE-mf_erred in-
dependent form, preprocessing should produce a representallon }mlh
minimal statistical dependence. In Section VI we outline an algorithm
which is hypothesized to be the transformation perfgnped by the DG/
CA3 preprocessor. This algorithm minimizes the statistical dependence
of the conditioning variable by creating an optimal set of lowest order
matrginals.

IV. Summary of the Computational Issues Relevant to the Model

We now give a brief summary of the computational theory of the hippo-
campus in question-and-answer form.

1. What problem is the hippocampus solving? .The hippocampus
solves a prediction problem in which the present environment, here the
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signal$ entering the entorhinal cortex, and the stored statistics of past
environments are used to predict a future event, To solve the problem we
require the network to generate a predictive representation.

2. How is the present represented? The present is represented by the
activity state of any subset of neurons, in our case the CAl spiny
pyramids.

3. How is the past represented? The past is usually represented in the
adaptively modified synaptic weights. In addition, there may be an inter-
nal excitability parameter associated with each neuron that is adaptively
adjusted by each ncuron’s activation history.

4. How is a prediction represented? A prediction, or predictive repre-
sentation, precedes a current representation and is the activity vector of
a subset of the same neurons that are part of the space used to represent
the present (the subset is CAl itself). However, a predictive representa-
tion is directly activated by a different set of inputs, the Schaffer—commis-
sural efferents of CA3, than those inputs which directly activate the rep-
resentation of the present, the layer I1I pyramids of the entorhinal cortex.
Since the two types of representations share the same neurons, it is possi-
ble to map and evaluate the quality of a prediction.

Two types of predictive representations can be envisioned (see Fig. 6).
A type I predictive representation is the representation predicted to be
the most likely pattern of activity to follow. The type 1I predictive repre-
sentation is more sophisticated; it implies a probability distribution over
the next set of possible representations. The more sophisticated predic-
tive representation can easily be converted to the maximum likelihood
type I representation by a threshold process, {0,1}, in each neuron. More
importantly, a type II predictive representation is converted to a surprise
measure when the current representation being predicted finally occurs.

3. Are there any special physiological characteristics of cells that me-
diate prediction? The synapses which evoke the predictive representa-
tions should modify as a reinforced system with a special timing require-
ment for synaptic potentiation: The permissive postsynaptic event can
follow but not precede the synaptic activity which it reinforces. If the
associative coactivity requirement were not time-ordered, the prediction
could get reversed, and the network might end up predicting the past.

6. How does a nearon calcalate a probabitity? The physiological in-
put—output function of a2 neuron produces the multiplications {actually it
adds logarithms) required by MRE and by Bayes’'s equation for inverting
{reversing) the conditional probabilities implicitly stored at each synapse.
(That is, the synaptic strengths are proportional to the conditional expec-
tations which imply conditional probabilities via MRE,)

7. What are the characteristics of a predictive representation? (i) It
occurs before the “‘actual’’ representation. (ii) It requires circuitry that
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performs time-shifting in order to take advantage of associative synaptic
modification within a limited time window. (iii) A predictive representa-
tion is useful if it is constructed from statistics (i.e., past observations)
based on the laws of inference, such as P(A|B) = P(B|AJP(A)P(B)"".
{iv) It can generate outputs almost as if the actual representation has oc-
curred. (v} It can be compared with the actual representation to evaluate
the quality of the prediction. Characteristics (iv) and (v) require that there
be a one-to-one mapping from the neurons which form the predictive rep-
resentations to a subset of the neurons which form the actual representa-
tions. Furthermore, there is a requirement for a mechanism which keeps
the two types of representations distinctive.,

8. What iy a preprocessor? A preprocessor (see Fig. 8) is a system that
recodes {transforms) signals in an essentially unsupervised manner. Its
synaptic modifications are self-supervised and are not dependent on the
specific information content of the next stage in processing.

9, Why preprocess representations? There are at least two reasons: to
shift a representation in time and to change the form of a representation
to make it more compatible with the succeeding computation.

Y. The Model

Figure 7 depicts the model we have been developing (Levy, 1988) using
abstract blocks which correspond to specific parts of the hippocampus.
Except for the prediction evaluation block, the blocks are identified with
particular regions of the hippocampus (see Fig. 2A). However, we do not
mean to disqualify the possibility that the prediction evaluation generator
resides within the limbic system.

The centerpiece of the model is the prediction tier, which consists of
the principal neurons of CAl, the spiny pyramids. This greup of cells
produces two types of representations: a current representation and a
predictive representation. When generated as a monosynaptic response
to entorhinal layer 11I pyramidal cell activity, the output of CA1 is a rep-
resentation of the current environment. When generated as a monosynap-
tic response to Schaffer—commissural CA3 activity, the output of CAl is
a predictive representation.

Becausc we are dealing with an abstract idea of prediction, the mode!
works just as well whether we consider the axonal output of CAl or a
dendritic event in the CA1l pyramids as the predicted variable. (In keeping
with mathematical usage and the idea that CAl generates a conditional
probability, such as P(A | B), the term predicted variable, A in the exam-
ple, will refer to current representations in CAl; the term conditioning
variable, B in the example, will refer to the CA3 Schaffer~commissural
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ACTION -~

Pradiction | MISMATCH
Evaluation

Fig. 7. Here the model network of Fig. 2B is shown with the addition of a prediction
evaluation stage, which centrols the rate of adaptive modifications Copyright © 1989 by
William B Levy.

inputs to CAl; see Fig. 8.) Quite important to the mathematical details of
the model here is the postulate that the event being predicted in CAl is
a binary-valued variable for each neuron regardless of which ncuronal
state is considered to be the predicted variable. Thus, in each CA1 cell,
the predicted variable is a threshold-defined event, perhaps the action
potential of the soma and initial segment or perhaps a dendritic spike.

There are two preprocessing systems: one for the conditioning vari-
ables and one for the predicted variables (see Fig. 8). These preprocessing
systems do not correspond neatly to any single tier of principal neurons.
For the predicted variable, preprocessing, which includes signal mixing
and reducing statistical dependencies, occurs in the layer I1I ceils of the
entorhinal cortex, the distal dendrites of the CA1 principal neurons, and
within the interneurons of CAl stratum lacunosum. For the conditioning
variable, preprocessing, which involves signal mixing, remixing, reducing
statistical dependencies, and time-shifting, occurs in the layer II cells of
the entorhinal cortex, the dentate gyrus including its infragranular layer
(CA4 of Lorente de N6), and the CA3 region.
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Fig. 8. Schematic illustration of the conditioning {upper panel} and predicted (lower
panel) variable preprocessors. In the theory, the CAl cells generate conditional probabilities
and thus constitute the prediction representation space. Such conditional probabilities have
two variables, a predicted variable and a conditioning variable, each of which can be prepro-
cessed by the appropriate preprocessor. Copyright © 1989 by William B Levy,




276

William B Levy

It is also necessary for the conditioning variable preprocessor to per-
form a type of pattern recognition in order to be robust in its primary
preprocessing task. More information about this pattern recognition pro-
cess is found in Section VI. However, it is worth noting here that the
pattern recognition process proposed below is nat the information-tosing,
retrodictive process of categorization or classification that describes the
function of many other neurallike networks. Instead it involves shifting
the DG/CA3J activity state nearer previously used representations when
a mismatch signal exists and when the current environment is similar to
a previously experienced environment.

