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Detecting motion coherence

estimation prediction

p(It|xt,Vt) p(xt,Vt|I0:t)

p(xt,Vt|I0:t-dt)



Detecting motion coherence
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Motion extrapolation
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Motion extrapolation
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Neuromorphic hardware

Published in: Kaplan, Lansner, Masson and
Perrinet “Anisotropic connectivity implements
motion-based prediction in a spiking neural
network”, Front Comput Neurosci 2013



PyNN: A common language for SNNs
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The Free-energy principle

Nature Reviews | Neuroscience

v
(i) = D v

(i) (i)(i)− ∂v
T (i + 1)− v

ij
 = −

ij
T

a = − a
T

Infomax and the redundancy
minimization principle

Maximization of the mutual 
information between sensations 
and representations

Probabilistic neuronal coding

Encoding a recognition density 
in terms of conditional 
expectations and uncertainty

The Bayesian brain hypothesis

Minimizing the difference between a 
recognition density and the conditional 
density on sensory causes

Computational motor control

Minimization of sensory 
prediction errors

Predictive coding and hierarchical inference

Minimization of prediction error 
with recurrent message passing

Perceptual learning and memory

Optimization of synaptic efficacy 
to represent causal structure 
in the sensorium

Associative plasticity

Optimization of synaptic efficacy

Optimal control and value learning

Optimization of a free-energy 
bound on surprise or value

Model selection and evolution

The free-energy principle

Optimizing the agent’s model and 
priors through neurodevelopment 
and natural selection

Minimization of the free energy of 
sensations and the representation 
of their causes

Attention and biased competition

Optimization of synaptic gain 
representing the precision 
(salience) of predictions

m = arg min dtF

a, , m = arg min F (s~,  | m)

a,  = arg max V (s~ | m)

 = arg max {I (s~,  ) − H( )}

 = arg min dtF

 = arg min dtF

 = arg min DKL(q( ) || (p(  | s~))

q(  ) = N ( , )

predictions) or action (so as to change the sensations 
that are predicted). Crucially, these predictions depend 
on prior expectations (that furnish policies), which 
are optimized at different (somatic and evolutionary) 
timescales and define what is valuable.

What does the free-energy principle portend for the 
future? If its main contribution is to integrate estab-
lished theories, then the answer is probably ‘not a lot’. 
Conversely, it may provide a framework in which cur-
rent debates could be resolved, for example whether 
dopamine encodes reward prediction error or sur-
prise126,127 — this is particularly important for under-
standing conditions like addiction, Parkinson’s disease 
and schizophrenia. Indeed, the free-energy formulation 
has already been used to explain the positive symptoms 
of schizophrenia in terms of false inference128. The free-
energy formulation could also provide new approaches 

Figure 4 | The free-energy principle and other theories. Some of the theoretical constructs considered in this Review 
and how they relate to the free-energy principle (centre). The variables are described in BOXES 1,2 and a full explanation 
of the equations can be found in the Supplementary information S1–S4 (boxes).

to old problems that might call for a reappraisal of  
conventional notions, particularly in reinforcement 
learning and motor control.

If the arguments underlying the free-energy principle  
hold, then the real challenge is to understand how it 
manifests in the brain. This speaks to a greater appre-
ciation of hierarchical message passing41, the func-
tional role of specific neurons and microcircuits and 
the dynamics they support (for example, what is the 
relationship between predictive coding, attention 
and dynamic co ordination in the brain?129). Beyond  
neuroscience, many exciting applications in engineering, 
robotics, embodied cognition and evolutionary biology 
suggest themselves; although fanciful, it is not difficult to 
imagine building little free-energy machines that garner 
and model sensory information (like our children) to 
maximize the evidence for their own existence.
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The Free-energy principle
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Active inference, eye movements & oculomotor delays

agent environment 

    s = g(ψ ,a)+ω

   
a = argmin

a
F( s, µ)

   
µ = argmin

µ
F( s, µ)     ψ = f (ψ ,a)+ω
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Sensory input and predictions 
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Motion-based anticipation
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Motion-based anticipation

This work has been accepted for presentation at the International Joint Conference on Neural
Networks 2014:
“Signature of an anticipatory response in area V1 as modeled by a probabilistic model and a
spiking neural network” B. Kaplan∗ M. Khoei∗ A. Lansner L. Perrinet (∗ BK & MK contributed
equally)
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