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Figure 7. Expected maximal probabilities for single-cue probes. The left panels show the Kalman filter, and the right
panels show the noisy-logic gate. The upper section shows the probabilities after backward blocking, the middle section
after blocking and reduced overshadowing, and the lower section after ambiguous-cue training.

Bayesian approaches do not necessarily supersede
the insights of traditional models; instead, they can ex-
tend traditional models. Just as the Kalman filter can be
thought of as a Bayesification of the Rescorla—Wagner
model, other traditional models can also be Bayesified. A
Bayesified version of a traditional model will not neces-

sarily behave in the same way as the traditional model; the
Kalman filter, for instance, does not behave in the same
way as the Rescorla—Wagner model. But the Bayesified
version may fruitfully retain some of the critical repre-
sentational insights that the traditional model embodies.
For example, the configural model of Pearce (1994) can
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easily be made into a Bayesian model, with two modi-
fications that are analogous to the Bayesification of the
Rescorla—Wagner model. First, the outcome activation
must be made probabilistic instead of deterministic. This
can be done by, for example, making the anticipated out-
come normally distributed, as in Equation 4. Second,
the space of all associative weight combinations must be
entertained, with a degree of belief for each weight com-
bination. This might be done in the same way as for the
Kalman filter, with a normal prior, as in Equation 5. In
fact, as long as all of the configural nodes in the model
are established from the start of learning, the Bayesified
configural model is a Kalman filter model for which the
inputs are the configural node activations. As another ex-
ample, the context-sensitive elemental model of Wagner
(2003) could be Bayesified. The Bayesification would
proceed with the same steps as for the configural model;
all that would differ would be the coding of the inputs.
It remains for future research to determine whether the
learning behavior of the Bayesified models would retain
the advantages of the original models while encompass-
ing new abilities.

As an example of a traditional model that might be
Bayesified within a hierarchical framework, consider the
model of generalization after discrimination learning pro-
posed by Spence (1937). The learner experiences two cue
values on a stimulus continuum, simultaneously and side
by side. Suppose that the continuum is size, and that the
stimulus of size 256 is consistently reinforced and the one
of size 160 is not. The question is whether the learner has
learned about the specific stimulus sizes or has instead
learned the relation that larger stimuli are reinforced. If
learners acquire the relation, then if they are tested with
a novel pair comprising sizes 409 and 256, they should
prefer the larger rather than the smaller stimulus, despite
the fact that the smaller one (i.e., 256) was always rein-
forced during training. Spence (1937) demonstrated that
this apparent transposition of response could instead be
explained by stimulus-specific learning, if the excitatory
generalization from the reinforced stimulus was broader
and stronger than inhibitory generalization from the non-
reinforced stimulus. On the other hand, it is obvious that
adult humans can learn the fully relational generalization.
(Spence [e.g., 1956] was careful, however, not to make
claims that his theories applied directly to humans.) A
hierarchical Bayesian approach to this issue could have
both types of representation—stimulus-specific and rela-
tional—available to the learner. As the learner experiences
the stimuli, beliefs regarding specific cue values are up-
dated, as are beliefs regarding candidate relations among
the cue values.

Notice that an active learner would have no problem
discerning whether specific stimuli or relative stimuli
were reinforced. The learner would simply select stimu-
lus pairs that would be maximally informative for reduc-
ing uncertainty about the alternative hypotheses. Indeed,
one avenue for future research is to investigate relational
learning in an active-learning paradigm.

The future of associative learning theory will likely
be written in more generalized models in the Bayesian

framework. Traditional theories emphasized simple asso-
ciative weights between cues and outcomes. Connection-
ist models continued with this commitment to weighted
associations but considered more complex connective
architectures. Contemporary and future theories will use
a variety of more complex representations to capture a
learner’s knowledge. These representations will them-
selves be learned according to selection from a hierarchy
of possibilities dictated by the theories brought to bear by
the learner. The new Bayesian framework demands that
a theorist be explicit about what representational options
are available to the learner and at just what level of analy-
sis the Bayesian learning is assumed to take place.

The Bayesian framework provides a natural launching
pad for exploring active learning. Active learners manipu-
late and intervene in their world. Future research in asso-
ciative learning will investigate active learners, including
the costs of information gathering and the benefits of the
information learned. As active researchers, we learn about
the mind by probing it with experiments that are not too
costly, but that we expect to yield results that will strongly
influence our beliefs about different theories.
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NOTE

1. It turns out that the scale of the uncertainty depends on the arbitrary
number of grid points into which the weight space is divided. To reduce
the magnitude of this arbitrary influence, the uncertainty values reported
in the figures were normalized by dividing by —2X 1/K - log(1/K), where
K is the number of grid points.
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