The prediction evaluation gencrator, as the mismatch-gencrating sub-
system (shown in Fig. 7), keeps a running average of the amount of sur-
prise that results with each successive current representation. When the
accumulated, running average surprise exceeds a certain prespecified
threshold level, the prediction evaluation generator activates a mismatch
signal. To generate the correct amount of surprise, this evaluator needs
to receive both current and predictive representations, that is, the outputs
from the CAI prediction tier. A more sophisticated version of the predic-
tion evaluation generator, worthy of both experimental and theoretical
investigation, posits a mismatch signal which controls the ease of modifi-

ability and state change along a continuum which varies monotonically
with the running average surprise. Because the mismatch detector’s out-
put is, in either case, a rather low-dimension signal, it differs from the
high-dimension signal used in predictor—corrector systems or back-propa-
gation schemes (Barto, Sutton, & Anderson, [983; Rumelhart, Hinton, &
Williams, 1986). However, the mismatch signal wsed here is similar to
Sutton’s adaptive critic (Sutton, 1984) because it quantifies the overall
quality of the multidimensional output of the prediction tier. Mismatch
generation is central to other theories as well, such as those of Gray
(1982), Brooks (1986), and Carpenter and Grossberg (1987).

The mismatch signal is of low information content and should be
thought of as a low-dimension output compared to all other signai lines
illustrated in Fig. 7. The leading candidate for this signal is the septal
mput to the hippocampus; other candidates are the various monoaminer-
gic inputs to the hippocampus.

When the statistics of the environment shift, the prediction evaluation
generator at the output end of the network signals mismatch (see Fig. 7).
If the pattern recognition process triggered in the DG/CA3 region by the
mismatch signal fails to find anything recognizable, the CA3 activity state
takes a random jump to another state and the mismatch signal allows syn-
aptic modification in the DG/CA3 system.
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An ancillary support function is also required of ;‘hf‘;] nel:two;l.(mtgl:ih(:;
i i ignal, may be one of the low-di ‘
theory and, like the mismatch signal, ‘ ‘ i
nonep{eciﬁc neuronal systems mentioned abov;:_. Alny l(iw-dlsgzt;?;olr;kszga
‘ i h the entorhinal cortex,
nal, perhaps one mediated throug _ e T e
ibili ired support function, in eftect, p
reasonable possibility. The required st . ' 3
a distinctive label so that the prediction evaluation generator Is abl;;;;
tell the difference between predictive and current r_epresentdtlo'l}f.mate
signal’s function is to (1) force these two repre:\ser_ltatlon types to alte e
as they arrive in CAl and (2) inform the predlcuo_n eva]uatlo‘n ggnf'era y
w\fhich signal from CAl is a predictive representation and \?hnch_ls a (:uIS
rent representation. Alternation could be at regular or variable interva
ithout affecting the proposed scheme.’ ' _
N The shared representation space, which has CAl dltl;emall:pcghbtilew::?
icti ions, is the process by whi -
redictive and current represcntations, 18 T e -
E)vork satisfies properties (2) and (3) of the definition of a predictive repre
sentation (see Section 11, D, 3). o ' ,
Ser\]:e’di‘LL mgrc knowledge, including quantitative anatomy and tl:f ldppr(!}(;
priate physiological observations, the presen;fhnppc::gm::hal é?lzifu[;?l:-e
i tations performed in the e
be expanded to incorporate compu :
gions (see Fig. 1}, entorhinal cortex, and perhaps the r!wdern.Papez c;:t
cuit. Although anatomical and physiological observations may sugg s
additional computational issues, many of the same lype'_.:. of gompltllt_?tuc;d
strategies (abstract prediction and preprocessing to mix, un*fe; ‘IA and
lower the statistical dependence of signals) would b’e reapp:ga . ds ur
rently envisioned, the reapplication of these strategllfs wog_l_t!:;r: ;;ese
i i anded network capabilities.
mere interesting theory because of expan ork lities. These
iliti d the range of the predictions so tha p
expanded capabilities exten ‘ at the pre
icti i i ts further in the future, The
dictions being generated concern even ; _ f h .
circuitry clearly provides (see Fig. 1) more hlghjdlmensmp._posm\(rle f?:.g-
back loops which could mediate additional signal remixing an
shifting.

A. THE CAl COMPUTATION

i ; i -valued variables, {0,1}, with
t the CA3 inputs, j, to CAl be l?lnary val

tht‘; zlale of the jth input at time ¢ des!gnatedxas l}(:jix andys:i[;‘o:z }l';al.:c:
is f entorhinal or cortical inputs X as /- A — ¥ _ i
;;:?}T?((;ixr){;“; X. Let Z, (1 + 1) be a binary-valued variable whlc!) del
notes the state taken by a CAl neuron k in response to a lalyer.lll(;n‘,t:uilg
from entorhinal cortex. The strength of the synapse betweené:g CA.I
denoted as W,(f}). Suppose that synaptic modification of the -
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f‘yna?ses oceurs so that each synapse takes on values which are propor-
I;::;)lna to a cor]dntlonal.correlalion. For example suppose, as is detailed
ow, that this class of synapses modifies according to the equations;

i Wult + 1) = Wu(t) + AW, (r, 1 + 1) (8)

AWt t + 1) = e+ Zt + 1)~ [Y(1) — ¢ W)l (9)
'l;lt?en s_;ynaptic stn?ngth will asymptotically converge to P(Y, = | bZ, =1}
that 1s, approximately the value £[Y,|Z, = 1). Thereforck eacl;

P(;’: | ;k = .[) is, at Jeast implicitly, available at each synapse (jk).

At this point Bayes's theon;m and MRE inference instruct us to hypothe-

Eleelone particular cor'{:putatnon when we work under the supposition that

mizesg:nerates an optimal type 1l predictive representation which mini-
verage surprise. This computation is defi

For each CA1 neuron %, P chined by Bas. (10)-(12).

