
Abstract 
 
We start with a statistical formulation of Helmholtz’s ideas about neural energy to furnish a 
model of perceptual inference and learning that can explain a remarkable range of 
neurobiological facts.  Using constructs from statistical physics it can be shown that the 
problems of inferring what cause our sensory inputs and learning causal regularities in the 
sensorium can be resolved using exactly the same principles.  Furthermore, inference and 
learning can proceed in a biologically plausible fashion.  The ensuing scheme rests on 
Empirical Bayes and hierarchical models of how sensory information is generated.  The use of 
hierarchical models enables the brain to construct prior expectations in a dynamic and 
context-sensitive fashion.  This scheme provides a principled way to understand many 
aspects of the brain’s organization and responses. 

Perceptual inference and learning 
 

Collège de France 2008 
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Empirical Bayes and hierarchical models 
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A brain imaging experiment with sparse visual stimuli 
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Synthetic song-birds 

Syrinx 

Neuronal hierarchy  
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Henson et al 2000 

Repetition suppression and the MMN 

The MMN is an enhanced negativity seen in 
response to any change (deviant) compared to the 
standard response.  
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Summary 

 
 A free energy principle can account for several aspects of action and perception 

 
 The architecture of cortical systems speak to hierarchical generative models 

 
 Estimation of hierarchical dynamic models corresponds to a generalised deconvolution of inputs to 

disclose their causes 
 

 This deconvolution can be implemented in a neuronally plausible fashion by constructing a dynamic 
system that self-organises when exposed to inputs to suppress its free energy 
 

 Minimisation of free energy proceeds over many spaces, including the state of a model (perception), 
its parameters (learning), its hyperparameters (salience and attention) and the model itself (selection 
in somatic or evolutionary time). 
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