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Abstract

Configural learning problems can be resolved by both
rats and humans if they are not 100 difficult (e.g. Alvarado
and Rudy 1992, 1995). The configural learning problem
which we explore here is transitive inference. Transitive
inference (learn the four pairs A>B, B>C, C>D, D>E, then
test with the novel pair B?D) was once viewed as a logical
problem. However, it is now acknowledged that when the
stimuli are appropriate even three year old humans can
solve this problem and, as well, so can pigeons and rats.
Thus, even though the problem is a simple exercise in logic,
there is reason to suspect that mammals, or Jfor that matter,
neural networks will solve such a problem without recourse
1o any explicit syllogistic reasoning. In fact, by casting the
input stimuli in a form appropriate for a sequence learning
neural network, a hippocampal-like network can solve the
transitive inference problem. Furthermore, performance is
appropriately disrupted by turning the linear sequence of
relationships into a nonlinear (circular) relationship.

1. Introduction

Configural learning problems are characterized by the
need to separate and possibly interact substimuli (atomic
stimuli) of a set of stimuli complexes (e.g., A is an atomic
stimulus of the complex AB). Because such tasks require
subjects to acquire nonspatial relationships between stim-
uli and because an intact hippocampus is required for such
problems, configural learning is regarded as a hippocam-
pally dependent function (Dusek and Eichenbaum 1996)
that reflects something apart from the cognitive mapping
theory of O’Keefe and Nadel’s (1978) of hippocampal func-
tion. Because we are studying a hippocampal-like neural
network model, it is natural to challenge the network with
such problems.
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2. The Problem of Transitive Inference

Transitive inference (Fig. 1a) is a classical problem in
cognitive psychology and was once considered a suitable
problem for judging the development of logical abilities
in humans (see references in Siemann and Delius 1994;
Wynne 1996). Transitive inference is based on a relation-
ship such as "weighs more than;" the problem is to infer
from A weighing more than B and B weighing more than C,
that A weighs more than C. Such problems can be solved by
logical inference. However, one should not assume this is
how the problem is solved because rats, pigeons, and three
year old humans can solve such problems if the stimuli are
in an appropriate form (Wynne 1996). Thus, we consider
the minimal neural-like network that might solve such prob-
lems. Psychologists now use at least 4 pairs of 5 atomic
items (i.e. distinct patterns) as shown in Fig. la. After
learning which atomic stimulus (A, B, C, D) is rewarded
in each of these four pairs, the subject gets the novel BD
combination and must choose one of the these two atomic
stimuli. Of course, B is the right answer. (One also tests
other pairs, but combinations involving an end element (A
or E) are quite easy because A has always been correct and
E has always been the incorrect choice.)

There is no single accepted control experiment for tran-
sitive inference. However, we would advocate the example
shown in Fig. 1b. Note that we have discarded the atomic
stimulus E, and in the fourth stimulus pair replaced it by the
atomic stimulus, A. To understand the difference between
the two learning sets, think of the original problem (i.e. tran-
sitive inference, Fig. 1a) as a row of five individuals such
that A is to the left of B, B is to the left of C, and so on, while
in the control example (Fig. 1b) think of individuals A, B, C,
and D as sitting at a round table where we are informed who
is to the immediate left of whom; then, for each problem,
we are asked whether B is to the left or the right of D. Of
course for our control, Fig. 1b, there is no right answer.



a. Transitive Inference
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Figure 1. The two problem sets showing the
input pairs (e.g., A+B-). Correct and incorrect
stimuli are represented as + and - respec-
tively. In both transitive inference (a.) and
non-transitive inference (b.), the test input is
the novel pair BD. For transitive inference B
is the right answer, but there is no logically
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correct answer for the BD pair in the non-
transitive inference situation.

a. Simplified Hippocampal Model
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Figure 2. The Model. a. In the model the input
layer is a combination of the entorhinal cortex
and dentate gyrus. Accompanying this feed-
forward excitation is a proportional feedfor-
ward inhibition. The strong excitation of the
network results from the recurrent connec-
tions, which is also accompanied by a feed-
back inhibition. The output of the network
is the state of the excitatory CA3 cells them-
selves, and this is decoded by a simple co-
sine comparison. b. The recurrent excitatory
synapses are sparse and randomly placed.