P*{Zkzl,}’)
PYZ,=0,) + PXZ,=1.Y)

PHZ=11X)=PNZ, =1 |1V = (10)

The first equality follows from the invertibility of £. The second equality i
Just Bayes’s statement. Equations (11) and (12) follow from MRE inf)‘,e:f
ence, from the postulate just above that averages are stored at the jk syn
apses (see a_ls_o Section V,B.2}, and from the added presumption tfwi fhl;
a;?;?ge agu\;llty !eyel {E:(ZjL = 1) is available at each CA|l neurcon. (These
;[:ievysefnzj.Itine;rr:;:r.l;:)g|ca] plausibility are discussed in greuter detail in

PHZ=1.Y) <= P(Z,= DOPY | Z= D) =Py, | Z=1)"% (1)
PHZ,=0.1) <= PZ,=O T P(Y, | Z,=O0[I1 - (¥, | Z,=0)'"> (12)

where <==indicates the MRE inferred ili ich i
probability which is optimal in th
context ofSh’ore and Johnson (1980}, and P indicates the sarnpll)e frequgnc;
or‘;l;e Bayesian, sample-based, updated average.
‘e note that we have a form quite similar to thos i
: . ) e seen in Hopfield
;L9m8;:l Hmto(rjl Iit‘lnl;:tESf:_mctwslu (1983}, and Golden (1988} because osr as-
ons an yield the conditional independ

e e pendence assumed by these
lehe f'e_ader has probably noticed that Eqs. (10)-(12) are written in terms
;* ;‘ldl;ldl.!&l cells, &, but that the probability distribution desired,
(Z | X). is over the aggregate of these individual neurons, If a postpro-
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cessing network such as the indicated prediction evaluation generator (see
Fig. 7) just adds up surprise across the CA | neurons, it is essentially making
an assumption of independence. We can equivalently think of suchan addi-
tive function in the prediction evaluation generator as obeying the dictates

of MRE when no further information is available. However, a more sophis-
ticated generator might be able to bring further information to bear as it
evaluates the output from CAl. If the prediction evaluation generator has

stored statistics which indicate some of the dependencies between the CAl
neurons. k, then the outputs of these cells can be appropriately weighted to
account for such interactions. Whatever the case, the binary version of the
generator generates a relatively low-dimension, mismatch signal when
there is too much surprise.

In hypothesizing Eqgs. (10)-(12} or their equivalents, as computations
performed in CAl, we hypothesize the existence of several neuronal func-
tions which have not been identified nor even looked for by neurobiologists
but which seem at least feasible. Equation 11 does not quite look likeacom-
putation of a neurallike processing element until we change the multiple
products to multiple sums via logarithms and exponentiation. Forinstance,
the multiplicative form is easily accommodated by spatial summation if

synapses perform a logarithmic operation. Spatial summation might occur

as \03-{5(2}4:0 Al

log P*(Y,Z, = 1T =5 ¥, log W}, (1 - ¥,) log(1 = W5) (13)
K}

for Eq. (11), and e
ogP (220 ¥
log PX(Y.Z, =0 ¥ 3 Y, log Wy — (1 - ¥} log(l - Wy) (14)
E)
for Eq. (12) with the appropriate exponentiation following these steps and
where

W = P(Y,| Z, = 1)and W, = P(Y;| 2,=0. (15)

The idea that the synapse performs a logarithm is plausible since the gen-
eration of voitage, as described by Nemsi and Goldman-type equations, is
a logarithmic function of conductance. More unusual is the consideration
that an inactive synapse [note the (1 — Y))terms] contributes to the compu-
tation. To produce this interaction, we hypothesize that the synapses are
on dendritic spines and that the nonsynaptic conductance of the spine mem-
brane can act as a current source of some significance,

The denominator in Eq. (10) is notably problematic for the theory since
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it is not obvious where the terms P Y, | Z, = 0) are created (however, see
Levy et al.. in press, for further discussion). We can offer several sugges-
tions including (1) a new modification rule at each synapse jk; (2) implicit
generation of P*(X)(see, e.g., Levy & Desmond, 19854, rule 2) which elimi-
nates the need for P*(Y [Z, = 0): (3) inhibitory synaptic modification
which apparently has the difficult, perhaps impossible, task of sorting and
weighting the terms j for each 4; (4) a process which guarantees that the de-
nominator remains constant; or (5) a mathematical short-cut which by-
passes the computation in the denominator altogether.

1t should be pointed out that if Eqs. (10)-(12) are implemented, each
cell & can work with any subset {Y} of the complete set ¥ and still, via
MRE inference, produce a prediction conditioned on the full ¥ space.
Note that the missing Y, inputs will cancel each other out in Eq. (10) when
they assume their MRE value, so full connectivity from CA3 to CA
neither postulated nor required.

P(Z, = 1)is postulated to be adaptively encoded at each cell £. This is
essentially the postulate that a cell knows about its own activity history
and modifies its excitability threshold accordingly. In studies of long-term
potentiation there is a phenomenon which suggests this postulate. The
phenomenon is observed as a shift in the amount of synaptic excitation
needed to fire cells and is called an i-o (for input conversion into output}
curve shift (see, e.g.. Wilson, Levy, & Steward, 1979, 1981). The essen-
tial observation of these studies is that, following high-frequency activa-
tion of the excitatory inputs to neurons in the dentate gyrus, less synaptic

activation is needed to fire the cell than before the induction of long-term
potentiation,

1is

B. ASSOCIATIVE SYNAPTIC MoutricaTion

Associative synaptic modification is central to the present theory. Most
of our detaijled understanding of the characteristics of the rule(s) which
govern associative modification comes from electrophysiological re-
search in the dentate gyrus which, by analogy, applies to the CA3 syn-

apses on the CA1l spiny pyramids. To some extent, understanding comes
from newer studies in CAl itself.

