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Introduction
In rule-plus-exception category learning, the learner must both generalize to understand the 
category rule and rapidly form distinct representations of exceptions.

Though exceptions are thought to be uniquely represented in memory,1 they may affect the 
learning of rule-followers.2,3 Here we used modelling simulations to explore how exception 
introduction impacts existing representations of rule-following items.

We predicted that introducing exceptions would impact existing category representations, 
and that rule-followers that were similar to exceptions would be impacted more than rule-
followers that were dissimilar to exceptions.

Do category exceptions impact the nature of rule-
following items? And, is this impact a function of 
similarity? 

Modelling Simulations
We used the existing C-HORSE model of 
hippocampus, which captures hippocampal subfields 
and white matter connections.4,5

Why hippocampus? Past work has highlighted its role 
in rule-plus-exception learning,e.g.,1,6,7 and the present 
model accounts for behavioural category learning 
results.3

The model was exposed to stimuli (coded as binary-
valued vectors) that varied across two category-
relevant and one category irrelevant dimension.3,8

Subfield representations of rule-followers was 
recorded before (test 1) and after (test 2) exception 
introduction.

Shift was formalized as the difference between a 
stimulus’s representation before and after exception 
exposure, calculated using cosine similarity.

Exceptions shift rule-follower representations in a 
similarity-dependent manner
In CA3 and DG subfields, shift was significantly greater for items similar to exceptions compared 
to items dissimilar to exceptions. The same trend was apparent in CA1. 

Conclusions
Modelling results indicate that the introduction of exceptions impacts rule-follower 
representation. Rule-followers similar to exceptions experienced greater shift than those 
dissimilar to exceptions, suggesting that the influence of exceptions on category structure is 
coded in a task-specific manner. 

Similarity along conceptually relevant dimensions better predicted shift than similarity that 
included conceptually irrelevant dimensions, providing further computational evidence of 
hippocampal encoding of category information. 

These findings shed light on how we may accommodate new information at the potential 
expense of what we have already learned and provides a foundation for future neuroimaging 
studies.
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Category-relevant similarity predicts shift better 
than feature-based similarity
As past work has indicated that hippocampus maps conceptually relevant, but not irrelevant, 
features,6,9 we explored how well concept- and feature-based similarity predicted shift. 

AIC comparisons of model fits indicated that similarity computed using category-relevant 
features was a better predictor of shift than distance that also included category-irrelevant
features.
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