On the adaptive fitness of the Bayesian Brain
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The “bayesian brain” hypothesis
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v’ Cerebral information processing was optimized through natural
selection

v’ Cerebral information processing (i) is optimal on average, but
(ii) can induce systematic biases
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Overview of the talk

v’ Optimality principles and Bayesian decision theory



Optimality principles

Are optimality principles amenable to mathematical modelling?

v'Information theory:
» describes optimal propagation of information/uncertainty
= relies on probability calculus (Bayes’ rule)
" models of perception, memory and learning

v'Decision theory:
= describes optimal use of information for action
= relies on utility/loss functions
* models of decision making and motor control

v'Bayesian Decision Theory = information theory + decision theory



Optimality principles

Marr’s tri-level description of cognitive processes

v’ Computational level:
= what problem does the system solve?
»" why does it solve this problem?
BDT

v’ Algorithmic/representational level:
" how does the system do what it does?
= what representations does it use and what processes does it
employ to build and manipulate the representations?

neural

: code
v Implementational level:

" how is the system physically realized?
= what neurobiological mechanisms implement the algorithmic
level?
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v’ What is optimal about perception?



What is optimal about perception?

precision-weighted multisensory integration
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What is optimal about perception?

can visual illusions reveal the priors of the visual system?
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What is optimal about perception?

does the visual system use priors that capture natural scenes’ statistics?
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v’ Motor control and the corollary discharge



Motor control and the corollary discharge

movement planning under risk
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Motor control and the corollary discharge

an internal model for sensorimotor integration?
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Motor control and the corollary discharge

is there a prediction error signal in the brain?
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v’ Neural code efficiency and predictive coding



Neural code efficiency and predictive coding

extra-classical receptive field effects
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Neural code efficiency and predictive coding

can input correlations be exploited to minimize redundancy in the neural code?
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Neural code efficiency and predictive coding

the emergence of functional segregation
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Overview of the talk

v’ Discussion



Conclusion

v’ Bayesian brain = specialized, precise, efficient, flexible...
= optimality = stigma of an important (computational) problem

= optimality is only guaranteed on average

v' What about “higher-level” cognitive functions?
= attention (allocation of limited processing resources)
= motivation (decision biases)

® consciousness

v' Questions?