L. Self-Supervised Modificaiion

Most of the synapses in the present model are presumed to modify in
an essentially unsupervised (perhaps better expressed as a self-super-
vised) way. The three distinct self-supervised systems in the hippocam-
pus are the entorhinal synapses formed on the ceils of the dentate gyrus,
on the cells of CA3, and on the cells of CAl. There is abundant evidence
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for associative modification in the denla_te gyrus (see Levy & [_)esrnogd:
1985b; Desmond & Levy, 1988, for rev1ews}.'Hcrc_ppstsynapllcf cxcnl:e
tion is permissive for change and presynaptic activity delermmfes the
amount and sign of the modification. In CA3 there hav_e been 'EO :‘1550 o
tive synaptic modification experiments of th'e entorhinal S);n?]psgs*tate
the anatomical similarities between the entorhl?al synapses ¢ ll e lf::n e
gyrus and those of CA3 lead us to hypothesize the ldentlc‘a fna urel_c
their associative modifiability. Finally, there are two reports o hsynfg)sg.
potentiation at the entorhinal-CAl synapses (Doller & Weight, ;
i 1986). . o
Klgzlfmh;\x;scd s;naptic modification is useful _for rt?du01ngd§tatlstlca!
dependency in representations because such ﬂ'}OdlﬁC&llOl‘l tenf_§ to c’[{‘):ils
bine the effects of converging and correlated inputs on cell firing. s
type of modification also assists the pattern recognition aspect o
neg\’fz;kihough associative modification in the dentate gyrus aPp;ars :;
be self-supervised, the research in th}a der_ltate gyrus can be us:jel asxm
analog for the reinforced type of ]Tl()dlficaFlOn Wl‘flch is proposi 0 eeﬁ_
at the CA3-CA| synapses. This analogy is possible because the exp o
mental paradigms used in the dentate gyrus use a weak apd a str:img Setr‘;m
rhinal input to ¢create many of the charactensucs_ of a re1nf01j§e‘ sy tun;
Some of these characteristics include (1) the nonlinear, permissive ?gs?a
of convergent excitation (Burger & Levy, 1987; Levy & Bucli'ﬁf:r;j 1973:
1987b; Levy & Steward, 1979; McNaughton, Douglas, & Go dar » 19785
Wilson er al.. 1979, 1981); (2) the existence of a long-lrerm 61:3:?55]0;
which complements long-term potemiatign so that an erasure mec aLr;f
exists which allows the synapse to function as a running averager_t(_ tin!::
Brassel, & Moore, 1983; Levy & Steward, I97_9, l9§3?; (3) a speci ;:1 -
ing rule which defines the meaning of “ass'oc_lated in the t;::pp:oraction
main (Levy & Steward, 1983); and ’(4) a_hmued amount ¢ inte etion
along the proximo—distal dendritic axis which defines the me?;;;)g o
sociated’’ in the spatial domain (White, Levy, & Steward, .

2. Synaptic Weights as Averages

The experimental observations of Levy and Steward (cll?79juan:ul,evr3;
et al. (1983) using the entorhinal-den_tale gyrus synapses 1Irecd 3:0 ap‘}:)ri-
a specific class of synaptic modiﬁcat_zon rules which are re :;l; (o8 van
ety of earlier proposals (e.g., Amari, l???; Grossberg, 1976; ohor ,
1972, 1984). The formulation is best written as Eq. (8) above and as:

AWt 1t + 1) = e AZY) [Y; — cWaul0)]. (16)
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Equation _(16} is the simplest member of a class of equations which fits
the expe{'lmenlal observations and has the properties desired by man;}
Fheorencnans. The argument ¢ is time in some discrete units and is implicit
in terms Z, and Y. The variable W, is the strength of the synapse formed
between aff'erentj and postsynaptic cell £. The variable AW, (it + D is
the ’c!'lange In synaptic strength over one unit of time. The v;riable ¢cisa
positive constant of appropriate units so that ¥; and the product [¢ W, ()]
Flave tl:le same units; € is a small positive number; Y, the presynei;];tic
input, Is nonnegatively valued. If Z,) > 0, the diffelfcnce (¥, — cW,)
determines whether potentiation or depression of synaptic sllfcngth V:"
occurs. This difference term also keeps the synaptic strength W, withijr:
llm}ts, that is, between { and the maximum value of Y/c. The a?gument
Z, is some postsynaptic event in the kth neuron. The postsynaptic term
RZ) is nonnfegz}tlve and nondecreasing in the argument Z, so that this
term IS permissive for change. For an unsupervised system, fiZ,) is just
a function of the inputs and their synapses on £, as AY, W, L Fo; a rein-
forced system, fiZ,} is a function of a set of inputs and synapses on cell
il;e?::ler than the set ‘(ilesc:éibed by ¥, Further details on this distjnction
een unsupervised and reinfo i i ion ¢

hetween uns ([é{; on s Bay rced forms of synaptic modification are
Ifthe environment is stationary and strong mixing, it is sensible to aver-
age both sides of the equation over time (indicated by expectation opera-

tor E{ ] (see Geman, 1981; Levy & Geman, 1982, f i
(16 ahGsee Gema , , for examples). Equation

E[AW,] = E[e AZXY,— cW,)] 7)
€ EIflZ) Y] — e cE[AZ)W,]. (18)

g;) is small enough, W, changes very slowly. We can then rewrite Eq
as ‘

EIAW,] = ¢ E[RZ)Y]—« W.EfZ)] (19
where ¢ has been given the value of one.

In a stationary, strong mixing environment, ETAW,] converges to zero
s0 that we have, after rearranging and dividing,

EfZ,), Y]

= LRIy T

u = TBRZY @0
Now, if AZ,) can only take on the values zero or one, we can write

Efiz)=1r]
EAzy =1 - YAz = 20
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1t is notable that, without the term (— W,) corresponding to long-term
depression (¢.g., Burger & Levy, 1985), this development [Eq. {16)-(20)]
would not go through.

The running averager form of synaptic modification just described only
coverages to a delta neighborhood determined by the size of €.

A mathematically different class of rules also fits the physiological ob-
servations and provides a similar final value of each W, as does the run-
ning averager. This other set of rules is Bayesian in their updating method
(Levy & Desmond, 1988). These rules produce changes in synaptic
strength which coverage to exact averages. A seeming disadvantage of
the Bayesian adaptive form of associative synaptic modification is that,
when flZ,) > 0 after many trials (actually the Bayesian form is most sensi-
ble when fiZ,) can take on values zero or one), new associative events
have very little affect on the synaptic weights.

An alternative modification rule, which shares some of the features of
the running averager and the Bayesian form, uses Eq. (16) and a dynami-
cally controlled € (), 0 < € (¢) < 1. The variable € (¢} would be controlled
by the prediction evaluation generator so as to be identified with a contin-
uous mismatch signal and would be adjusted to larger values in novel
environments and to smaller values as more and more time is spent in
the same environment. Thus the delta region of approximate convergence
which exists in the stochastic averaging method would go to zero. That
is, there would be exact convergence when the input environment is sta-
tionary in its statistical correlations.

3. Reinforced Modification

A variely of researchers distinguish between unsupervised and rein-
forced-type supervised modification rules {e.g., Amari, 1977; Kohonen,
1972, 1984). Most important for the development of a network which can
perform prediction of future events is an associative synaptic modifica-
tion rule and appropriate neural circuitry in which the synaptic strength
of afferents representing early events is reinforced by converging afferent
activity representing later events. The relevant characteristics of a rein-
forced synaptic modification rule for our model are

1. There should be two distinct classes of excitatory inputs. The two
classes are presumably the entorhinal cortical and CA3 inputs to
CALl.

