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Abstract. Recurrent networks are often used as content addressable memories and as an explanatory hypothesis
for human cognitive pattern completion (Anderson et al. 1984, Grossberg 1976). In addition, sparsely
connected recurrent networks trained for dynamic representations can successfully perform sequence completion
under ambiguous conditions (Minai et al. 1994, Levy et al. 1995, Wu et al. 1996). If we take the view that
problem solving is often a sequence prediction problem, then we find that these sequence learning networks can,
without search, hypothesize novel paths to goals that are only partially specified. Such results demonstrate the
possibility that n8twork dynamics contribute to creative problem solving.

Introduction. The hippocampus is critical for animals as they learn and find their way around in the world.
The mental basis of this ability is called cognitive mapping, (Tolman 1932), and it is fundamental to current
theories of hippocampal function (e.g. O’Keefe & Nadel 1978). One of the obvious reasons to have a cognitive
map is to plan a strategy to get from one’s present location to another place (a goal) where there is something
desirable. For instance, when a rat is thirsty, it will need to go where water is and when it is hungry, it needs
to go where food is. Thus, the desire an animal has in its mind (e.g. food or water) should affect the planned
sequence that will carry it through its cognitive map of the world. Indeed, the spatial location of the goal that
the animal might hope to head toward must be affected by the desires of the organism itself.

Here we present a model of the hippocampus (Levy 1989; Minai & Levy 1993b) that can hypothesize a

novel path to a goal and that can produce an appropriate path to a goal without search and without actually
going down that path.

The Network. The network, inspired by a small piece of hippocampal region CA3, has a sparse recurrent
connectivity (10%) between its 512 excitatory neurons and a paucity (one) of inhibitory neurons that maintain
control over net activity levels in a crude, imprecise way (Minai & Levy 1993a). The simultaneously updated
McCulloch-Pitts neurons transmit z(t) € {0,1} every increment of time, t. The inhibition is of the shunting form
although there is an equivalent form in terms of a subtractive inhibition (Minai & Levy 1993a). The excitation y;

of CA3 neuron j is given by:

Zizwijcijzi (t-1)

Yj(t) =
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and its output of neuron j is

[ if y;(£)20 or if x,(t) =1;
zy(t) _{0 otherwise

where each neuron j receives a single external input x() €{0,1}. Average activity levels — controlled by the
inhibition constants Kj, K;, and threshold § — are set to just under 15%.

Synaptic modification proceeds adaptively via a self-supervised, local modified Hebbian process of the
form wy(t+1) = wy(t) + 0.01 + z(t) (z(t-1) - wy(t)). The time delay, similar to a proposal of Amari (1972), is
qualitatively consistent with physiological observations (Levy & Steward 1983). The use of this postsynaptically
controlled equation, however, is not critical to the qualitative performance of this model (see Minai & Levy
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1993b, Minai et al. 1994).

Learning occurs by repetitively presenting the input 300 times. Additional learning trials have no effect
on performance. After each presentation of a sequence, all neurons are randomly set to zero or one. When
there are two different sequences, a random process determines which sequence to present as an input. During
testing, the feedback inhibition, K, is raised.

So far, there is nothing too far out of the ordinary here. But let us now define the inputs and outputs
as purely dynamic. Thus, instead of defining stable points or transient attractors (Hopfield 1984, Tank &
Hopfield 1987) as code words which the network should learn, let us view each successive state of the network
as its representation of the world (Amari 1972) or, in the absence of input, its prediction on the world. In
addition, specifying input activities (8 out of 512) much lower than network activities (ca. 40 out of the other
504 neurons) leads to a largely random recoder because the inputs directly command so little synaptic
modification. The possibility for a broad range of self-determined codings is purposely enhanced by the sparse
random connectivity. It is this sparsity and the random placement of synapses that lead to an essentially
asymmetric connectivity. As a result of this asymmetry, the initial network dynamic is, for all practical
purposes, unpredictable (Minai & Levy 1993a), which implies that recoding by the self-modifying network will
appear to be a random process.

Basic testing consists of sequence completion. The network is randomly excited, and the first pattern
of a sequence is turned on for one time step. The network states are then allowed to evolve on their own.
From our point 8f view, we are asking the network to perform a sequence prediction problem.

