
ABSTRACT: My treatment of critical gaps in models of probabilistic inference will focus on the potential of unified 

theories to “close the gaps” between probabilistic models of perception and evidence accumulation - and how these 

models can be understood in terms of embodied inference and action.  Formally speaking, models of motor control 

and choice behaviour can be cast in terms of (active) probabilistic inference; however, there are two key outstanding 

issues.  Both pertain to the implementation of active inference in the brain.  The first speaks to the distinction between 

discrete and continuous state-space models – and the requisite message passing schemes (e.g., variational Bayes 

versus predictive coding).  The second key distinction is between mean field descriptions in terms of population 

dynamics (i.e., sufficient statistics) and their microscopic implementation in terms of spiking neurons (i.e., sampling 

approaches to probabilistic inference).  These are potentially important issues that constrain the interpretation of 

empirical data – and how these data can be used to adjudicate among different models of the Bayesian brain.   

.  
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Does the brain use continuous or discrete 

state space models? 

 

Does the brain encode beliefs with ensemble 

densities or sufficient statistics? 

 



 

 

 

 

 

 

Does the brain use continuous or discrete 

state-space models? 
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Approximate Bayesian inference for 

continuous states: Bayesian filtering 
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“Objects are always imagined as being present in the field of 

vision as would have to be there in order to produce the same 

impression on the nervous mechanism” - von Helmholtz  

Richard Gregory Hermann von Helmholtz  

Impressions on the Markov blanket… 
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Bayesian filtering and predictive coding 
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What does Bayesian filtering explain? 
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What does Bayesian filtering explain? 
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Specify a deep (hierarchical) generative model 

 

Simulate approximate (active) Bayesian inference by solving: 
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An example: Visual searches and saccades 
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Is Bayesian filtering the only process theory for 

approximate Bayesian inference in the brain? 

 
What about state space models? 
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Full priors 

– control states 

Empirical priors – hidden states 

Likelihood 
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Generative models 
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Variational updates 
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What does believe updating explain? 
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Specify a deep (hierarchical) generative model 

 

Simulate approximate (active) Bayesian inference by solving: 
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Does the brain use continuous or discrete 

state space models or both? 

 

Does the brain encode beliefs with ensemble 

densities or sufficient statistics? 
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state space models or both? 
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Does the brain use continuous or discrete 

state space models or both? 

 

Does the brain encode beliefs with ensemble 

densities or sufficient statistics? 
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Taking the expectation of the ensemble dynamics, under the Laplace 

assumption,we get: 

 

 

 

 

 

This can be regarded as a gradient ascent in a frame of reference that 

moves along the trajectory encoded in generalised coordinates. The 

stationary solution, in this moving frame of reference, maximises 

variational action by the Fundamental lemma. 

 

 

 

 

c.f., Hamilton's principle of stationary action. 
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From ensemble coding to predictive coding (Bayesian filtering) 
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Deconvolution with variational filtering 

(SDE) – free-form 
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Does the brain use continuous or discrete 

state space models or both? 

 

Does the brain encode beliefs with ensemble 

densities or sufficient statistics or both? 
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An approximate description of 

(nearly) exact Bayesian inference 

A (nearly) exact description of 

approximate Bayesian inference or 

In other words, do we have: 
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