2. Sufficient activity of one class of inputs should permit synaptic mod-
ification of the other class of inputs. Presumably entorhinal cortical
activity is permissive for modification of the CA3~CAl synapses.

3. The opposite interaction, which reverses the permissive input and
the modified input, should not occur. Here the entorhinal-CAl syn-
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* apses can remain unmodified even while their activity permits modi-
fication of the CA3-CA1 synapses,

An additional characteristic we find useful in our network models js:

4. The permissive class of inputs is cupable of self-supervised modifi-
caiion though not necessarily while simultaneously permitting modi-
fication in the other class of inputs. (Such unsupervised modifiabil-

ity of entorhinal-CA1 synapses is suggested by other work from our
laboratory.)

The possibility that CA1 is a reinforced type of supervised system fol-
lows from the experimental demonstration of these four properties by
Moore and Levy (1988: Levy, 1988). These experiments studied associa-
tive synaptic modification of CA1l in the hippocampal slice. This study
was able to find stimulation parameters such that the CA3 input required
an associated distal dendritic excitation for CA3-CA! potentiation to oc-
cur. The reverse interaction, in which potentiation of the distal synapses
required CA3 activation, did not obtain, however. These and other obser-
vations (King & Levy, 1986) suggest that modification of the CA3-CA|
Synapses, as controlled by the entorhinal input to CA1, bears a fundamen-

tal resemblance to the reinforced type of supervised synaptic
modification.

C. TIME CONSTRAINTS ON ASSOCIATIVE SYNAPTIC INTERACTIONS

The temporal dependencies governing associative synaptic modifica-
tion are crucial to any theory of the hippocampus as a generator of predic-
tions. Experiments using the bilateral projections from the entorhinal cor-
tex to the dentate gyrus were the first to observe a rather special temporal
relationship which defines association at the cellular level (Levy & Stew-
ard, 1983; Lopez, Burger, & Levy, 1985; Lopez, Burger, Dickstein, Des-
mond, & Levy, submitted; see also Levy & Desmond, 1985b, for review).
These experiments show that the pre- and postsynaptic activities, Y, and
AZ,) of Eq. (16), need not be synchronous so long as their temporal asso-
ciation falls within the constraint of a specific temporal window and has
a special temporal ordering. The temporal ordering constraint aliows as-
sociative potentiation when the presynaptic activity ¥, precedes the post-
synaptic excitation f1Z,). In fact, the two activities need not overlap at
all.

Associative long-term potentiation can be induced with as much as 30
msec between the first pulse of a Presynaptic train and the beginning of
a powerful postsynaptic depolarization. The reverse ordering is not a po-
tentiating condition at all. Rather, long-term depression occurs when the
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permissive, reinforcing input precedes the associat‘ed presynaptic activ-
ity. Functionally, then, the rule looks at the precedl‘ng Y,=0 associative
with the AZ,) > 0 rather than the activation of j which follows activation

of &.

Similar experiments have now been performed in area CAl. Here the

entorhinal input to CAJ is the permissive input for mogiﬁcauon _of ?he
CA3-CAIl synapses. As in the dentate gyrus, the permissive excitation
can foltow, but not precede, synaptic activity to produce long—terrr} poten-
tiation at the active CA3~CAIl synapses (Moore & Levy, 1986; Levy,

1988). Figure 9 shows the temporal nature of the pulse trains used in this

experiment to induce associative long-term potentiation. The reverse or-
dering does not produce potentiation.

The ordered timing requirements of an associative synaptic modlﬁ;a-
tion rule are useful for constructing a network that leams_sequences.l cl:ar
example, if one particular event represented by the CA3 inputs regularly

caa {11 T
N T =

CA3
Reinforcing
input

modification
ooGurs at this
b.mmnmgd 1. _

Fig. 9. Associative polentiation can span time, Associali\fe long-term potc‘nlri:tlon‘::
CA]—&A[ synapses is induced by the input of emtorhinal _comcal (EC) neurons. ote
temporal relationship between CA3 and EC activity which lnduce§ potentiation: the reverse
ordering does not produce potentiation. Copyright © 1989 by William B Levy.
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precedes a particular event represented by the entorhinal layer 111 cells,
then the CA3 event can be used to predict in advance. by about 20 msec,
the entorhinal event or the CAl cell firing induced by the entorhinal
event. The observed timing requirement thus allows the CA3 input to
predict CA1 activity induced monosynaptically by the entorhinal input.

Of course, the rather limited temporal window of 30 msec must be ex-
tended to be of behavioral consequence. That is, the temporal window of
such associations is too brief to make timely predictions if we consider
the whole animal trying to predict its environment in the real world, In
this case, a useful predictive representation must be produced many tens.
hundreds, or thousands of milliseconds before the event being predicted
actually occurs so that the animal can act on its predictions in time. In
fact, we interpret the results of these synaptic modification studies as
truly limiting, and, therefore, we must consider other mechanisms which
might be used to extend the temporal context of the predictions.

D, TIME-SHIFTING FOR ASSOCIATION AND TEMELY PREDICTIONS
1. Delay Lines Shift Representations Later in Time

Although an event which occurs in the real world cannot be shifted in
time, it is possible to shift representations of this event in time. The more
obvious shift is to move a representation later in time. Shifting a represen-
tation later in time is a workable scheme used to produce an association
of two events at the cellular level even though these two events are widely
separated in time in the real world (e.g., Zipser, 1986). In fact there is a
history of research in which sequences longer than two are treated by
adding delay lines and feedback (Fukushima, 1973; Grossberg & Kup-
erstein, 1986; Hopfield, 1987; Kleinfeld, 1986; Kohonen, 1984) to solve
pattern recognition problems. However, pattern recognition problems are
retrodictions while our interest here is in predictions.

In order to shift representations in time, action potential conduction
down an axon could act as a delay line on the scale of 2—4 msec; more
important, however, is the capacitance of each neuron. The so-called syn-
aptic delay, usually defined as the time it takes a synaptic event on a
dendrite to charge the neuron’s cell body, is of the order of 10-12 msec.
So, for example, by chaining together a sequence of 10 neurons, a shift
in time of 100~120 msec might be achieved. This is still a rather short
interval to be of use for many of the sequences encountered in the real
environment, such as the sequence of representations generated as a rat
moves through a maze.

