Experimental validation of the Free-Energy
Principle with In vitro neural networks
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Figure 1

b Equivalence between canonical neural networks and variational Bayes
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Figure 1

e Procedure for reverse enginearing of generative models
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Figure 2
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Figure 2

c Emergence of response preference d Difference

at session 100
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Figure 2

Simulated Bayesian inference of hidden source 1
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Figure 2

g Emergence of source 1-preferring responses in in vilro neurons
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Figure 3

b Empirically estimated synaptic connectivity Thearetically predicted synaptic connectivity
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Figure 3

Reconstrucled generative maodel
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Figure 3
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Figure 3

k Synapltic trajectories on various free energies | Variational free energy reduction
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Disscussion
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Disscussion
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Disscussion
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