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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 

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-
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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.



Active Bayesian Associative Learning        225

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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