The top portion of Fig. 10 illustrates a delay line circuit called a tapped
delay line because of the multiple delay times available. Such tapped de-
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e vever. st mulllplﬂ-_lly y irable delay of predictive representations. In
r, such delay lines produce an undesirable ¥ i )
:g::f::t a positive feedback loop (lower panel) can span Iopger time wnnfi(:l\:'?g tl;;:g lg;
delay iil{es without delaying prediction generation (se¢ also Fig. 11). Copyrig

William B Levy.

lay lines are, however, unsuitable f_or producing a !Jreqlctlve L?p;e;::it:lla;
tion in a timely fashion because this same delay circuitry, whic nag
pre- and postsynaptic events together in 'ume to allow a-ss(.)matwe ::emg:
tic modification, must also delay generation of the predictive re[zjr'l. e
tion itself. This undesirable delay is inevitable because the conditioning
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inpyt A which generates the prediction (B*) is delayed by this same cir-
cuitry. As a result, by our definition of prediction (see Section II1), an
overly delayed prediction is not a prediction at all. Thus, for the predic-
tion problem, as opposed to the retrodiction problem of pattern recogni-
tion, this imposed delay must be removed during prediction since the pre-
diction must be delivered in a timely fashion 1o be a predictive
representation,

To be more specific, consider some realistic estimates. A single delay
of 10 msec, which just shifts an input into a 20-msec associative window,
will create a prediction with 10 msec to spare using the moditied syn-
apses. However, if more than 20 msec of delay are interposed to shift a
conditioning representation into the associatjve window, then the predic-
tion later generated by the conditioning representation through this same
synapse will not precede the event being predicted (see also Fig. 11 and
below).

Thus, to implement the pure delay line strategy not only requires a
multiplicity of delays but also requires some way of shifting the delayed
response earlier in time or abandoning the originally modified synapse.
This problem is solvable for unidimensional signals by using a cascaded
sequence of associative modification. For multidimensionaj signals, how-
ever, we have been unable to find an implementation within the spirit of
the delay line that does not require to0 many neurons or oo many syn-
apses or that does not violate the local computational principle. The sim-
ple picture at the top of Fig. 10 may conjure up the idea that a feedforward
input could by-pass the delay circuitry after learning has occurred. but
the figure omits the fact that the signals are multidimensional und that
successive stages involve thousands of neurons working in parallel while
intermixing signals, rather than just the single neurons illustrated,

2. Feedback Networks as Muliipie Delay Lines

Networks which can obtain approximately stable states, however, such
as the feedback networks of Hopfield (1984), Cohen and Grossberg
(1983), and Shaw, Silverman, and Pearson (1985), are suitable for time-
shifting delay and for what is effectively reverse time-shifting. That is, if
a sequence of representations is highly similar, then associatjve synaptic
modification can occur using the later members of such a sequence, but
the modified synapses will be accessed by earlier members of the se-
quence when the sequence reoccurs as well. Thus feedback networks,
including both the short CA3-CA3 loop and the longer limbic loops
through subicular cortex (see Fig. 1) (see, e.g., Deadwyler, West, Cot-
man, & Lynch, 1975), may be able to function as a variable time-shifting

289

Hippocampal Computations

device which, in the sense of the similarity approximation achieved, dis-
sojves the arrow of time.

3. Feedback Networks Can Time Shift without the Problems of
Delay Lines

The proposed time-shifting mechanism_is an approximation scheme
which uses preprocessors to make successive signals 51m|la_r e_nough that
any one signal can substitute for the other to perform prediction but yf;t
different enough that there is no informatfion loss, H()f' | ¥, from tl:ns
transformation. This idea is illustrated at the t.)oltorn of Fig. lq am_i in Fig.
11. Figure 10 shows how feedback would shift a representation into the
associative window of synaptic modification. Early representations are

A Ao A s A

Mouron =

isranes

AI

A"

Time

Fig. 11. Time shifting via approximale sequence 'stabili!y of CA3 ﬁ_nng ?la;lterl_'n:t.aa;‘ :‘ecd;
back network such as CA3 can help span longer tu"ne windows whn!e;u trrmu 2 u:ﬁc 2
scquence of distinct representations. The lower portion of‘lhe ﬁgurt? in wa.es a :nz uence
{A'-A'") of output activity patterns of 22 CA3 neurons. Solid neyrons are vn; 0A;I>e neurons
are off. Because the activity patterns A' and A_"" in CA3 are nearly th'e sarf!e. : .ca acees
almost the same CA1 synapses as A® including thosc synapses whuf:h 'hdve d;s:t:n_a thz
modified. [n this way, feedback loops can span longer lime wmdch.w.:. without delaying
generation of a predictive representation. Copyright © 1989 by William B Levy.
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almost identical to late representations (see bottom of Fig. 11), so even
when synaptic modification in CAI occurs to late (delayed) representa-
tions, the early representations will use the same synapses to evoke
timely predictions.

At this point the combinatorial explosion begins to work in the net-
work’s favor because, in the high-dimension space (i.e., lots of neurons)
used for neuronal representations, only a very small difference is needed
to distinguish successive signals while the approximately identical narure
of these signals is maintained. That is, perfect signal reproduction is not
needed in a high-dimension space because small differences are a trivial
fraction of the total representation signal. The feedback loop which pro-
duces approximately stable representations thus allows the network to
span a variable time range, a long interval for asseciation and litile or no
interval for prediction.

Some calculations illustrate how well the feedback network can work,
Suppose we have 10° CA3 neurons code a representation with 0% active
and 90% inactive neurons. Of these 10,000 active neurons, let 1% vary
randomly while the network keeps the other 99% at the same high proba-
bility of firing. Each successive pattern will be almost like the previous
pattern even though the network has some 2" distinct states available if
the 1% of the neurons undergoing random firing have a 50% chance of
being active. Thus the network can uniquely represent any sequence of
differing patterns, which allows it to avoid information loss [H(X | ¥)],
while the first representation and the last representation remain almost
identical, within 1%. In this way, associative synaptic modification using
the delayed form of the representation is good enough because both the
early, and what we might call the reverse time-shifted, representations
use almost the exact same set of synapses.

Figure 12 depicts a low-dimension example of eight different represen-
tations which accomplish temporal compression because they are nearly
identical. Larger groups of neurons will do exponentially better in terms
of the possible number of their distinct representations and their
similarity.

4. Extending the Forecasted Period

In sum, four mechanisms of time shifting have been presented (see Fig.

- 14): (1} a delay line which uses the RC time constant of neurons to slow
propagation of signals through a network; (2) a high-information content,
positive feedback using a short loop; (3) a high-information content, posi-
tive feedback that uses long loops; and (4) the associative synaptic modifi-
cation rule, which can associate two different inputs across a gap in time.
In the next section we suggest that the feedback circuitry of the hippo-
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Fig. 12, One tier of neurons, changing over time, could achieve a highly similar but

different series of representations. Solid NCurons are on; open neurons are off. Copyright
© 1989 by William B Levy.

campus (and associated {imbic structures as well) can be used both to
create predictions which look farther ahead into the future and to solve
the problem of decreasing the statistical dependency of representations.