The cosine function for comparing two vectors is used to understand the output of the network during
testing. Specifically, after learning, the network states that evolve in response to the test input are compared
with the states produced by a complete sequence of input patterns. By definition, the largest value at each time
step is the decoded network state at that moment. Although other techniques (e.g., maximum likelihood) would
produce superior decoding, such methods would obscure our object of our study, i.e., what the CA3-like
recodi__xig network is actually doing.

Results. Here we look at an analog of a useful skill in problem solving — the ability to combine separately
learned inferences. In this problem the network learns two deterministic sequences of 12 patterns (see Fig. 1).
Each sequence contains three orthogonal segments. Within each segment, the successive external inputs share 7
of 8 active neurons. The two sequences share a common subsequence [a,8,7] that is three patterns long. We
initially studied this problem of shared subsequences (Minai et al 1994 and again in Levy et al. 1995, Wu et al.
1996) to prove that the network, as a model of the hippocampus, can learn and can use context. Thus, we start
by studying the disambiguation problem. As before, the network successfully disambiguates two related
sequences based only on context. After learning, when the network is given pattern O, it produces a sequence
culminating in pattern Z. Similarly (see Fig. 2a), giving the network pattern A produces a sequence
culminating in pattern L. Once again, we emphasize that there is no explicit spectrum of delays (e.g. Kleinfeld
1986) nor is there any microscopic time spanning properties greater than one step so that the solution derives
from the code created by the network itself (Levy 1989).

In addition to solving sequence prediction under ambiguous conditions, we now want to show goal
finding by the network. This is a compositional problem involving a recomposition of subsequences.
Therefore, in addition to giving the network an initial starting point as an input, we also give it a partial
description of a goal that requires a novel path. Thus, the input is initially pattern A as before, but now two
neurons of pattern Z are continuously activated — as if the model has some partial idea about what the goal
looks like. In this case the network hypothesizes the path [A,B,C,,8,v,U,V,W,X,Y,Z] which reaches the
appropriate goal pattern. Fig. 2b helps show how the network succeeds. Thus, the model decomposed the two
learned sequences and recomposed the pieces as appropriate to solve the problem.

To avoid unrepresentative results, here we have present only robust results where robust is defined as
replicable in 4 out of 5 randomly constructed networks. There are four test cases, i.e. given pattern A, given
pattern O, given pattern A and two neurons of pattern Z, and given pattern O and two neurons of pattern L.
Out of the 5 networks we tried, the problems were correctly solved between 80-90% of the time with an
average of 85%.
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Fig. 1 Pictorial representation of the enviroment. There are two sequences of 12 input patterns to learn. Each
sequence contains three orthogonal segments. The two sequences share a subsequence of three patterns.
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Fig. 2 Sequence prediction after learning the two partially overlapping sequences illustrated in Fig. 1. These
similarity matrices use the cosine function. They compare the network states generated by each full pattern
sequence after learning (ordinate) with the network states generated over time during testing (abscissa). Decode
the output during testing by finding the darkest square in each column; the letter on the ordinate is the decoded
answer. 2a. Sequence completion in the disambiguation problem is made difficult by the shared subsequence
[oBy]). Here we show the similarity values (used for decoding) when the network is transiently given pattern A.
Appropriately enough for the learning and for the starting point, the states go to pattern L, a pattern essentially
orthogonal to the representation of the other learned goal pattern, Pattern Z. 2b. When the same network is given
the same transient input but two neurons of goal Z are also turned on, the network produces a sequence of
representations leading to this partially specified goal. To create this path, the network must produce a novel
sequence that appropriately combines its knowledge of the two separately learned sequences.
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Discussion. Because the network solves the context-dependent disambiguation problem, representations of o
through y must differ depending on where the network starts its sequence of representations. Even so, there is
enough similarity between each set of the a-y states for the network to follow either path depending on the
relative strength of the two attractors at the end of each sequence. In addition to the network’s immediate
representation of v, the winning attractor is a function of experience and of external biasing.

Hopfield’s research (Hopfield 1982, 1984) has inspired a great amount of analytical work on the
properties of recurrent networks. As a result, we now know that even networks with a time spanning Hebb rule
can form, at the very least, transient attractors (e.g. Sompolinsky & Kanter 1986, Wu & Liljenstrom 1994,
Liljenstrdm & Wu 1995). However, using the dynamics of such networks to solve sequence prediction
problems with novel goals seems a new use of such networks.

In sum, the hippocampal model studied here is capable of goal finding, albeit a highly simplified form
of this problem. As such, these results further validate this model as a simplified, functional paradigm of the
hippocampus.
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