3. The Network

The hippocampal model is essentially a model of region
CA3 (Fig. 2). The input layer corresponds to a combina-
tion of the entorhinal cortex and dentate gyrus. To make
the system’s operation as transparent as possible, decoding
is performed by similarity comparisons rather than a CA1-
subiculum-entorhinal decoding system. The CA3 model is
a sparsely (10%) interconnected feedback network of 512
neurons where all direct connections are excitatory and the
network elements are McCulloch-Pitts neurons. There is
an interneuron mediating feedforward inhibition, and one
mediating feedback inhibition. Inhibition is of the divisive
form, but the system is not purely competitive because of
a slight delay. Synaptic modification develops over train-
ing. The process controlling synaptic modification is a local,
self-adaptive postsynaptic rule that includes both potentia-
tion and depression aspects (Levy and Steward 1979; Levy
1982). The network computations are all local and are con-
tained in three equations: spatial summation adjusted by
inhibition; threshold to fire or not; and local Hebbian synap-
tic modification (see Levy and Wu 1996, Wu et al., 1996 for
details).

4. Results

In studying transitive inference we use the same network
that learned transverse patterning (Levyetal., 1996), and we
construct a similar set of input codings. Thus, the inputs are
sequences of stimulus, response, and reinforcement. In this
case, however, a staged learning procedure is employed, as
in the experiments of Dusek and Eichenbaum (1996). That
is, there are five phases of training. Phase 1 consisted of the
presentation of 10 trials of each pair in serial (i.e., ten trials
of A+B- followed by ten trials of B+C-, then ten trials of
C+D- and ten trials of D+E-). While in Phases 2,3 and 4,
trials were presented in blocks of 5, 3 and 1 trial respectively.
The last phase of training is just random pair presentation of
the four premise pairs.

To test the reconfiguration capabilities of an animal or a
network model, novel pairings are presented. In particular,
BD and AE are represented (Dusek and Eichenbaum 1996).
Fig. 3 shows a comparison between experimental results of
Dusek and Eichenbaum (1996) and our network simulation
results. The BD comparison rather than the AE comparison
is critical here because the AE comparison is not affected
by the hippocampal inactivating lesions (Dusek and Eichen-
baum 1996). From Fig. 3, one can see that B is the typically
chosen answer (percent correct about 80%) for the BD trial
(which is not presented during learning). Likewise, A is the
typical answer for the AE trial.
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Figure 3. A comparison between experimen-
tal results and simulations of the transitive in-
ference problem. The open rectangles are the
experimental results of Dusek and Eichen-
baum (1996). The filled rectangles are the
simulation results. Note that, as in the rat
experiment, the model performs significantly
above chance on the BD comparison. Error
bars represent the standard error of the mean
over 30 simulations. Dashed lines represent
chance performance level.
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Figure 4. Simulations of the non-transitive
inference problem. Note that, the network



randomly chooses B or D without notice-
able preference on the BD comparison. Error
bars represent the standard error of the mean
over 30 simulations. Dashed lines represent
chance performance level.

Finally, turning the transitive inference problem into a
nonlinear problem (Fig. 1b), which is essentially unsolvable,
leads to the network failing to make consistent responses
(as it should fail to do) on the BD comparison. That is, the
learning set now consists of AB, BC, CD, and DA, where
in the (DA) pairing, D is the correct answer (+) and A is the
incorrect answer (-). In this case the network’s responses
seem logical to the BD test pairing. Specifically, the network
randomly chooses B or D without any noticeable preferences
(percent correct about 50%, see Fig. 4). Likewise, there
is no preference over A and C (Fig. 4). (Randomization
derives from the random initialization activity, an initialized
procedure used throughout all simulations.) As yet there are
no experimental results for comparison.

5. Discussion

By turning configural problems into sequence predic-
tion/goal finding problems (Levy et al. 1995, Wu and
Levy 1996), we have shown that a sequence learning neural
network model of hippocampal region CA3 has configural
learning abilities similar to humans and rats. Such results
strengthen the validity of this model as the essence of hip-
pocampal computations. Additional results indicate the crit-
ical nature of the codes the network constructs. Indeed, just
by looking at the learned firing patterns, we can predict if
the network will succeed or fail when tested. Specifically,
when BD evokes enough (~ 12%) C neuronal firings, the
B answer is selected. Finally, the fact that such a minimal
network model appears to have logical abilities might en-
courage psychologists to consider neural network models of
buman cognition in place of higher level models.
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