VL. An Algorithmic Process as a Hypothesis for the Function of DG/CA3

This section presents the second half of the argument that the function
of the DG/CA3 system is to produce a sequence of similar representa-
tions. We have just seen that such a sequence is useful for solving the
time-shifting problem. Here we sketch an argument which hypothesizes
that such a class of sequences can also solve the problem of lowering the
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intrinic statistical dependency [Eq. (5)] of the conditioning variable [¥
of Eq. (10}].

A. THE TIGHT PACKING ALGORITHM

For the sequence X(z), we are seeking a way to implement a transfor-
mation, f: X(t)—> Y(z + 1), that is provably optimal for reducing statistical
dependence. In other words, we want to find an f which creates the small-
est 3 H(Y) while preserving information, H(X | ¥).

Below we outline an algorithm which achieves the desired transforma-
tion. Figure 13 illustrates how, after removing enough redundancies by
some as yet unspecified process, it is sometimes possible to represent the
same information with fewer active neurons. We call this transformation
“tight packing™* because it allows a reduction in the required size of the
representation space.

In fact, there exists a deterministic algorithm which implements tight
packing. Just below we prove its optimality in a rather restricted setting.
Then we describe a relaxed version of the algorithm which a neural net-
work might be able to implement. We call this approximation method
“‘rough counting.’’ It is easy to imagine that the same DG/CA3 circuitry
which performs time-shifting would simultaneously accomplish rough
counting. Finally we point out that the algorithm is unsatisfactory in a
nonstationary setting and suggest a possible solution to this failing.

The algorithm works for the space, X € {0,1}", when the space is
sparsely sampled, that is, when the sample size N << 2",

It can be claimed that the mapping which takes an arbitrary sequence
X(t) into the sequence Y(1 + 1) as illustrated in Table I produces a ¥
of minimal statistical dependence. It should be clear that the illustrated
sequence Y in the third partition of Table 1 could just be the result of
counting a binary starting at zero. This mapping is a tight packing because
it minimizes the Hamming distance among the points enumerated. In fact
counting up from zero is not the only way to achieve minimal statistical
dependence. Any mapping, which may start at any point in ¥, minimizes
statistical dependence if the mapping minimizes the Hamming distance
among the points in Y space.

The proof that statistical dependence is minimized is trivial when the
sample size N = 2™, m is an integer, and when probability is taken to be
the sampled relative frequency. Suppose ¥ = (¥,, ..., ¥, ... ¥,). All
those dimensions j which remain unchanged, as in the first and second
partitions of Table I, have associated marginal probabilities {P(¥; = 1),
P(Y; = )} = {0,1}. All other dimensions (those in the third partition) have
P(Y, = 1) = P(Y, = 0) = .5. The probability of any sampled ¥ is 2 "™,
and this is the same probability as computed from the marginal values as
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A Representations in a geometric space

{initial} {transformed)

8 The same 4 representations in a neural version of the geometric space

{initial) {transformed)

Fig. 13. Tight packing can lower the complexity of a representation. A, Four represen-
tations (e} in a three-dimensional space {a cube) are transformed inte four representations
in a two-dimensional space (a face of the cube). B, If a neuron corresponds to a dimension
of the cube, three neurons are needed for the Four representations scattered around the eight
corners of the cube initially. However, only two neurons are needed for the representation
afier the transformation. Copyright © 1989 by William B Levy.

the product (1"~"){.5~ ™). For the configurations ¥ of relative frequency
zero, the marginal-based calculations give probability zero. Thus we have
shown that the mapping produces complete independence under these
circumstances because the full distribution P(¥) is reproduced by multi-
plication of marginal probabilities, [P(Y))].

It is too much to expect a neural network to “*count’ in perfect order
but this condition can be relaxed.
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TABLE |
PARTITIONING OF PROCLESSORS AFTER 2™

SAMPLES

Partition

N First Second Third
1 {000...0 1111 000...00,
2 000...0 1.1 000...01,
3 000...0 [...1 000.... 190,
4 000...0 .1 000,11,
- - L] L]
2 000...0 111 1r...114

B. RouGH COUNTING
1. Sampling in Bunches

Consider the case in which there is a single generating distribution,
F{X(1)]. Samples are sequences of X drawn in a group, say 2" at u time.
If a single sampling period covers 2.5 msec, then 2° samples represent a
sampling period of only 160 msec, so sampling in bunches is quite con-
ceivable for the brain or regions within the brain.

2. The Algorithm Is a Dynamic Partitioning

Suppose there are n processors (about 10°~10" neurons in a subregion
of the limbic system that inspires this theory) in the X space, such as layer
H cells of the entorhinal cortex, and the same number in the Y space, such
as CA3 spiny pyramids. We will now see that there is a dynamic, thal
is, time-dependent, partitioning of the n processors in the ¥ space. This
dynamic partitioning requires three distinct sets of processors {1,2,3} with
n(1), ny1), and my1) processors in each set in such a way that 21 > 27
>> 2™ holds. For instance, n, might be 1-10% of n,; n, will never be
larger than 40 neurons, and 1620 seems enough for most situations for
two reasons. First, the third partition will by itself distinguish the sampled
¥s so as to stand in one-to-one correspondence with the X samples. Sec-
ond, 2% processors allows a unique representation in ¥ of more than one
million samples from X.
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The nature of the partitioning of the neurons of CA3 can be described
as follows:

1. The »n, processors in the first partition of ¥ have never fired.

2. The n, processors in the second partition have always been firing.

3. The n, processors in the third partition have been on half the time
in a very special way.

Specifically then-—and here we again assume for simplicity that N is a
power of two, say 2" —n,(N) = m and no two vectors in Y are the same.

Table I shows such a partitioning of processors after N samples.

When the set of states in Table 1 is ordered as indicated, the third parti-
tion embodies a counting algorithm. As potnted out above, such a count-
inglike ordering is induced by the way we have ordered the processors ¥,
and their partitions for illustrative purposes. Such an ordering does not
actually occur in a network so that any numerical label on a processor is
just an arbitrary mathematical convenience. [It may also help some read-
ers to note that the transformations under which the measure of statistical
dependence is invariant include (1) complementation of any Y, because
P(Y) is a binary distribution and complementation does not alter H(Y))
and (2) permutation of the ordering of the Y, values because X H(Y) is
unaffected by permutations of the variable ordering 1, 2, 3, . . ., »n.}

Not only is optimization invariant over permutations of neurallike proc-
essors ¥, but it is adequate to count in a rather slipshod manner. Since
samples arrive in groups before a prediction is required, the network does
not need to do a proper, straight-through job of counting. Any ordering
within each group, including a randomly created one, is good enough so
long as each group more or less methodicallv occupies the counting sub-
space: the third partition.

The dynamic aspect of the partitioning involves shifting a processor
from either the first or second partition into the third parntition. Tables
IIA and IIB show the partitioning after two and four samples respec-
tively. Note that we have suppressed group sampling to make the tables
simpler. Tables LA and IIB precede Table [ in that the Table 11 partition-
ings later grow into the partitioning shown in Table 1. Thus, in this dy-
namic partitioning, a processor of the first partition has been off (i.e., a
zero) for the last N samples and then shifts into partition three by turning
on (i.e., a one) for the next N samples. A similar scheme describes the
shifting of a processor from partition two to partition three. The size of
the third partition thus grows at a logarithmic rate with sample size so
that there is more than enough space for any number of samples that may
be realistically encountered.
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! TABLE 1i
THE GROWTH OF THE DYNAMIC
PARTITIONING
Partition
N First Second Third
A. After two samples
1 {600...0 111...1 0,
2 000...0 lil...1 1}
B. After four samples
1 {00...0 Ii1...1 00,
2 00...0 1.1 ol,
3 00...0 111...1 [0,
4 H...9 ...l

I}

3. Neural Hypotheses

The exact mechanism which would accomplish this algorithm has not
been tested. However, the mechanism seems to be compatible with the
computations of neurallike processors, particularly feedback networks.
The extreme constancy of successive patterns (note that they differ from
each other by much less than 1% for the number of processors envi-
sioned) could be produced by a Shaw er al. (1985) network or by a Hop-
field (1984) or Cohen-Grossberg (1983) feedback network that has nearly
converged. The slight movement away from an absolutely identical se-
quence of states ¥(z + 1) would be guaranieed by the nonconstancy of
the input patterns X{1).

C. NONSTATIONARY ENVIRONMENTS

A complex environment might contain a sequence of generating func-
tions. In this case even the rough counting algorithm leaves something to
be desired. For example, when the environment shifts from one generat-
ing process to another and then shifts back again to a previously experi-
enced environment, the preprocessor should be able to shift the dynamic
partitioning appropriately. In particular, the network should be able to
use the previously acquired conditional expectations in CA1 for predic-
tions in the previously experienced environment. However, it will only
be possible to use these acquired expectations and to update them adap-
tively if the network can return, at least approximately, to the preprocess-
ing state, that is, dynamic partitioning, used for the recurring environ-
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ment. Unfortunately, naive implementation of the rough counting
algorithm can destroy the usefulness of previously acquired conditiong]
expectations because the algorithm can be implemented so as to invali-
date the previously acquired expectations.

To put this a little more precisely, we are now considering the problems
which result from nonstationary environments. These environments can
be thought of as a sequence of generating distributions indexed by r. in
such circumstances, rather than seeking overall independence, the net-
work should seek the independence of the representation ¥ conditional
on r. Thus, rather than seek a good transformation f, we are sequentially
seeking good transformations f,.

The added difficulty of prediction in the nonstationary complex envi-
ronment is how and when to change the transformation f: X — ¥ to an-
other f,. It is particularly critical to discover a method of changing £, which
allows the network to return to an f, = f, when s reoccurs. What is re-
quired then is an adaptive version of this dynamic partitioning so as not
to destroy previgusly acquired relationships. The proposed solution to
this problem is to interpolate a pattern recognition process between envi-
ronments -,

One scheme we are considering is described by the following sequence
of operations:

tight packing . . . tight packing
v

mismatch

17
pattern recognition on the current input r
4} suppose r is most similar to ¥, then
choose f,

U
begin tight packing algorithm again.

The tight packing portion of the algorithm is the rough counting describ?d
above. Rough counting continues until a mismatch signal occurs. z?dls-
match means the detection of a series of sufficiently poor predictions
such that it is worthwhile to assume r has changed. The prediction evalus?-
tion box of Fig. 7 is the mismatch detector. The evaluation process is
an adaptive procedure which produces a running average measure of the




298 William B Levy

quality of the predictions relative to the corresponding actual cutcomes.
Mismatch detection terminates the tight packing mode and switches the
network into a pattern recognition mode. The network performs as a par-
tern recognition device on the current environment. This pattern recogni-
tion process allows the DG/CA3 system to take advantage of previous
adaptive modifications and to shift its preprocessing transformation along
with the shifting statistics of the entorhinal cortical inputs. This pattern
recognition process also allows the network to return to ofd transforma-
tions when the environment shifts back to previously encountered statis-
tics. If a previously encountered r is sensed, the network configuration
moves, that is, shifts its activity state, to a configuration that is similar to
the previous representations of r. If a new 7 is encountered, any confipu-
ration that is not associated with any r already observed will do. It is very
easy to find a new place to begin tight packing in such a large space
(~2'"%) because no more than a random selection upon the neuronal
activities is necessary to implement the beginning of the three-way parti-
tioning which is, with statistical certainty, a novel configuration. A novel
environment would then require synaptic modification to set up relatively
stable conditions which are the first and second partitions of the dynamic
partitioning.

After the network activity pattern moves to the appropriate configura-
tion of activity, that is, to the first and second partitions appropriate to
the environment r, tight packing begins again from about where it left off
for this environment, with increases in the number of processors in the
third partition as necessary.

In sum, then, we propose that the same mechanisms which are used
for time-shifting representations can also be used for solving the sensory
fusion problem. The similarities between Fig. 14A and 14B make the
same point by juxtaposition. In fact, it is only natural that a system which
evolved for helping mammals move to and from the nest as efficiently as
possible would have both the capability of sensory signal fusion and of
time-shifting representations.

Finally, we can posit a relationship between the psychological theories
of hippocampal function and the computational theory presented here.
The time-shifting feedback loops which produce sequences of similar rep-
resentations can be put to other uses. Each of these feedback systems
can function as one of the short-term memory systems in the brain. In
addition, these short-term memory systems are particularly suited for the
signal mixing task of lowering statistical dependence and of connecting
the past with the future—functions that could well describe the funda-
mental computations of a working memory system.
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prediction before the event being predicted. B, The same circuitry used for time shifting can aiso be used for signa]'n?ixing. Note that
divergence and convergence as in (1) can take place at many successive levels of the system. Copyright © 1989 by William B Levy.

1. EC —» CA3 = CA1
4. Time constraints of synaptic

2. CA3—=CA3
3. EC—=EC
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